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ABSTRACT

This thesis comprises a study of the ability of mathematical
conceptual models to simulate the hydrological response of semi-arid
calchments to rainfall. Some of the conceptual rainfall-runoff models
typically used by water resources engineers in South Africa and
specific problems related to the apglication of such models in the
semi-arid environnent form the focal points of the research. For this
purpose a set of seven conceptual modeis of differing complexity and
with different requirements in respect of time resolution of input
data was selected. The set of models consisted of three models
developed at the Hydrological Research Unit, University of the
Witwatersrand, Johannesburg, three models developed at the
Hydrological Research Unit, Department of Geography, Rhodes
University, Grahamstown and the Stanford Waiershed Hodel. The data
S set used in the study was derived from three well-instrumented semi-

R

arid research catchments {the "Ecca River catchments”) in the Eastern }
Cape.

" The suitability of the Ecca River data base for rainfail-runoff
modelling research was investigated and a simple error analysis
revealed ways in which hydrometeorological data thought be suitable
for research purposes could be contaminated with sizable errors., The
effects of typical input data errors on model output were explored by
employment of the Stanford Hodel.

Various aspects »f the use of au‘omatic optimization routines for
the estimation of model parameters, known as model calisration, were
. studied. A satisfactory calibration procedure based on the Rosenbrock
algarithm was devised.

The effect of the choice of calibration data sample on the
reliability of estimated model parameters was investigated by means of
six years of concurrent rainfall and runoff records that are available
for the Ecca River catchments, ¢s well as by means of a 10l-year
synthetic fiow series generated by the Stanford Model. For the
generation of the syntheiic flows a long rainfall record that is
typical of the semi-arid enviroment in the Fastern Cape was used, The
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results suggest that for the adequate calibration of both menthly-
input and daily-input models in semi-arid catchments a calibratien
period Jength well in excess of ten years is required. Vast
improvements in the ability of the models to accurately reproduce
Yong-tem characteristics of streamflow can be effected by expanding a
calibration sample from, say, a seven-year record to a fifteen-year
record.

An investigation into adeguate levels of complexity of model
structure and of medel ynput requirements took the form of an
intercamparison of the performance of the saven selected models. Four
different performance tests were executed in which the ability of the
models to reprodyce the monthly and daily flow series in the Ecca
River catchments was measured by a varied set of statistical criteria
commonly used in water resources engineering. The resuits indicate
that increased complexity of model input requirements does not
necessarily lead to improved accuracy of estimation of monthly or
daily flow totals. Some evidence was found of a correspondence
between superiority of model performance and higher structural
conpiexity of the models in the hourly and daily input categories. A
minimum level of model complexity is indicated for the generation of
daily and monthly flow series of acceptable accuracy.

The feasibility of estimating sireamflows in catchments for which
no flow records exist by transferring model parameter values from
gauged catchments with similar physice) characteristics was studied in
the following way. For each model and for each of two of the Ecca
River catchments model parameters estimated in the one catchment were
used to generate flow series in the remaining two catchments.
Deterioration of the values of the statistical performance criteria as
compavred with the original model calibrations in each catchment
signified the degree of success achievad with each parameter transfer
operation. 1In general, parameter transfer between twdp of the
catchments was successful but between these two and the third produced
poor results. These results can be explained by subtle, but
measurable, differences in catchment characteristics, No evidence was
found that either increased structural complexity or more complex
input recuirements of the models corresponded with superior
transferability of parameter values.
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(iv)

Conceptual modelling emerges as an approach that is viable for
semi-arid water resources studies but which resuires carefui and,
often, subtle a priori decisien-making with respect to a number of
factors. The most important among the factors are the choice of
calibration sample and parameter estimation procedure, the time
resolution of model output required by the application in mind which
in turn dictates the time resolution of input data, the highest Tevel
of mode] complexity that can be accommodated and, last but not leas®,
the desiyed level of accuracy of the generated flow series.




(vi)

"Let us at Teast woik towards a
situatisn where the trans-scientific
Judgements which practical
hydrologisis are forced to make are
informed and sustained by a truly
scientific hydrology: a sceptical
science with a coherent intellectua)
content fimmly based on the real
phentmena.”

Philip {1975, p.29)
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CHAPTER 1
GENERAL _FRAMEMGRK
1.1 INTRODUCTION

South Africa relies almost exclusively on surface water resources
for all major water supplies for urban, industrial and irrigation
development. Exploitable groundwater resources are limited and play
only a small role in natioral or regional water resources planning. It
is now generally accepted that only about 60 percent of South Africa’s
mean annual runoff of 54.10%3 can be exploited by means of storage.
However, the distribution of exploitable resources does not coenform
favourably to the distribution of water demands (Van der Riet, 1980).
Water supply planners currently accept a time horizon of less than 25
years for the maximum exploitation of local surface water resources in
some parts of the country {Hobbs, 1980}, Currently, large-scale water
resource planning, development and management present an uneguailed
challenge to South African water resources engineers and hydrolegists.

During the planning phase of a project water resources engineers
are faced with three basic needs:
(i) a need to extend or "patch" inadequate streamflow records,

{i1) a need to estimate streamflows in ungauged catchments,

(i11) a need to predict the long-term effects on water suppiies of
man-induced changes to a catchment.

During the water resource development and management phases two
additicnal needs may arise:

(iv} a need to Forecast the short-term response of a catchment to
fiood-producing rainstorms for the purposes of possible
flood control or urban stormater management,

(v} a need to forecast the quantitative and qualitative
effects on streamflow of human mani; rlation of the river
system, such as reservior releases, irrigation diversions
and point ef fluent releases.

1t is accepted practice that appraisal of the water resources of
a particular river system, i.e. identifying river flow characteristics




and establishing relationships between reservoir capacity and yield,
requires a long unbroken hydrograph representative of the complete
flow regime of the river. Usually, these requirements imply a record
length of 50 years or more. Unfortunately, long flow records are
generally scarce and many records, affected by land-use changes, do
not represent stationary time series.

In order to overcome these data problems and to meet the five
basic needs outlined earlier, water resources engineers often have to
resort to various forms of mathematical simulation or modetling of the
hydrological response of catchments. Some of the models typically
used by water resources engineers in South Africa and specific
problems related to the use of such models form the focal points of
the research reported in this thesis.

1.2 CONCEPTS AND DEFINITICNS

Models used in water resources engineering for the generation of
streamflow {quantity and quality) can be broadly classified into two
categories: statistical/stochastic or physical/deterministic. The
statistical/stochastic approach recognizes the chance-dependence of
hydrological processes while the physical/deterministic approach
regards these processes as being chance-independent. Each of these
categories can be subdivided into many classes of modeis. Hydrologists
such as Clarke (1973 a,b} and Fleming {1975) have propcsed more or
less rigorous classification schemes in an attempt to bring order to
the terminology used in the modelling field.

This thesis s concerned with a type of model generally known as
conceptual rainfall-runoff models {conceptual catchment models), which
falls in the physical/deterministic category. The conceptual models
under consideration are of the "explicit moisture accounting” variety,
one of three sub-classes of conceptual models defined in an
international model intercomparison study by the World Meteorological
Organization {WMO, 1975). In conceptual modelling the catchment is
represented by one or more moisture storages through which rainfail
inputs are routed by a process of moisture accounting, eventually to
produce streamflow outputs. The storage sizes, the transfer of




moisture between storages and the exit of moisture as sireamfiow or
evapotranspiration are all defined by mathematical relationships. The
structures of the mathematical relatfonships are usually assumed to be
constant for all catchments, but certain coefficients of these
relationships, known as model parameters, are allowed to vary from
catchment to catchment. The mathematical relationships are commonty
devised in such a way that they describe {mostly empirically) the main
processes known to occur in the land phase of the hydrological cycle.
In this way, it is hoped, the model parameters can be expacted to have
physical meaning in terms of measurable catchment characteristics.

The procedure by which parameter values are determined for a
specific catchment is known as the calibration of a model. Sometimes,
certain model parameters can be derived by field ebservation of
catchment processes; however, it is common practice o determine most
parameter values by 2 trial-and-error procedure based on the
correspondence between observed and simulated streamflows. If only
one "average" set of parameters is specified for a whole catchment,
the model concerned is known as a lumped-parameter model.
Alternatively, the expression of the spatial variability common to all
catchments in the form oi Jifferent sets of parameters for different
segnents of a catchment is known as a distributed-parameter approach.
This study is concerned specifically with the Tumped-parameter
conceptual modelling apgroach.

Conceptual models can be designed for either specific purpose or
general purpose operation. Specific purpose models are developed to
provide the highest Tevel of simulation for those processes that are
regarded as being important for the specific appiication of the model.
Flood forecasting or tow fiow analysis models are typical exampies in
this category. Conceptual components unimportant to the speci®i:

purpose of the model are usually omitted from the model structure.
General purpose models incorporate most of the flow components
recognized in the land phase of the hydrologfcal cycle and are often
complex in structure. Such general models, in more or less complex
form, have the potential to fulfill all five the needs of water
vesources engineers outlined in section 1.1 - given that certain
minimum data requiraments can be met.




1.3 CHANGING PERSPECTIVES ON CONCEPTUAL MODELLING

At the beginning of the seventies the "first generation" of
conceptual rainfall-runoff models (Dawdy and 0'Donnell, 1965; Crawford
and Linsley, 1966} had been in use for about five years. At this
point Nash and Sutcliffe (1970) described the central philosophy of
conceptual modelling most succinctly: ™ The fact that a basin is not
a random assembly of different parts, but a geomorphological system
whose parts are related to each other by a long common history,
encourages the hope that simplified concepts may be found adequate to
describe the operation of the basin in converting rainfall to runoff.
If in addition the relation between this operation and the physical
features of the catchment can be recognised, the operation of even an
ungauged catchment might be forecast from a study of these features".
The Hash-Sutciiffe definitiun touched in a subtle way un the potential
strengths and weaknesses of conceptual modelling, both of which,
paradoxically, could be associated with the “hope" that simplified
conceptualizations would provide adequate catchment modelis. Much of
the hydrologica) literature of the ensuing decade concerns research
into consolidatien of the strengths and amelioration of the
shortcomings implied ahove, Many aspects of this research are
discussed and analysed, with ample referencing, in Chapters 5 and 6 of
this thesis. At this juncture it may be appropriate to sketch the
general perspectives on conceptual modelling existing at the end of
the seventfes { when this investigatfon was started}.

By the end of the decade it was already clear that conceptual
rainfall-runoff madelling had become a standard tool of non-specialist
water resources engineering to a much greater extent than any
statistical/stochastic technique. The "common sense" structure of the
average conceptual model made the technique highly accessible to
engineers and allowed them to develop a “feel" for operation of the
models. Furthermore, engoing research in dev2loping countries such as
South Africa and Australia, where hydrometeoroiegical gauging networks
have been relatively sparse until recent years, revealed that simpler
models commensurate with the leve} of available input data could yield




results comparabie with these of more complex models.

One of the dominant trends of the seventies concerns the last-
wentioned point, i.e. 2 movement away from modelling the maximum
number of physical processes. As Garrick, Cunnane and Nash (1978}
have pointed out: "Experience in the current decade has indicated that
it is surprisingly easy to develop simple conceptual models which,
when sujtable values of the parameters are chosen, can reasonably well
simulate the rainfall-discharge relationship in a given catchment. Cne
consequence of this experience s to bring in question the utility of
the more etaborate models which seek to represent explicitly each of
the several parts and paths of the earthbound portion of the
hydroiegical cycle”. Researchers working with the more complex
general purpose models sometimes found that such modeis were "over-
determined", i.e. that the models had too many parameters, resulting
in some parameters "absorbing" errors in the input data. Such wodeis
performed poorty when verified on data not used during the calibration
process.

An area in which perspectives on conceptual modelling changed
drastically during the seventies is that of the physical meaning of
model parameters. As the Nash and Sutciiffe (1970) quotation at the
head of this section reveals, it was initially expected that
reasonable relationships between parameter values and measurable
catchment characteristics would be forthcoming. In such a situation
model parameters could be obtained with a high Tevel of confidence
from field cbservation. Model application to ungauged catchments as
well as reliable estimation of the effects on streamflow of land-use
chanjes {by suitable changes to physically-realistic parameters) were
two of the expected benefits of parameter/catchment characteristic
relationships. However, in many cases clear relationships between
model parameter values and measurable catchment characteristics could
not be established, giving vrise to a degree of disiliusfonment in
complex models purported to possess a high level of correspondence
between model compruents and a3) physical catchment processes. A key
aspect of this proklem was the fact that it was often impossible to
determine unique parameter sets for specific catchments and that very
different sets of parameter values could produce comparable outputs.




The reasons for this "failure” of conceptual modelling are explored in
depth in Chapters § and 6.

The general disillusionment caused by the lack of success of
reliable parameter estimation from physical features of a catchment
placed the ungauged catchment “problem" in a new light. The only
alternative way to derive parameter values for an ungauged catchment
is by direct transfer of the values derived through calibration of &
model on a gauged catchment which is hydrolegically as similar as
possible to the ungaiged one. This parameter transfer technique was
first recommended by the developers of the classic Stanford Watershed
Model {Crawford and Linsley, 1966}, but seemed by the early seventies
to have fallen into disrepute among specialist hydrologists. The
accent on the need for physicaliy-realistic parameter values, combined
with a great upsurge in the development of models based on
partial/variable source area theories of runoff gensration {Kirkby,
1978}, resulted in a lack of systematic research on parameter transfer
possibilities. Nevertheless, practising engineers, accustomed to
traditional hydrological techniques based on regionalization of
statistical relationships among hydrological variables, continued to
use rarameter transfer to good effect. In fact, in South Africa the
technique acquired so much respectabiiity in engineering circles that
parameter transfer became one of the cornerstones of a national survey
of water resources in which application of a conceptual rainfali-
runoff model, developed by Pitman (1973), played a key role
{Hydrological Research Unit, 1981-1982}.

During the seventies a start was made with using Jumped-parameter
conceptual rainfall-runoff models as the "carriers" of water quality
sub-medets. In South Africa this approach was shown to be useful for
planning purposes at a macro-scale (Hall and GBrgens, 1979) or in
catchments where poeint or man-made sources of water quality
constituents dominate the natural production of the catchment (Herold,
1981}, As a forecasting iechnique, however, this use of conceptual
models has made Jess of an fmpac. generally. A1l the shortcomings of
the basic rainfail-runoff model are of course also incorporated in the
combined “piggy-back" water quality medel: the jack of physical
meaning of pavameters, the problem of deriving representative and
unique model parameters , and the uncertainties involved in parameter
value transfer frowm gauged to ungauged catchments.
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1.4 THE ROLE OF COMPARATIVE STUDIES OF CONCEPTUAL MOOELS

During the past fifteen years a plethora of Jumped-parameter
conceptual rainfall-runoff models have been reported in hydrolegical
literature. This proliferation has been partially a response fo the
ever increasing complexity of modern water resources planning, design
and management, partly a movement with the trend towards less complex
models, and partly a consequence of the increasing availsbility of
high-speed digital computers. The non-specialist engineer or
hydrotogist, needing a model te solve a specific water resources
problem, may find it very difficult to make a judicious choice of a
model suitable to his needs and to the level of available data. Often,
there nust be a temptation tc follow the route of least inconvenience,
namely to choose whatever model is at hand or is easily acquired or
seems reasonably uncomplicated to use, For some time now there has
been a continuing need that more of the available models should be
objectively tested and their performance compared.

By the early seventizs the WMO (i975) recognised thal model
intercomparison studies of fered a solution to the dilemma of model
seiection. Hoping to promote the establishwent of guidelines for
model selection the WMO coordinated an ambitious international
intercomparison of performance of conceptual models used in flood
forecasting, The results of the W study can unfortunately not be
generalized as the models used were all Fairly complex, with short
time interval input data requirements. ODuring the ensuing years a
number of conceptual model istercomparisons have been reported
internationally, the most notabie of which are listed in Table 1.1.




Table 1.1

Notable intercomparisons of conceptual rainfall-rupoff models

Source No. of  No. of Countries Climate
wodels  catchments range
WMD (1975} i0 6 & different wide
countries range
Hoore and Mein (1975) 3 4 Australia wide
range
Naef (1977, 1981) 16 3 Switzerland  similar
climates
Black and Aftken (1977) 2 2 Austratia different
climates
Pitman (1977, 1978) 4 3 South Africa similar
climates
Roberts ({1978} 8 5 South Africa similar
climates
Weeks and Hebbert (1980) § 3 Australia similar
climates
0'Connell and Clarke {1981) 4 1 U.K. -
Hoore and Clarke (1981) 2 4 U.K. wide
range
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To enable a potential user of conceptual rainfall-runoff models
to gain maximum benefit and guidance from a reported intercomparison
oF modals on the same date set, the intercomparison should ideally
meet four maximum requirements:

{i) The complete intercomparison should be executed by persons
other than the developers of the models - to ensure true objectivity
and independence and to give an indication of the effort required to
obtain and transfer knowledge about each of the models.

(i1} The set of models should cover a range of complexities so
that the minimum degree of complexity necessary for any specific model
application can be inferred from the intercomparison.

{111} The qua .ty of the data set used should be of a research
standard 30 that modelling errors do not obscure essential differences
in performance among the respective models.

{iv) The comparison of mouel performance must at least partly be
vased en a verification data set, i.e. representative simultaneous
japub and osutput data series not used in the calibration of the

models.

Obviousty, further requivements can be fermulated, but even
asured by these four requirements only very few reported model
somparisons would meet the jmormation needs of a potential user
rehing, for example, for a reliable but time-efficient model to use
wi-arid water resocurces stu es for which parameter transfers
inta ungauged catchments migh* be a necessity.

The need for research that will lead to the development of
quidelines for the selection of suitable models for specific
applications has been stressed by Dooge (1977): “There is no Vimit to
the number of conceptual models that can be devised. Indeed, a grave
defect {n hydrological research in recent years has been the
proliferation of conceptual models without a corresponding effort to
drvise methods of objectively comparing models and developing criteria
for the best choice of model in a given situation". 1In South Africa
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this need still exists today and it is hoped that the research
reported in this document will contribute towards guidelines for the
model selection process.

1.5 RESEARCH NEEDS IN SOUTH AFRICA

South African research needs in the field of lumped-parameter
conceptual rainfall-runeff modelling can be expressed in terms of four
intervelated factors:

{i} the predominance of climatic conditions in the
semi-arid/near-semi-arid range,

{i1) the need for guidelines for the selection of adequate levels
of conceptual madel complexity for specific applications, using data
from semi-arid regions,

{iii} the need for guidelines for the calibration of conceptual
models in both gauged and ungauged semi-arid catchments,

{iv) the high variability of the guality of the nationmal
hydrometeorological data base.

1.5.1 Hodelling in the semi-arid environment

Over 50 percent of the land surface of South Africs experiences a
climate that can be described as semi-arid or near semi-arid.
Consequently, research into rainfail-runoff modelling in semi-arid
catchments is of great importance to the country. One aspect of the
results of the WMO (1975) model intercomparison project (see Table
1.1} is of special relevance to the last-mentioned point: all seven
moisture accounting models tested performed appreciably worse on the
two semi-arid catchments than on the remaining four humid catchments.
Regarding this finding Chapman {1975} cautions thai “....It should not
be inferred that matters would worsen further with increasing aridity,
as the prediction errors are probably associated with failure to model
the soil water status of the catchment, which can be done with the
Teast error in catchments which are generally wet or generally dry. In
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this regard, the most difficult catchments may well be those where the
precipitation is in the range 30 to 60 percent of the poteatial
evaporation”.

Semi-arid rainfall-runoff modelling research in South Africa has

been reported by Roberts (1978), Hall and G8rgens (1979) and Murray

and Gdrgens (1981). Thaugh important in their own right, for

t various reasons none of these studies has produced definitive results.

There 1s still a rea) need to assess the ability of typical general

purpose conceptual models {in use in South Africa to mode} semi-arid
rainfall-runoff processes.

1.5.2 Model complexily

Pitman (1977, 1978) compared three of his own models of differing
complexity with the Stanford Watershed Model using data from three
temperate catchments near Johannesburs. The Stanford Model and the
most complex Pitman model required hourl. r. “afall inputs, while the
other two models requir:d respectively dxily and menthly rainfall

’ inputs. The outcome of the study was that the two simpier models
produced monthly and annual ocutputs at levels of accuracy comparabie
with those of the two complex models. Pitman concluded that his
monthly model would be as suitable for water resources analysis as any
of the more complax wodels.

The implications of Pitman*s findings are far-reaching. The
choice of a model that is just sufficiently complex in terms of input
and structure to provide results at a level of 2ccuracy that is
adequate for the application in mind would minimize the cost of data
cotlection and the time, effort and computer costs involved in
familiarisation and calibration.

Inevitably the guestion arises as to whether Pitman's (1977,
1978} conclusion regarding model complexity is valid for the semi-arid
environment. Phrased more generally, what is the minimum level of
mode] complexity necessary for acceptable performance in terms of
water resources analysis in semi-arid catchments? Roberts’'s (1978)
investigation addressed this very point (see Table 1.1}. The models




Roberts selected did not include Pitman's three models, but he arrived
at a similar (tentative) conclusion - that simple models can produce
output at a level of accuracy that is competitive with complex models.
Unfortunately, three problems affected the merit of Roberts's
conclusion. Firstly, he used relatively short records {17 months)
which contained few flow events of which only one could be described
as “"sizable". Secondly, it has subsequently been discovered that the
version of the model Roberts used to represent the complex end of his
range of models, the Stanford Watershed Model, contained programming
errors which seriously affected the performance of the model (see
section 4.1.3). Thirdly, it has also been discovered that the flow
records of two of the catchments Roberts included in his study, may
have contained serious errors (see section 2.3.1).

There is another aspect of the model complexity issue which is of
relevance to South Africa. During recent years Pitman's {1973, 1376)
monthly and daily models have been rapidly gaining a reputation in
water resources engineering circles as "standard” South African models
{Hydrological Research Unit, 1981-1982). It is not too early to ask
the auestion: how do their performances in semi-arid catchments
compare with those of more complex models or indeed of simpler models?
Research leading to an answer to this aquestion would be of direct
benefit to the South African water resources engineering fraternity
and contribute to a general understanding of what Tevel of conceptual
model complexity is adequate for simulation of semi-arid rainfali-
runof f processes.

1.5.3 Parameter estimation

It is now generally accepted that reliable parameter estimation
in conceptual rainfall-runoff models is laden with pitfalis and
complexities (see Chapters § and 6}. At the same time there can be
Tittle doubt that such models will continue to enjoy widespread use in
South Africa for many years, hecause more physically-based models
require prohibitive numbers of field measurements prior to
applicition, while the more empiricel and the statistical/stochastic
approasches offer 1itt{la hope of benefits in terms of the ungauged
catchment "problem” or estimation of the effects of la:d-use changes




on flow.

Tn this context research into parameter estimation techniques
remains & necessity in South Africa, both for model calibration and
for model application to ungauged catchments. Specifically, the
technigue of transferring parameter values from gauged to ungauged
catchments needs to be explered in semi-arid catchments.

1.5.4. Quality of hydrometeorclogical data

The gquality of the hydrometeorclogical data obtained from the
national gauging networks of the Department of Environment Affairs and
the Weather Bureau of the Department of Transport is highly variable,
both spatially and temporally. Specifically in the semi-arid parts of
the country, the quality of the data base is not satisfactory for in-
depth rainfall-runof f modelling research {Gbrgens and Highes, 1982).
A common problem in many of these areas is non-stationarity of
streamflow records due to changing land-use and other human
interference with the flow ragime,

For meaningful rainfail-runoff modelling research in South Africa
the development of a growing data bank of hydrological processes
observed over short time-intervals (eg. hourly) in research catchments
in alfferent climatic regions of the country is a dire necessity. The
Ecca research catchments near Grahamstown (Roberts, 1978}, maintained
by the Hydrological Research UYnit at Rhodes University, fulfill the
aforementioned need in terms of the semi-arid environment. The Ecca
River catchments are uncultivated, densely instrumented and fairly
similar in climate, vegetation and 1itholtogy.

1.6 AIMS OF THE RESEARCH

The research described in this thesis was designed in terms of
South African research needs in the field of conceptual rainfail-
runof f modeliing, as sketched in section 1 5, Care was also taken that
all four requirements for meaningful comparative model studies,
outlined in section 1.4, were met. Data needed for the project were
derived from the hydrometeorological gauging networks in the semi-arid




Ecca research catchments. A summary of the aims of the research
follows:

(i) To develop a hydrometeorological data bank of semi-arid
rainfall-runoff processes suitable for testing of conceptual rainfali-
runcff models. This would include an assessment of the accuracy of
the various types of data (Chapters 2 and 6).

{ii) To examine for semi-arid conditions a selection of lumped-
parameter conceptual rainfail-runoff models, developed in South Africa
and covering a range of complexities and rainfall input requirements.
This would include identifying inadequacies in the models under these
conditions and incorporating any modifications thought to he necessary
{Chapters 3 and 4).

(iii} Yo investigate problem: associated with the estimation of
parameter values for conceptual models in gauged catchments, otherwise
known as model calibration. This would include both non-uniqueness of
parameter vatues for a given data set {Chapter 5) and varfability
among parameter sets derived from different calibration samples for
the same catchment (Chapter 6}.

{iv} To compare the performance of the selected models within
hourly, daily and monthly rainfall input categories in terms of
selected statistical criteria. These criteria should include measures
of performance commonly used in hydrological modelling, as well as
error functions based on streamflow statistics commonly used in water
resources engineering {Chapter 7).

{v} To compare the performance of models that require fine time-
intervals for input data with those that require coarser time
intervals to ascertain whethe. the use of fine time-intervals for
input data is justified (Chapter 7).

e ——————,
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(vi} To examine the feasibility of transferring parameter values
for a model from the gauged to the ungauged catchment, that is, to
test the premise that parameter values obtained by calibration may be
transferred to a nearby ungauged catchment with simiiar vegetation,
climate and 1ithology and {where suitable rainfall records are
available) to provide a record of runoff where no measurements have
been made {Chapter 8).

1.7 THE SELECTED MODELS

In order to pursue the above afms it is necessary to select
models developed for South African conditions that comprise the
following :

(i} 3 varfety of uses. The selection should cover models
designed for simulation of flow volume only as well as those designed
to simulate the complete hydrograph.

{ii} A variety of time-intervals Ffor input data, i.e. hourly,
daily and wonthly rainfall input requirements
{131} Different complexities of model structure within each time-
interval category for input; at least two models per category should
be tested

A sélection of models was made with the above requirements in
mind, These are discussed in Chapters 3 and 4 but are dealt with
briefly here in descending order of complexity.

1.7.1 Hourly-input models

{i} Model FORD - a version of the Stanford Watershed Model by
Crawford and Linsley {1966). Though not a South African medel, this
model was chosen because it is one of the most compliex and most
generatly applicable conceptual wodels yet developed. As such its
performance would provide a good “benchmark" against which the
perfarmance of all the South African models could be measured

{11} Mode) PITH - a version of an hourly-input model by Pitman
{Pitman and Basson, 1979), designed for flood modelling on a
continuous input-output basis. Pitman's original model was
considerably modified for this research [ as described in Chapter 3}

[



] {§ii) Model! PITR - a modification of model PITH incorporating
important changes to the infiltration functions.

1.7.2 Daily-input models

{i) Mode) PITD - a model by Pitman (1976) which is similar in
structure to PITH.

|

{11} ‘fodel DALT - a model developed by Roberts (1978). The model
is very simple in structure and was designed to be "just sufficiently
complex to compete (in terms of accuracy of output} with the complex
models" (Roberts, 1978).

1.7.3 Monthly-input models

{1} Model PITH - a model by Pitman {1973) designed specifically
for water resources analysis,

(i1) #odel DALM - a monthly-input version of model DALT by
B Roberts {1978).

A b 3 'y



CHAPTER 2

THE ECCA RESEARCH CATCHMENTS AND THE HYDROMETEOROLOGICAL DATA BASE

2.1 INTRODUCTION

During the years 1974 and 1975 the Geography Department of Rhodes
University, Grahamstown, instrumented five nested catchments in a
sani-arid zone about 20km from Grahamstown, with the express purpose
of establishing a growing data hank for use in research on rainfall-
runoff processes in a semi-arid enviromnment. These research
catchments vary in ares from 1,1km? to 73,1kmZ and are all drained
by tributaries of the fcca River (previously known as the Brek River),
a tributary of the Greav Fish River, which drains the semi-arid
eastern fiank of the Karoo region of South Africa.

Fig. 2.1 depicts the Ecca catchments® location, configuration and
hydrometeorological gauging network. Although all five catchments
have heen assigned code numbers by the Department of Enviropment
Affairs (DEA) according to the national river gauging neiwork cede
system, in this report the Hydrological Research Unit {KRU) codes A,
8, C, D and € are used {see Table 2,1}. The areas of the five
catchments are 1isted ir Table 2.1. The range of catchment sizes
originally chosen for the Ecca monitoring network represents a
rational compromise hetween the economic considerations of
estahlishing and maintaining a gauging network of above average
density, the need for reasonable homogeneity over the group of
catchments and the ohjective that the catchments should be smali
encugh to allow the rigorous testing of shert time increment {e.g.
hourly} modelling of Tand surface processes (Roberts, 1978).

In the context of the aims of this study set out in Chapter 1 the
Ecca research catchments offer an excellent opportunity for the
testing of explicit-soil-moisture-accounting conceptual rainfall-
runof f models. Because of their relative smallness and their nested
configuration, the Fcca catchments appear fairly similar in terms of
climate, vegetation and 1ithology. The only prevailing form of land
use is small livestock farming, which is practised in a stable manner.




Table 2.1
Ecca research catchment sizes

18

Catehment Area (km?}
DEA code™! HRU code
Q9M20 A 73,1
qQoM21 B 91
Qame2 T 2,0
QoMz3 D 1,1
QM4 £ 23,1

*1 pepartment of Znvironment Affairs

Table 2.2

Climate statistics for the Eccx research area

Manth Long-term 7-Year Long-term

Symons 7-Year A-pan  Ragional

mean mean free surface pan free surface factor  A-pan
ratnfall rainfall evaporation factor evaporation {smoothed) factor

{mm) {mn) {sm)
Jan. 37 L33 173 9,96 167 0,76 0,75
Feb. 40 64 134 0,96 13 0,77 0,77
March 49 53 s 0,91 122 0,75 0,70
April 35 32 €% 0,95 92 0,74 0,74
Hay 33 33 77 0,36 % 0,74 0,74
Jdune 20 20 B4 0,82 67 0,74 Q,74
Suly 20 35 77 0,9 75 Q,74 0,78
Aug. 25 36 81 0,96 €N 0,72 0,73
Sep. 34 32 96 Q,96 87 0,69 0,69
Gct, 43 41 125 0,96 128 0,71 0,71
Nov. 45 41 144 0,96 153 0,74 0,76
Dec. 37 49 173 0,%0 173 9,78 0,74
Total 420 487 1362 1364

*1

Based on a 92-year reconstruction by Roberts (1978).

*2 gstimated from Symons pan values {Pitman, 1973) with regicnal
converston factors (Roberts, 1978) applied.
*3 Estimated from Class A-pan observations with smoothed regional

conversion factors applied.

*4 Regional conversion factors used by Directorate of Water Affairs.




Figure 2.1 The Ecca River research catchments and the
gauging neiwork - scale in meters
(see overleaf)
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The vegetation is of a type (see section 2 2.2) that does not
undergo appreciable transformations from season o season, nor is it
very sensitive to grazing. Al] these characteristics render the £cca
catchments as unchanging and apparently as homogeneous as a general
model user could hope to find in practice.

The Ecca catchments and the available data base are discussed irn
detail in subsequent sections. In the process extensive use wil) be
made of the excellent physical description of the catchments by
Roberts (1978}, who processed a large volume of morphometric and
physiographic data to provide a unified picture of the reseerch ares.

2.2 DESCRIFTION QOF THE ECCA CATCHMENTS

te

2.2.1 General climat

The climate of the research area is harsh, with large differences
between scasongl and daily extreme and average temperatures. Accordiag
to synthetically reconstructed histories of reinfall in the Tower
Greot Fish River catchment, the leng-term mean annual precipitatior
{MAP} of the greater Ecca catchment is betwee: 420mm {Midgley and
Pitman, 1969) and S32mm {HRY, 1981, Volume 5)}. Records from the
raingauge network {discussed later in this chapter) in the Eccs
catchment since 1975 yield a seven-year average annual rainfaill of
487mm with a standard deviation of 99mm. Rain-days (daily fall »
0.1lmm)averaged 101 per year during the 1975-1981 period. Long-terw
ws_n annual free water surface evaporation s estimated at
appreximately 1362mm, using monthly Symons pan figures from Pitmen
©1973) and regional conversion factors supplied by the Department of
Environment Affairs (Roberts, 1978). The seven-year average annual
“ree water surface evaporation measured by two Class A pans {and after
spolying regiona: conversion factors) amounts to 1364mm, with a
slenard deviatien of 94mm.

Fable 2.2 provides information on the monthly distribution of the
abov: mean annual climate statistics. According te both the long term
estiiziez and the seven-year observed periocd the major part of <he
amial rainfall occurs in the "summer" months (Oclober to Marc - the




mean "summer” falls being 59,8% and 61,8% of the MAP, respectively.
The dominant rainfall-producing mechanisms in summer and winter differ
substantially. Convectional or convergence thunderstorm systems cause
most of the summer rainfall, while winter rain is usually associated
with arge-scale frontal sysiems sweeping along the south coast of the
South African sub-continent

The analysis of the spatial distribution of both long-term mean
point precipitation and major storms as observed with the raingauge
network reveal a roughly consistent pattern of spatial variation in
the rainfall. Fig. 2.2 illustrates the overail pattern of progressive
decrease of raingauge catch from south to north, as well as from west
to east. This variation in rainfall is also depicted in some of the
ischyesal maps of the individual storms analysed for flvod hydrograph
prediction in Chapter 3 and shown as Figs. 3.2(a) to {i). As is clear
from the latter group of figures some rainfall events daviate from the
pattern shown in Fig. 2.2. These deviations arc usually associated
with convectional thunderstorms which produce rasdom spatial
distributions of falls, while the overall spatial trends in Fig. 2.2
are essentially due to frontal rainfall that “fades” in the north-
easteriy direction. The prevalence of cold fronts during the period
April to Octaber is the cause of the suprisingly large (for z semi-
arid environment) average number of rain-days (101} reported earlier.
These storms are typified by relatively small falls spread over a
number of davs.

The “mixed” and highly variable nature of the general clim~te of
the Ecca area is illustrated by Table 2.3 and can be related to the
catchments® location in a climatie zone transitioning from the sub-
humid all-year rainfall region of the southwest to the more arid
summer rainfald regions of the northwest to the temperate summer
rainfall regions of the east. On a regional scale the general climate
of the Ecca area s typical, albeit somewhat more arid than the rest
of the Albany/Border area and tomewhat less arid that the northern
parts of the Great Fish River catchment. 0n a national scale the MAP
and mean annual free surface evaporation are close to the average
values caiculated for the Republi. of South Africa {Commission of
Enquiry into Water Matters, 1970).
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Tahte 2.3

Observed average rainfall and class A-pan evaporation in Ecca catchment A

Year Jan Feb Mar Apr May June July Aug Sep {ct Nov Dec Total

Rainfall {mm)

1975 31,0 49,7 60,9 6,6 3,0 41,9 10,1 17,5 89,3 3,6 19,0 57,6 390,2
1976 55,6 81,4 155,3 12,3 24,810,9 36,2 8,7 16,5 62,0 39,8 23,7 627,2
1977 17,9 134,6 21,2 49,2 71,0 4,8 2,0 9,7 33,3 6,8 75,0 104,4 529,9
1978 56,5 31,5 32,2 11.,9 17,2 25,3 2,0 11,9 13,4 81,4 35,7 49,4 468,7
1979 4,3 96,8 16,3 2,3 43,0 24,5 189,8 130,1 30,3 44,8 12,8 12,1 649,1
1980 33,9 37,1 43,3 27,4 0,823,4 1,6 10,3 27,6 23,3 79,6 39,0 347,3
1981 44,6 19,2 116,3 9,9 67,411,0 0,3 62,2 12,0 73,4 28,5 54,0 498,9

Mean 40,9 64,3 63,9 31,7 32,7 20,5 34,6 35,6 31,7 42,4 41,4 48,7 487,4
sTotal 8,4 13,2 13,1 6,5 67 4,2 7,1 7,3 6,5 87 8,5 10,0 100,0

Class A-pan evaporation (mm}

1975 186% 177 179 156 122 12 128 169 95 244 230 211 189°
1978 207 167 128 93 77 106 91 ilz 120 155 239 287 1782
1977 266 167 1AL 123 104 113 125 14z 122 181 196 229 1938
1078 198 i85 193 116 107 81 81 132 154 158 221 223 1850
1979 235 214 191 130 91 A3 86 9 123 171 222 262 1899
1980 262 177 169 138 123 80 102 114 128 181 178 137 1849
1981 184 155 132 117 72 6% 100 90 136 171 181 205 1605

Mean 220 177 164 124 106 91 102 122 126 181 209 231 1846
%Total 11,9 9,6 8,9 6,7 54 4,9 55 6,6 6,8 9,811,3 12,5100,0

* Values estimated fron Grahemstown data



Figure 2.2 Mean annual precipitation
over the research area (1975-1981)
~ scale in meters
(see overleaf}
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2.2.2 Vegetation

Acocks (1953) classified the vegetation of the Ecca region under
“Karco and Karvoid Bushveld Type iv", known as Valley Bushveld. TYhe
vegetation consists of tall sub-succulent bush in upper catchment
areas and on the Tower slop s of incised tributaries; this thins cut
to low succulent shrub on flatter areas and the lower parts of
catchments 8 and A. There is a fair proportion of bare ground
throughout the year, as was shown by Roberts (1978) who found, by
detailed mapping from aerial and ground photcgjraphs, that the *ground
cover” on 53% of catchment A could be described as “sparse” {or
worse}, while the “canopy cover" over 26% of the area fell in the same
category. A "dense" classification for ground cover was given to 11%
of the ares, a5 opposed to 26% for canopy caver. Fig. 2.3 depicts the
approximate spatial distribution of the vegetation categories.

2.2.3 Geology

As Fig. 2.4 illustrates, three major geological units are found
in the Ecca area, namely the Witteberg Group, belonging to the Cape
Supergroup, and the Dwyka and Ecca Croups, representing the Karoo
Supergroup. Roberts (1978} descrities the geoiogical structur: as
“...relatively simpte with the rocks dipping at approximately 4094 in
the South: -n part of the catchment and the dip progressively decreases
Northwards until the Ecca shales are almost horizontal.® The gereral
strike of the formations {s wast/northwest to east/southeast. Two of
the hardest formations present {Johnson, 1976), the Witteberg
quartzite and the Dwyka tillite, together form the southern watershed
of the research arca (and the Great Fish River) while a broad band of
the hardest of the shales {Johnson 1976), the Fort Brown shales (Ecca
Group), forws the northern boundary. From Fig. 2.4 it is clear that
about 90% of the surface geological formations of the research area
represent the Karoo Supergroup. 1In this sense the r¢ -arch catchments
can be regarded as fairly repres-ntative, geologically, of the middie
to lower Great Fish River catchwent (Tordiffe, 1976).

T —————e 5




2.2.4 Physical features

The general physiography of the fcca catchments is shown in Fig.
2.1. The Witteberg quartzite at Botha's Ridge in the south forms the
highest ground at 738 metres, giving a maximum basin relief of 570
medres. The approximately west/east line of the main channel follows
the strike of the rock formations and as a result of the alternating
shale and sundstone bands (Fig, 2.4), the area is highly intersected,
with the main tributaries forming deeply incised valleys at right
angles to the strike. Soils tend to be shallow and stoney on hilltops
and ~siopes and extensive rock outcrops are fairly common; however,
suprisingly deep (+2m} colluvial deposits occur in the valley
bottoms of the major tributaries. In more than one area the main
channel cuts through a rudimentary flood plain formed hy alluvial
deposits. All stream chanmels are ephemeral and on average during the
period 197¢ ¢ to four discrete runoff events per year were
observed.

Roberts {1978} compiled a slope map of the research area to
i1lustrate the degree of dissection in the catchments. For this map,
shown in Fig. 2.5, areas falling into five slope categories were
delimited {condensed to thiree categories in Fig. 2.5 for clarity}).
Noteworthy are the flat “uplands" of catchment E and the extremely
steep hillslopes where major tributaries break through the
shale/sandstone bands of the Ecca Group, Sediment movement and,
presumabiy, yield have been observed to vary considerably among sub-
catchments, According to the sediment yield map for South Africa,
deveyoped by Rooseboom (1978) after comprehensive analyses of
available reservoir sedimentation and soils data, a maximum annuat
yield of 200t/ku2 can be expected from "medium to large* catchments
in the Ecca region. DBoth on 2 regional and nationat scale this figure
can be regarded as moderate.

2.3 HYDROMETEQROLOGICAL DAT

BASE
2.3.1 Gauging network

The hydrometeorclogical gauging network in the Ecca catchments fs
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depicted in Fig. 2.1 and detailed in Table 2.4. As can be seen from
Table 2.4 not all the gauges have been in operation over the same
period. Raingauge BPOL was closed down at the end of February 1980
pecause, being atop a very steep high hilltop, it was extremely
difficult to reach during wet periods. Even in good weather the
journey te the gauge made extreme wemands on driver and vehicle,
because the “track" to it was almost non-existent. It was decided to
re-locate this gauge at the site CPOL, which was close to a tarred
road and rasily accessible. Care was taken to choose a site with
approximately the same altitude and exposure as BPOL. The Tocation of
CPOL solved another problem - the lack of a rainfail gauging point in
catchment C.

The success of rainfall-runoff modelling depends strongly on
areal assessment of rainfall over the modelled catchment. Some ({by
now) classic investigations of this problem by Dawdy and Bergman
(19693, Chapman {1970} and Ibbitt {1972} underlined the necessity for
accurate rainfall estimates in modeliing., In a much-quoted study
Johanson (1971}, in a catchment of about 1000km2 with 49 raingauges,
found, somewhat suprisingly, that the number of raingauges required
for "adequate” rainfall-runcff simulation was relatively independent
of the area of the catchment, and suggested a general minimum of 4
raingauges per catchment. However, more recent evidence of the
necessity for high accurscy in rainfall inputs for catchment models is
provided in reports by Basson {1978, Chapter 2}, Wilson, Valies and
Rodriguez-lturbe (1979} and Boughton ;1981). Furthermore, Hall and
Barclay (1975) warned in their thought-provoking synthesis of
information on areal rainfall determination that “Areal rainfall
estimates based on point observations should only b -agarded as an
index of the true mean rainfall over a catchment and errors beiween 10
and 20 percent can be regarded as normal. Where strong wind effects
or mountainous catchments are being considered, errors up to 60
percent can be experienced”.

In the Yight of these findings and given the existence of deeply
incised terrain causing likely rainshadows during frontal storms in
winter, as well as the prevalence of localized, "patchy" thunderstorms
in summer, the highest possible density of raingauges in




Table 2.4
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Details of hydrometeorological gauging network

Variable Gauge code Gauge type Ohservation period
Rainfall AROY Casella : Syphoning, Feb. 1975 - present
autographic, no wind shields
APOZ ditto ditto
APQ3 ditto ditte
BPOL ditto Feb. 1975 - Feb. 1960
BPO2 ditto Feb. 1975 - present
cpoL ditto March 1980 - present
POt ditto Feb. 1975 - present
EPOL ditto ditto
EPGZ di tto ditte
EPO? ditta ditto
EPO4 ditto ditto
Streamfion ARDY Muttiple-notch, sharp-crested Jan. 1976 - present
welry continuous stage recording
BROY ditto ditto
CROL Crump weir flanked by broad- Nev., 1980 - present
crested weir; continuous stage
recording
DROL ditto ditto
EROY Muitiple-notch, sharp-crested Jan. 1976 - present
weir; continuous stage recording
Cvaporation AEQL U.S. Weather Bureau Class A Feb. 1475 - present
evaporation pan; read weekly
EED0L ditto Feb. 1980 - present

o,
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the research catchment would clearly be desirable. The existing
network provides dinsities ranging from one raingauge per 0,7km? for
catchment € to ene raingauge per 7,3kmZ for catchment A. These
densities compare most favourably with those employed in rainfali-
runof f modelling research elsewhere in South Africa such as University
of Zululand (5,0km2 per gauge - Hope and Mulder, 1979) and the
Bethiehem rainfall augmentation area (!,Bkmz to l3,3!<m2 per gauge -
Cousens, 1980) as weil as in typical research catchments in the United
Kingdom (l,()km2 to l9,7km2 per raingauge - Douglas, Clarke and
Newton, 1976}, Switzerland (0,5km2 to 12,0km2 per raingauge - Naef,
1977) and Australia (14,2km? per gauge - Boughton, 1981). The
raingauge density is of course only a partfal indication of adequacy
of the rainfall monitoring network, as actual spatial distribution of
the gauges s equally important. Scrutiny of the raingauge network in
Fig. 2.1 will reveal that the present distribution of gauges in the
whole easterly zone of the research area is weak compared with the
rest of the area. As indicated before, this is the unfortunate result
of Jimited accessibility.

The streamflow gauging sites, CROL and DROL, have alse uadergone
axtensive mod? Fications. During 1975 trapezoidal flumes were built at
these two sites for flow gauging. Given the evidently high sediment
yield from these catchments, it was hoped that the seif-cieansing
characteristics of the flumes would prevent serious sedimentation
during large flow events {Roberts, 1978). Unfortunately, it was
discovered in 1979 that the stage-discharge table that Roberts (1978)
had used for the flumes was completely unsuitable, as it had been
empirically developed for a structure of very different dimensions.
After studying the problem, Prof. A. Rooseboom of Pretoria University
advised that the flumes were in any case poor measuring devices as
they were not acting as proper hydraulic controls during medium to
large flow events. Consequently the occurrence of super-critical flow
in the throats of the flumes was common. On his advice the flumes
were subsequently modified into low Crump weirs (for low to medium
flow rates), flanked by broad-crested weirs {For high flow rates}.
Stage recording at these sites was resumed in November 1980. Attempts
were made to assess the inaccuraries in the flume-gauged stage records
by applying the backwater model developed by Weiss and Midgley (1975)
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to the catchment D stream channel. It was hoped that these valuable
data could be salvaged to some extent. This study, based on some
£3fteen cross-sections upstream and downstream of the flume, was,
however, fraught with so many uncertainties that the attempt had to be
abandoned. Consequently, the stage records at CRO1 and DROL for the
period January 1976 to September 1980 were regarded as being unfit for
research purposes. This effectively reduced the number of catchments
wita reasonable length of record to three - catchments A, B and E.

It will he noted from Table 2.4 that evaporation pan EEOl has a
much shorter record than pan AEGL. 1t was installed in early 1980 to
prewide improved «stima ~f free water surface evaporation in the
re_carch area and it. .. ticn was dictated by the need to have
evaporation data representing the nigier ground -7 the Ecca area,
given that AFOL was situated on Yow grouna ie thi <l ~Tley.

2.3.2 Data assembly and processing

Raingauge charts are replaced weekly, as are stage recorder
charts. Evaporation pan readings are also taken on a weekly basis.
A1} charts are digitized by means of a micrn-computer system at the
Rhodes Hydrological Research Unit (HRU). From the start of the
project until December 1980 digitization was simply at one-hour
increments. Since January 1981, however, break-point digitization has
been employed. The programs were develaped by Dr. B. Hughes of the
Rhodes HRY.

“Missing” rainfall data at any gauge site are "synthesized" by
simple replacement, on an hovrly basis, from the geographically
closest gv. ~. Average catchment falls are calculated by Thiessen
poiygon we' irminy of individysl point Falls on an hourly basis. The
past and present Thiessen weightings for catchments A, B and E are
Yisted in Table 2.5. There are, of course, numerous methods of
estimating areal average rainfall from point raingauge measurements
The most common of these are: arithmetic averaging, Thiessen
welghting, isohyetal mapping, interpolation to a regular grid, trend
surface analysis, multiple regression and correlation analysis. Hall
(1972} reviewed 15 versions of these six techniques and concluded that




provided there is a dense network of reasonably evenly spaced
raingauges, there is tittle to choose among these methods. The
isohyetal and interpolation techniques ot practicable for calculation
of "continuous” inputs to rainfall-runoff models while the trend
surface and regression techniques, though suitable for modelling use,
require relatively long records (_4;15 - 25 years) for estimation of
stabie vtatistical coefficients. In view of the foregoing and given
the relative brevity of the Ecca records as well as the fact that the
research area does have a dense network of raingauges, the Thiessen
weighting technigue was an ohvious choice for this study. (This point
is explored furcher in section 2.3.3).

In years to come, when continuing monitoring has provided longer
rainfall records in the research area, the weightings in Table 2.5 can
themselves be “improved" on some ratfonal basis. For instance, each
gauge weight can be adjusted by the ratio of its annual mean to the
catchment anaual mean, or, even better, twelve Thiessen weighting
matrixes can be developed from Table 2.5 by adjusting each gauge
weight by the ratio of its mean for each calendar month to the
equivalent catchment {calender) monthly mean. These adjustments take
into account {to a certain extent) the orographic and exposure
influences on individual sites, and, in the monthly adjustment case,
even the seasonal effects, such as dominant storm types.

Daily and monthly totals of average catchment rainfall and
streamflow are calculated directily from the hourly average catchment
falls and the hourly instantaneous discharges. Daily values af pan
evaporation are derived from the weekly readings by simple proportien
with weekly values obtainad from a pan of the same type, installed on
the Rhodes campus and read every day. i'onthly pan evaporation totals
are calculated from the derived daily values. Estimates of daily or
monthly potential evaporation in the form of free water surface
evaporation, which is a required input varizble to all the models used
in this study, are achieved by multiplying each daily or monthly pan
evaporation total by a pan-to-free.water-surface conversion factor for
that calender month. A set of twelve such factors, one for each
calender month, and derived for the Yower Great Fish River region, was
obtained from the Diractorate of Water Affairs {see Table 2.2}.
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Table 2.5

Thiessen polygon weightings for estimation of average catchment rainfall
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Raingauge

APOL
APQ2
APO3
BPOL
8P02
cedt
DPOL
EPOL
£PQ2
EPG3
£P04

Catchment

1975-79  1980-82  1975-79 1980-82  1975-79  1980-82
0,059 0,060 0,0 0,0 0,0 0,0
0,114 0,111 0,317 0,614 0,014 0,006
0,071 0,052 0,0 0,0 0,0 0.0
0,126 - 0,593 - 0,0 -
0,078 0,147 0,089 0,350 0,0 0,0

- 0,152 - 0,036 - 0,058
0,119 0,089 0,0 0,0 0,0 0,0
0,22 0,138 0,0 0,0 0,0 0,0
0,087 0,090 0,0 0,0 0,358 0,444
0,140 0,079 0,8 0,0 0,75 0,087
0,085 0,084 0,0 0,0 5, ° 0,262
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The erratic nature of these regional factors seemed inexplicable and
s0 they were subjectively smoothed for this study.

2.3.3 Data quality, uncertainties and errors

In order properly to evaluate the results of the rainfall-runoff
mode)ling iavestigations discussed in later chapters,it was essential
t0 assess the quality of and uncertainties in input data used in the
modets, {.e. the quality of hydrometeorolagical data provided by the
€cea gauging network. A theme that is becoming prograssively more
common in rainfall-runoff modelling is echoed in a conclusion reached
by Boughton (1981) after studying the effects of rainfall variability
on modelling: ".. errors in (input) data are probably of the same
order of magnitude as errors within the modelling process and now form
a barrier to further accuracy in rainfall-runoff modetling”.

(a) Rainfali:

As all the models used in this study require *lumped” vaiues of
areal rainfall input - i.e. point rainfalls in some way averaged over
the catchment - areal rainfall errors deserve spacial attention. Total
areal rainfall errors may result from a combination of differant
individual types of errors. Hall and Barclay (1975} consider areal
rainfall errors as *.... a systematic measurement error of a single
{point} rainfall catch, systematic spatial and elevation variations of
rainfall and a randow error which is dependent on the type of storm,
the raingauge density and the extent to which each gauge represents
the area to which it is ascribed”.

{1) Errors in point measurements: Contemplation of the extensive
international 1iterature dealing with the accuracy of measurement of
rainfall, some of which is contained in an annotated bibliography by
the WMO (1973}, as well as in a comprehensive review by tarson and
Peck (1974), leads to the inevitablie conclusion that the iikely
magnitude of systematic errors in point measurements by standard
vertical raingauges must be expected to be -5% to -20%, mainly caused
by over-exposure to wind and deficient catches of inclined rainfall, A
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recent South African study disclosed average errors of between -25%
and -32% over 37 individual storms (De Villiers, 1980). Considering
the fact that the €cca raingauges are al) standard and vertically-
mounted, with variable exposure and without wind shields, then at
least a degree of point rainfall underestimation must be prevalent -
especially during rainstorms associated with cold fronts when strong
southwesterly winds may prevail.

i) 5rea1 extrapolation ercars: These ervars Zan be systematic
and/er random. Systematic errors arise when the riingauge
distribution and density are inadequate to capture a systematic
spatial variation of rainfail (e.q. winter storms ir tve Eccal. Random
errors arise as variations in the actual rainfall pattern during a
storm and from storm to storm cause the representativeness of each
gauge of the area to which it is ascribed to fluctuate randomly.
Clearly, the latter type of error relates to the averaging technique
used.

in this research project, systematic errors may be introduced by
virtue of the fact, mentioned before, that the easterly zone, i.e. the
mare arid part, of the research area is Tess densely gauged than the
remainder. Perusal of Thiessen weightings in Table 2.5 revesls that
switching rainfali gauging from site BPOL to site CPOL {see Fig. 2.1)
reduced total "eastera-input" weighting from 0,204 to 0,147 4n
catchment A and from 0,682 to 0,350 in catchment B. Given the known
trend of decreasing rainfall (Fig. 2.2) from south to north and from
west to east, this weighting changa probably decreased the accuracy of
aregl rainfall estimates over catchment A. However, the weighting
change may actually have improved catchment B estimates as its
headwater areas had formerly been underrepresented . For catchment E
estimates, the weighting change may heve been a mixed blessing: it
reduced the former {mportance of gauging site EPO3 which was a poor
site, being in a narrow "blind® valley surrounded by hilis 80 to 150
wmetres high. On the other hand it way have exaggerat»d the importance
of the headwater gauges, EPQl and EPO4. An in-depth study by Huff and
Schickedanz {1972) may provide some clues towards evaluating how
serious the variable density of raingauges over the research area may
be in terms of areal rainfall errors. Investigating the errors
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inherent in sparse, relative to dense networks of gauges, they showed
that the error in measuring areal hourly average rainfall decreased
from +11% for 3 gauge density of 21kn?/gauge, to +4% at a gauge
density of 2,6km2/gauge. 1t seems that errors related to gauge
density during any storm may be expected to vary from less than +6%
in the west of the Ecca research area to about doubje that in the
east.

A simple assessment of errors [systematic and random)
attributable to the chesen averaging technique, Thiessen weighting,
was made by comparing Thiessen averages of a limited sample of
ohserved rainstorms over catchment A with ischyetal and arithmetic
averages. T-» 21 selected events were representative of all types of
storms that haes produced runoff in the Ecca catchments. The
comparison is shown in Table 2.6 «nd the isohyetal representation of
some of the stomms can he secn in Figs. 3.3(al to (i) in Chapter 3. If
one accepts the assumption that the isohyetal representation of
rainfall distribution {s one of the most 3ccurate averaging approaches
available {if done with due recognition of orographic effects,
exposure and seasonal controls), then it appears from Table 2.6 that
both the Thiessen polygon and arithmetic average technigues may be
sTightly underestimating the catchment average falls. Over the 21
storms the mean Thiessen under-estimation was -3,4% while the mean
arithmetic average “error” was -4,2%. These “errors" were dominated
however, by twe events, viz. the storms of 6/3/77 and 10/1/78. These
two typical thunderstorms each straddled only & portion of catchment
A, with the result that there were zero readings at certain
raingauges. Without these two storms, the mean “errors” drop to -2,2%
for Thiessen and -2,8% for arithmetic averaging respectively.
According to the t-test, however, none of the differences is
significant at the 5% level. The foregoing ans’vsis indicates that,
hased on storm totals and except for ertremely localised
thunderstorms, the Thiessen approach {s as catisfactory as any for the

purposes of this study and, at worst, leads to only minimal under-
estimation.

Errers introduced by the exact "mix" of raingauges producing the
catchment average relate hoth to the final distribution of gauges and




Table 2.6

Comparison of catchment rainfall averages (in mm) calculated by different
averaging technigues {runoff-producing storms only)

Storm starting date Isohyetal mapping Thiessen polygon Arithmetical average

20/3/76 57,0 54,0 53,3
28/3/76 16,0 14,4 14,6
4/10/76 14,0 15,8 13,1
erei 3.0 30,8 30,3
28/2/17 26,0 25,8 25,5
6/3/17 12,0 7,0 6,9
675777 7.0 34,8 33,9
1/8771 25,0 20,9 21,9
1712011 17,0 15,8 16,8
30/12/77 53,0 52,1 51,3
8/1/78 19,7 19,4 19,4
10/1/78 15,0 8,0 8,8
3/2/78 21,0 22,4 22,0
18/4/78 44,0 45,3 44,4
21/4778 35,0 36,5 35,7
5/10/78 450 41,6 41,5
1/11/78 22,0 21,2 21,5
28/2/19 25,0 .0 %.6
26/1179 159,6 154,3 157,1
23/1/78 28,0 8,6 28,5
19/8/79 95,0 93,2 94,1
Average 38,0 36,7 36,4
5t. deviation 33,9 33.2 33,8
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to the missing data "patching” technique used - in this case,
substituting hourly totals from the "nearest neighbour”. Due to the
dusty and harsh conditions in the Ecca, syphon and clock failures - in
spite of weekly maintenance - result in between 5 and 20 missed gauge-
periods of one or more hours each per normal month, and these patched
in the aforementioned way. Almost the only way to quantity the
effects of any particular “mix" of raingauges on the accuracy of the
output from any rainfall-runcff model is to operate the calibrated
model on rainfall derived from different subsats of the total network
and then to compare these nodel outputs witi the original model
outputs stemming from "total network” inputs. This is alsc a fruitful
avenue along which to explore the relative importance of systematic or
random errors in rainfall or evaporation input data in terms of their
effects on model outputs: contaminate the original medel inputs by the
required error type and observe changes in model outputs. Such an
exercise, using the Ecca data base and the Stanford Watershed Model
{Crawford and Linsltey, 1966), is discussed in paragraph 2.3.3(e).

{b) Streamflow: In an analysis of South African streamflicw~
gauging practice, Muller (1977} evaluates the errors inherent to the
records sroduced by the best flow-gauging structures in the national
network of the Directorate of Water Affairs (including stage-discharge
rating errers} as between #5% and +10%.  The multipie-notch,
shava-crested weirs used for gauging the outputs from catchments A, B
and £ are on & par with the best in South Africa. Consequently, flow
records of these catchments ¢.1 confidently be expected to be in error
by no wore than +5% to +10% . Jeast for monthly totals. The
compound Crump/broad-crested werrs serving catchments C and § may have
an even higher accuracy than the above three weirs, but may suffer a
deterjoration in low-flow accurac, during large events that deposit
targe amounts of sediment in their relatively smal) weir-pools.
Sediment deposition is in fact the single most serious threat to
accurate flow-gauging in the Ecca catchment: because it reduces the
stilling-pond effect required to bring approach velocities to zero.
Although the weir-pools at the outlets of catchmenis A, 8 and £ are
sizeable, the latter two had to be excavated after massive deposits of
sediment during a flood in August 1979,

P
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In summary, the auality of the flow records for catchments A, B
and £ can be regarded as very good, hy South African standards, with
the only suspect data belonging to the latter part of the August 1979
flood in catchments B and E.  There were no periods of missing data in
these three catchments,

(c) Evaporation: For a comprehensive review on the suitability,
advantages and disadvantages of the use of pans for evaporation
estimation, the reader is referred to Gangopadhyaya et al. [1966}.
There are four primary sources of zrrors in the use of evaporation
pans for areal potential evaporation estimates: 1nadequate
distribution of measuring sites, effects of the wind regime on
individual pans, effects of advection of heat energy not
represertative of the natural envirement,and the pan factor, i.e. the
relattonship of pan evaporation to free water surface or "lake”
evaporation, coammonly assumed to be equal to potential evaporation.
Some random errors can also be related to pan discolouring and the
observation time interval.

{i} Distribution of measuring sites: During the period Februavy
1976 %o January 1980 evaporation gauging took place at only one zjte
in the research area, namely at AEQl (see Fig. 2.1). Table 2.7
compares the 4-weekly totals of weekly evaporation readings at AEQL
with thos: 1t EEQL, the pan iastalled ip Jamsary 1980. Over the 32-
nonth per the mean monthly evaporation has been slightly higher at
£EOL then ot AEQY, viz. 126,2mm as opposed to 122,0mm. The t-test
applied to pairs of 4-weekly totals could only detect a difference
hetween the two samples at a probebility level of 20%, which is
commonly regarded as too high to ex .'ude the possibitity that the
differences between the two sets ¢! ran readings are due to chance
alone. However, the monthly distrib: :cn of differences between the
two sites as listed in Tahle 2 does suggest a pattern: pan
evaporation at site EE0OL appears to ° inher in early to mid-winter

and vice versa in early to mid-summ: .

(1) Effects of wind regi rrors caused by wind patterns
over the pan are T1ikely to fluctuaty in time and could be either
randan or systematic. A systematic error would be caused by a site
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Taple 2.7

Difference®l {in %) of 4-weekly evaporation totals read at pan EEOL relative
to readings at pan AEOL

Month 1980 1981 1982 Mean :
January . +14.1 -9,3 2,4 !
February -0,6 0 5,2 -3,4

March +8,6 +1,7 +1,3 +3,9

April +3,8 ~3.7 -3,3 ~1,1

May +8,4 +},8 +12,2 48,5

June -3,3 «11,1 +15,0 +7,6 b
Juty 21,3 @1 X +12,1 ¥
August 48,5 ~10,5 -0,9 -1,0

Septenber +1,9 ~18,2 o -5,4

Dctober -6,5 -7.6 . ~1,1

Noverber 4,0 -10,2 . 8,1 S
December -0,1 6,7 . -3,4

*1 pifference = 100.(EE0L - AEGL)/AECL

&

Table 2.8 <
Weightings appiied to evaporation pan data for estimation of catchment average N
evaporat{on*l

A
Catchments A 8 c I} E o
Pan AEDL 0,58 0,58 0,74 1,0 0,21
Pan EEOL 0.42 0,42 0,26 0,0 0,79

*L 1n effect from February 1980.
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that is over- or under-exposed relative to the major part of the
catchment. Because of its altitude and greater exposure, a different
wind regime almost certainly prevails in the EEOL meso-environment
compared 5o the AEOL weso-environment. However, it was felt that an
altitude/physiographic zone over the whole research area could
probably be defined with a wind regime reasonably similar to that of
EE0L and that EEOL evaporation values would be representative of wind-
related evoporation from such a zone. After careful consideration and
based on subjective assessment of advection and catchment conditions,
all catchment aveas above the 426,7m {1400ft) contour were classified
as having EEOL evaporations and the rest of the research area as
having AFOL evaporations. The resultant weightings of the two pans
are tisted in Table 2.8. Th's rather subjective weighting of data
from the two pans could possibly be an additional source of systematic
error, gi.an the apparent systematic evaporation differences between
the two pans evident in Table 2.7.

(111} Advection effects: The location of AEOQL in a deep valley
almost certainly ensures a higher degree of advection than that
experienced by EEOL on the flatter uplands. Higher advection leads to
higher evaporation values, explaining perhaps the highar evaporation
totals observed in summer at AEDL. Along with consideration of the
wind regime, the advection phenomena of the meso-environments of the
two pans played a role in area-related weightings of the two
evaporation records (Table 2.8)

(iv) Pan factors: The twelve monthly pan factors provided by
the Uirectorate of Water Affairs (see Table 2.2) are of unkaown
accuracy. They were determined by comparing evaporation values in
floating pans on certain large dams in the Great Fish River catchment
with estimated dam evaporation losses. These estimates are based on 2
monthly mass balance ¢f the dams, calculated from measured in-and
outflows and sssuming certain seepage losses. The errors involved in
this form of mass balance are usually large, dbut even if one assumes
that Jevels of accuracy can be reached equivalent to those achieved by
the most accurate method for estimating dam evaporation, i.e. by
complete energy budgeting, then one still has to accept errors of
+15% on a monthly basis (Winter, 1981). The pan factors can
therefore be expected to contain errovs larger than +15% and their
use on a dafly basis wil) increase this error further. On an annual

e
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basis the error should drop tu below +10% (Winter, 1981). The
discontinuous change in pan factor From one month to the next is also
Jikely to be a source of random and/or systematic error, as is the
rather subjective smoothing of the original pan factors, mentioned
earlier. A further systematic error would be introduced if the meso-
environment of the Ecca pans dre not representative of the
environments of the regional dams used for tha determination of the
regional factors. On the basis of a1 the above facts, it dues seem
as if the errors in daily values introduced by the use of smoothed
regional monthly pan factors in this project are uniikely to be
swaller than #20%.

{v} Effects of discolouring: The harst and dusty conditians of
the research area rapidly cause discolouring even of freshiy painted
or washed pans. Dust forms a layer on the bottom of the pans and
along with discolouring and algal growth changes the albede of the
pans. Errors caused by these problems would be vandom, but could be
sizeable. Gangopadhyaya et al. (1966) report a study on the effects
of colour {albedo) where eight pans of different colours were compared
with a new galvanized pan. The exiremes of the differences between

the pans were represented by an unpainted copper pan, +7% of the
control pan's evaporation, and a white pan, -17% of the control pan
evaporation.

(vi} Observation interval: The proportioning of weekly pan
readings in the Ecca area by daily pan readings in Grahamstown could
cause sizeable errors in daily evaporation data used in this project.
In summer these errors would be small and random - probably about

#5% - but in winter the errors would be Jarger and couid be
systematic; up to +20% would be possible. The winter/summer
difference is due to the fact that in winter Grahamstown often
experiences a 1ight drizzle over a few consecutive days while the
research area may be experiencing relatively hot, sunny weather.

(d) Error summary: In evajuating the foregoing discussion of
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uncertainties and errors present in data produced by the
hydrometeorclogical gauging network in the Ecca catchments, it is
important to keep the percentages and time frames mentioned in
perspective. A large percent difference in small numbers, for
example, may not represent much water, but a small percent difference
in large numbers can involve a considerable guantity of water. Alsc
tong term averages generally have smaller errors of estimation than
short term averages.

To summarize, and to integrate the errors in all aspects of the
gauged hydrology of the reseparch area, three sets of simple error
estimates were made using Ecca data and representing a daily, a
monthly and an annual time frame, respectively. For the daily time
frame the event with the biggest daily runoff total was chosen, viz.
21-22 August 1979, for the monthly case the menth containing the
biggest daily event, August 1979, which also happens to be the highest
runoff month, and for the annual case the year 1979. Details of the
error estimates are contained in Table 2.9. Individual error
percentages are based on typical values gleaned from literature
referred to earlier, tempared by subjective assessment of the Ecca
network. For each of the hydrological components, precipitation
streamflow and evaporation, a "fotal error" was derived following the
principle (Winter, 1981} that the propagation of error in a
measurement can be approximated by summing the variances and
covariances of the measurement errers introduced by individual
components of that measurement. Streamflow can be used as an example.
In section 2.3.3{(b) it was stated that there are two known sources of
error in the Ecca flow-gauging procedure: inherent errors associated
with the combination of weir and stage/discharge relationship used
{WSD} and errors introduced by weir-pool sedimentation (WPS). The
propagation of streamflow {SF} error can now be written as:

Var(esg) = Var{eysp} + Var(eypg) + 2Cov{eyrn,eyps)
where e = error at each error source

Var = variance
Cov = covariance

%
-




45

The covariance term can be ignored because the two sources of
streamflow errors are independent. By means of the volumetric errors
derived from the percentages shown in Table 2.9, the total volumetric
error in streamflow gauging during the 21-22 August 1979 event can be
estimated:

egra (3,02 + 3,0210,5 = 4 2mm,

An jdentical procedure is used to calculate the total volumetric error
in precipitation and evaporation measurements.

The question arises as to how the total volumetric errors in the
measurement of the three hydrometeorological data sets used in this
study can be related %o rainfall-runoff model performance. This can
be done by following a procedure similar to that represented by 2.1,
namely by approximating the "overall error” to which 2 mode) using the
Ecca data set would be exposed by the variances and covariances of the
individual total errors in each separate data set used. This leads to
the equation:

Var{epg) = var{ep) + Varleg) + Var{egr)} + 2Cov(ep,ef)
+ 2Cov{ep,egr) + 2Cov(eg,esr)

where OE = overall error
P = precipitation
E = evaporation
SF = streamflow

Because measurement of each hydrometeorological component is
considered independent of the measurement of the other components,
covariances can be ignored. By substituting the cotal volumetric
compound errors from Table 2.9 into equation 2.2, overall errors which
would affect a rainfall-runoff model during calibration or
verification can be approximated. For instance, the overall
volumetric error a mode) would “sea" during simulation of the event of
21-22 August 1979 would be:
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Typical estimates of 1ikely-errors in hydrometeorological data used in this »

study

Component or
error source

2-daily total Monthly total Annuzal total
21/22 Aug.1979 August 1979 1879

Error  Error (mm) Error Error {mm) Eeror Error (mm)
[£4] or gauged {2) or gauged (%) or gauged

value {mn} vatue (mn) value {mm}
PRECIPITATION 85,0 130,1 649,80
Gauge placement 7.5 6,4 7,5 2.8 7.5 48,7
Gauge density 7,5 6,4 5 6,5 2,5 16,2
Areal averaging 5 4.3 4 2 2,5 16,2
Data patching [ 5,1 3 3 19,5
TOTAL ERROR 11,2 8 57,2
STREAMFLOW 29,8 60,4 17,1
Sharp-crested weir 10 3,0 5 3,0 5 5,9
Weir-pool sediment 10 3,0 5 3,0 2,5 2,9
TOTAL ERROR 4.2 4,2 6,6
EVAPORATION 1,3 91,5 1899
Class A pan 10 0,1 10 9.2 7.5 1424
Pan factor 30 0,4 20 18,3 5 95,0
Gauge density 15 0,2 10 9,2 5 95,0
Areal averaging 10 0,1 7,5 6,9 2,5 47,5
Daily proportion 10 ‘0,1 0 0 Q [
TOTAL. ERROR 0,5 23,5 201,5
OVERALL ERROR 12,0 27,4 209,6
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overall errora (11,22 + 4,22 + 0,52)0,5 = 12 0mm

The results in Table 2.9 put all statements made in la'ter chapters of
this document relating to the accuracy of hydrograph simulations, the
soundness of model performances and the consequent representativeness
of mode} structures and parameters, into a specific perspective:
inherent overall volumetric errors in the total data set used can be
more that 10mm per individual major runoff event, more that 25mm for
Jarge monthly totals and mor. .hat 200mm for iarge annual totals.

(e} Effects of data errors on model outputs: Studies of the
effects of data errors on mode) cutputs have been done for rainfail by
Dawdy and Bergman {1969), Chapman (1970}, Ibbitt {1972), Wilson et al.
{1979), Boughton {1981}; for evaporation by Parmele (1972) and Ibbjtt
{1972); for streamfiow by Ibbitt (1972} and Sorooshian and Dracup
(1980). Ibbitt {1972) found that the closeness of fit of simulated
and observed runoff data was most influenced by random errors in the

runoff record and least influenced by random errors in the evaporation
record. It must be stressed that Ibbitt's finding is of a relative
nature, as wost of the researchers referred to the above showed in
their efforts to quantify the sizeable errors in model outputs caused
by input data errvors. For instance, Parmele {1972) shows that in
semi-arid catchments in Pennsylvania it may be necessary to estimate
potential evapotranspiration te better than +10% to achieve a
reasonable fit between simuiated and observed yields. The eariier
discussion on errors in Ecca evaporation data makes one aware that
Parmele’s finding poses a formjdable problem to modellers - a problem
that can probably only be solved by using techniques of distributed
modelling and mapping of potential evapotranspiration, such as
developed by Schuize (1981) and Najjar, Ambroise and Hercier {1981).

As the mafn purpose of the earlier discussions on and analyses of
the quality of the Ecca data sets was that evaluation of rainfali-
runof f model performance may be facilitated, it follows logically that
some of the foregoing ideas re,arding model input data "contamination"
by errors should be implemented by means of a modelling exampie. The
well-known Stanford Watershed Mode?, as calibrated for Ecca catchment




A (discussed 1 Chapter 3), was chosen to explore briefly the
importance of various input error types and sizes in final model
performance, The calibrated Stanford mode) was operated with each of
eleven consecutive treatments of the original input data and the
treatment effects judged by observing changes in the shapes, volumes
and peaks of six representative runoff fydrographs, as well as in the
MAR over the five-year calibration period. Table 2.10 Tists some of
the results of the exercise: the April 1978 event rerresenis the most
important thunderstorm flood hydrograph on record while the August
1979 event was the jargest flood caused by a frontal weather system.
Fig. 2.6 gives a visual impression of the hydrograph shape changes
caused by some of the data input treatments.

For the first two treatments indicated in Table 2.10 the model
was first run with a subset of five Thiessen-averaged raingauge
records as input, namely APO2, EPOl, EPO2, EPO3 and EPO4, and
secondly, with the subset, AP0O2, BPOL and BPO2. As caa be expected, a
raingauge configuration biased to the higher rainfall zones in the
catchment, i e. treatment (1}, will substantially increase the
predicted MAR . The opposite volume and peak changes caused in the
April 1978 event by treatments (1) and (2), reflect the storm pattern
{Fig. 3.3{f)) that caused the runoff and illustrate tho extent to
which an unfavourable raingauge configuration can affect the
simulation of individual events. Treatments (3), (4}, (8} and {9}
comprised canstant proportional increases or decreases of houcly
inputs in the case of rainfall and of daily inputs in the case of
evaporation. It is worth noting that the model is much more sensitive
to systematic ervors in rainfall inputs than evaporation inputs, and
also that in relative terms systematic under- or over-gstimation of
rainfall affects the simulztion of smaller vunoff events more than
that of larger runoff everts. This result can be related to the fact
that soil-moisture-accounting modets are usually highly non-linear {as
are real-1ife catchments} in their response to rainfail while their
moisture stores are still filling up, but become less nen-tinear under
saturated conditions.

The "mixed" and random errors, introduced as treatments (5), (6),
(7}, (10) and (11}, were selected from the error ranges shown on a




A {discussed in Chapter 3), was chosen to explore briefly the
importance of various input error types and sizes in final model
performance. The calibrated Stanford model was operated with each of
eleven consecutive treatments of the original input data and the
treatment effects judged by observing changes in the shapes, volumes
and peaks of six representative runoff hydrographs, as well as in the
MAR over the five-year calibration period. Table 2,10 Tists some of
the results of the exercise: the April 1978 event represents the most
important thunderstorm flood hydrograph on record while the August
1979 event was the largest fiood caused by a frontal weather system.
Fig. 2.6 gives a visual impression of the hydrograph shape changes
caused by some of the data input treatments.

For the first two treatments indicated in Table 2.10 the model
was first run with a subset of five Thiessen-averaged raingauge
records as input, namely AP02, EPQL, EP02, EPO3 and EPO4, and
secondly, with the subset, APO2, BPOL and BPD2. As can be expected, a
raingauge configuration biased to the higher rainfall zones in the
catchment, i e. treatment (1), will substantially increase the
predicted HAR . The opposite volume and peak changes caused in the
April 1978 event by treatments {1) and {2}, reflect the storm pattern
{Fig. 3.3{f)) that caused the runoff and illustrate the extent to
which an unfavourabie raingauge configuration can affect the
simulation of individual events. Treatments (3}, (4), (8) and (3)
comprised constant proportional increases or decreases of hourly
inputs in the case of rainfall and of daily inputs in the case of
evaporation. It s worth noting that the model is much more sensitive
0 systematic errors in rainfall inputs than evaporation inputs, and
also that in relative terms systematic under- or over-estimation of
rainfall affects the simulation of smaller runoff events more than
that of larger runoff events. This result can be related to the fact
that soil-moisture-accounting models are usually highly non-linear {as
are real-1ife catchments} in their response to rainfall while their
moisture stores are sti1l fiiling up, but become less non-linear under
saturated conditions.

The “mixed" and random errors, introduced as treatments (5), {6},
{7}, {10) and {11), were selected fram the crror ranges shown on a
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Table 2.10

Changes {in %} in output from calibrated*l Stanford Model due to ervor
contamination of input data

Data Event: Event: 5-Year
treatment April 19762 August 1979%3  wAR
Volume Peak Volume Peak

RAINFALL
{1} 5 Raingauges -26 -34 + -9 +10
(2} 3 Raingauges +32 +42 -14 -9 -3
(3) -10% Systematic error ~71 -84 ~30 -3 -28
(4] 5% Systematic error +74 +95 +16 +15 +16
(5} 5 to -10% Wixed error -22 -29 -1 -8 -9
{6) +8 to -~15% Mixed error -2 -30 -13 -14 -16
{7) +15 to -15% Rundom error  -A2 ~52 +1 +4 +1
EVAPORATION
{8) -20% Systematic error +23 +30 +25 +16 +15
(9) +20% Systematic error ~14 -17 -23 -20 ~10
(10} +10 to -10% Random ervor +1 +2 o 0 4
{11) +20 tu -20% Random error + +1 -6 -5 -2
*L One warn-up year and five years calibration period used; discussed in
Chapter 3.
*2 Thunderstorm event: Observed volume and peak are 2,33mm and 2,68m3/s
respectively.

*3 Frontal storm event: Observed volume and peak are 50,88mm and 35,40m3/s
respectively.




figure 2.6 Changes in output from calibrated A
Stanford Model due ta ervor contamination 1
of input data (see overieaf)
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random basis by employing a pseudo-random number generator in the
model computer program. Each of the five treatments under discussion
was repeated a few times to ascertain the degree of variability caused
by randem errors. <h repeat of course produced different outputs
because a different array of errors was sntroduced {albeit from an
identical error range), but the Five examples shown are fairly typical
of the size and type of model cutput changes. Treatments (5} and {(6)
represent “mixed" error conditions: a small systematic bias (-2,5% to
-3,5%) towards under-estimation of rainfall with random errors
superimposed, which can be a common situation in catchment modelling.
Results for these two treatments show that even small systematic
errers cannbt be expected to be neutralized by random errors.
Treatments (7), (10) and (11) suggest that cempletely random errors do
not affect tne MAR very much but individual events may be
substantially affected. Again the model responses to errory in
smaller vunoff-preducing rainstorms were in relative terms much more
affected than in the case of major storms. Although Table 2.10 does
not show it, individual runoff events simulated during months with
high evaporative demands - Hovember to February -~ are considerably
affected by random evaporation errors.

2.3.4 Summary of monthly and annual data used in this study

The lack of reliable flow geuging in catchments C and 0 hefore
Noverber 198) meant that this study had to be confined to the three
catchments A, B and E, Tables 2,31, 2.12 and 2,13 1ist full summaries
of monthly totals of average catchment rainfalil, average catchment pan
evaporation and streamflow.

The runoff during July and August 1379 clearly dominates the
runoff record of all three catchments. Each of these months
experience¢ a major frontal storm lasting several days and producing
multiple-peaked flood hydrographs. The highest daily fall of the July
1879 storm was estimated to have a return period of well over 50
years, based on a probability analysis of regional rainfall, while the
August 1979 storm was awarded & return period well over 25 years. A
10t-year fiow series, synthetically generated for the Ecca catchments
by means of the Stanford Watershed Model and discussed in Chapter 6,
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suggests that annual runoff of the order of magnitude of the 1979
total can be expected nio more than iwo to three times in 100 years.

2.4 COMPARISOM OF CHARACTERISTICS AFFECTING HYDROLOGICAL RESPONSE OF
CATCHMENTS A, B and E

2.4.1 Introduction

One of the cbjectives of this study is to evaluate with how much
success explicit soil meisture accounting rainfaii-runoff models can
be used in ungauged catchments to generate a runoff time series wheve
no runoff record exists. Such an analysis is described in Chapter 8
in which the parameter values of the models calibrated in catchments A
and B are transferred respectively to the remaining two catchwents and
runoff time series generated for these two catchments in each case.
These flow series are then compared with the original observed fiow
series in these two catchments. Good correspondence between the
observed and the new flow series (after parameter transfer) signifies
successful parameter transfer and strengthens confidence in the
usefylness of such a model in the ungauged sitwation.

The principal determinant of successful parameter transfer is the
degree of hydrological similarity between the gauged and the ungauged
catchments {Linsley,1976}. This similarity must encompass the maximum
possible number of catchment characteristics, such as climate,
1ithology, soils, vegetation, physiographic and geomorphic parameters,
drainage patterns and land use. Here the underlying principle is that
a high degree of similarity in the above factors would ensure
similarity in hydrolpgical response, which in turn would ensure
similarity of model parameters. Clearly interpretation of the outcome
of parameter transfer between catchments A, B and E, discussed in
Chapter 8, would be much enhanced by a synthesis of all information
that has a bearing on the hydrological response of these three
catchments. Such a synthesis is attemptea below.

2.4.2 Comparison of physical characteristics

Table 2.14 lists the numerical values of certain geomorphic and




physiographic characteristics of the three catchments under
consideration, while Table 2.15 details the spatial distribution of
geological, vegetation and slope categories. The Table 2.14 values
were digitized by micro-computer from 1:50000 maps, aided by aerial
photographs, while the values in Table 2.15 were taken from Roberts
(1378). Hypsometric analyses, illustrating the relation of horizental
cross-sectional drainage basin areas to elevation of the cross-section
relative to the basin outlets, were reported in Roberts (1978). The
hypsometric relationships of all five Ecca catchments, taken from the
latter source, are shown jn Fig. 2.7. Cumulative area vs. sitope
curves, according to Roberts (1978), are depicted in Fig. 2.8, The
reader is also reminded of maps showing the spatial distribution of
vegetation density, geological formations and slopes referred to
earlier as Figs. 2.3, 2.4 and 2.5, respectively. The only
hydrologically important characteristic in which no quantified
information exists is soil type and distribution. A limited soil
survey is at the time of writing {Octaber 1982} in progress, but the
results will not be availabie until well into 1983. The following
inferences regarding hydrologic response are possible from the
foregoing tabulated and graphic information.

Catchment £ is a substantially flatter catchment than the other
twe - both in terms of the mean catchment slope and the propertion of
catchment area with mild slopes. Superposition of the geology map
{Fig. 2.4) on the slopes map (Fig. 2.5) reveals that geomorphalogical
control may be exercised by the Dwyka and Witteberg formations,
resulting in the flat uplands of €. Of the three catchments, E has by
far the greatest percentage of "dense” vegetation cover, as well as
the lowest drainage density. Field experience suggests that,
proportionally speaking, deeper, fine-textured soils are more common
ia E. Without forcing the argument at this stage, the balance of the
above physical evidence points to the likelihood of larger catchment
Tosses and a much more dampened hydrological response in catchment E
than in the ether two. (This does not imply that A and B are
completely similar; indeed catchment B is steeper tham A, is less
efficiently drained and has a different distribution of geological
formations.)




Table 2.14

Physiographic indices of the Ecca catchments

¥

Catchment

Characteristic*t A B €
Catchment area (kn?) 73,1 9,1 23,1 !
Mean catchment slope 0,199 0,263 0,178 L
Catchment perimeter (km) 42,2 13,7 24,9 |
Maximum relief (m} §70 373 455 -
Median altitude above weir 0,41 0,61 0,56
as proportion of wax. reljef "
Length of main channel {km} 24,9 6,7 10,6
Centre of gravity of catchment: 9.8 4,4 6,3
channel distance from weir (km)
Stope (10% : 85%) of main channel 0,016 0,037 0,030 N
Drainage density (km/km2) 4,34 2,33 1,83 e
Flongation ratio 0,39 0,51 a,52
Lemniscate ratio 0,58 0,61 0,55
*1 fean catch. slope = total contour Jength . contour interval 2

catchment area £y

Slope (10%:85%) of mafn channel = (Hgg - Hyg)/(0,75.channel Jength)
with He = height at point c% of channel length

Drainage density = total tributary length / catchment area

Elongation ration = 1,129.(catch. area)?:S / catchment Tength
= catch. shape compared with circle

Lemniscate ratio = {catch. length)2 / 4.catchment area
= catch. shape compared with pear shape




Table 2.15

Proportions (%) of catchment areas™! belonging to various categories of

physical characteristics

Characteristic Category Catchment
A B E
Geology Shales 51 30 95
Sandstone 27 30 16
Titlite i8 40 25
Quartzite 4 - 14
Vegetation density
Ground cover Dense 1 13 28
Medium 36 37 39
Sparse 53 50 33
Canopy cover Dense 26 by 34
Hedium 48 54 29
Sparse 26 29 37
Slopes Less than 10% 39 23 44
10% to 203 30 29 35
20% to 40% 19 29 13
More than 40% 12 19 8
*L After Roberts (1978)
e,
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2.4.3 Comparisan of observed rainfall-runoff behaviour

Preliminary analvses of all storm runoff events in the three
catchments for the period 1976-1979 were reported by Gdrgens {1980)
and Murray and G8rgens (1981). Both these studies revealed that
catchment E generated storm runoff (measurable at the weir) much less
frequently than A and B, produced fewer small-volume runoff events,
displayed on the average a tendency towards Jower hydrological
response (i.e. larger losses) per major runoff-producing storm and
required on the average higher antecedent rainfails before stormflow
was initiated.

A summary of the abserved hydrological behaviour of the three
Ecca catchments is provided in Table 2.16, while their standardized
flow duration curves have been plotted in Fig. 2.9. Data contained in
both the table and the figure corroborate the suggestion made in the
preceding section on the basis of physical catchment characteristics
that catchment £ s hydrologically dissimilar to catchments A and B.
It must be stressed, however, that the dissimilarity is expressed in
relative terms only, and that the range of hydrological response types
exemplified by the three Ecca catchments is quite -typical of South
African semi-arid catchments seen on a macro-scale, if compared with
the analysis by G8rgens aad Hughes (1982) of streamflow records from
30 semi-arid catchments fn South Africa {selected on the basis of
representativeness and reasonable data quality). For example, over
the 30 catchmerts the mean long-term runoff coefficient came out at
4,8%, the mean MAR at 19,1mm, the mean monthly coefficient of
variation at 5,62% and the mean percentage of zero-flow months at
37,1%. Nevertheless, on the basis of hydroiogical respense types at
the meso-scale, which {s the scale relevant to the Ecca study,
catchment E displays meaningful differences relative to catchments A
and B. In terms of these differences the prognosis for parameter
transfer between A, B and E must at this stage be that in general
there should be more risk in transferring parameters to € from A or B
than between A and B. Chapter 8 will address this question in depth.
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Table 2.16

Comparison of cbserved hydralogical response variables

A S

Variable Catchment
A 8 E
Measured MAP {mm), 1975-1981 487 478 520
{Range} 347-649  346-637 371-682
Measured ¥AR {mm), 1976-1961 23,12 21,76 13,42
Measured MAR (103n3), 1976-1981 1691 198 310
{Range} 30-8563  3-1007 0,3-1732
i Measured MAR/MAP {%), 1976-1981 4,59 4,38 2,51
R \‘ Zero-flow months (%), 1976-1981 41,7 58,3 81,8
(" coef, of variation:monthly flows, 1976.1981 4,7 4,4 5,1
« No. of discrete hydrograph rises, 1976-1979* 20 29 14
Hean runoff coefficient per stormflow event 4,89 3,06 4,04
(3), 1976-1979"
Max. runoff coefficient (%), 1976-1979% 34,27 2,78 15.5
Max. instantaneous discharge {om/n)* 1,67 1,67 1,48
Max. stormflow runoff event (mm)* 36,05 23,61 14,77

* From Murray and G¥rgens {1981)
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CHAPTER 3

MODELS PITH AMD PITR - PITMAN'S HOURLY MODEL MODIFIED
IMPROVED AND COMPARED WITH THE STANFORD WATERSHED MODEL

3.1 HISTORY OF PITMAN'S HOURLY MODEL

DQuring the period 1972-1977 a suite of three explicit soil
moisture~-accaunting conceptual rainfall-runoff models was developed at
the Hydrological Research Unit (HRY), University of the Witwatersrand
(Pitman, 1973; 1976; 1977) under guidance of Prof. D.C. Midgley. The
three models require respectively monthly, daily and hourly rainfall
totals, as well as long-term mean monthly Symons pan evaporation
values, as input streams. Pitman designed his suite of models to
operate satisfactorily in terms of commonly-used water resources
engineering criteria when using input data typically available to the
South African user, viz. records from the national hydrometeorological
monitering networks of the Separtment of Environment Affairs, the
Weather Bureau and the Department of Agriculture. The quality and
accuracy of such data vary considerably and non-statioparities and
periods of missing data are not uncommon. In the above context, Pitman
thought it prudent to strive for simplicity in his models and
considered the mathematical representations of the relevant
hydrological processes as “......] just about sufficient for the purpose
of simulating runoff to an acceptable degree of accuracy. Improvements
in correlations between chserved and simulated runoff could no doubt
be achieved by introduciag further wore complex functions involving
additional par:weters but the task of calibrating such a model would
be rendered highly complicated" (Pitman, 1976).

While the monthly and daily input versions of Pitman's model were
intended for South African water resources analysis and planning
purposes, the hourly model wis specifically designed for flood
forecasting application, as demoastrated in studies of flood
forecasting for reservoir operation by Basson {1978) and Pitman and
Basson (1979). '
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Figure 3.1 depicts the nssential elements of the hourly wodel, as
described in Pitman and Basson {1979). The following summary of the
conceptualization of the model is %faken directly from the latter
source {pp. 2.1-2.3}:

"The first storage that must be filled before rainfall reaches
the ground is the interception store. Thereafter, water that does not
infiltrate into the seil is held in depression storage as potential
surface runoff. When this store {represented by parameter SU} is
overtopped the surplus water becomes surface runoff.

"Water is evaporated from interception storage at the potential
rate. Once this store is depleted evaporation takes place from the
depression store, alsa at the potential rate, Evaooration from the
s6il itself is 2.sumed to take place only when both jnterception and
depression stores have been depleted.

“Spitlage from depression storage is divided into surface flow
and interflow. 1In medelling this separation it was assumed that low
rates of spillage would generate a high proportion of the velatively
slow response {interflow) and, conversely, that high rates of spillage
would yield a high proportion of the quick response {surface
flow).. . ... The parameter DIV can be envisaged as the Timiting
interfiow vate....."

The bourly mode] was des.jned to be structurally similar to the
daily model, so that the daily model couid be used for jnitial
cetibration and for "warming-u.“ during pre-flood months. The
internal variables in warmed-up stalus were then easily transferred
from the daily to the hourly model a few days modelling time prior to
the flood event to be simulated, so that the hourly model served for
predictions during the flood proper. As this model was designed to
cperate in a practical real-time forecasting mode, its input data
requirements were kept to a minimum, (i.e. Tong-term mean monthly
Symors pan values). Furthermore, the use of the dajty model during
the warm-up period effected economies in both computer time and input
data.
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Using this "mixed" model, Pitman and Basson {1979} reported a
high degree of success in simulating flood valumes in the
Hartbeespsort Dam catchment, but less success in simulating fiood
peaks. 1In a comparison of his hourly model with the Stanford
Wp .rshed model using using data from the Jukskei catchment near
Johannesburg, Pitman (1977) showed that as regards simulatien of peak,
volume and timing of flood hydrographs, the performance of the
Stanford model was no better than that achieved by his hourly model.
Howsver, the two reported applications of Pitman's hourly model have
revealed certain shortcomings in the performance of the model which
needed further investigation with the view to improvements. These
shortcomings can be summarised as follows:

Shortcoming 1: From the plots of simulated versus observed
hydrographs in Pitman and Basson (1979, pp. 3.16-3.17) it appears that
the mode} often failed to reproduce the later parts (both peak and
volume) of composite flood hydrographs. Although inadequate
representation of the dstribution of storm rainfall, both in time and
space, could account for some simulation errors, failure to reproduce
the later parts of the composite hydrographs may be indicative of
structural shortcomings in the model. As the later peaks of composite
fiood hydragraphs usually represent the response of an already wet
catchment to further rainfall (often neither much nor intense}, those
components of the model that dictate model output of quickfiow during
periods of exceedence of maximum soil moisture storage jevel, ST,
perhaps need modification. The excess over ST, called SPILL, is added
directly to the groundwater store, GWS. Concentually, it may be more
coryect to divide SPILL between groundwater and quickflow.

Shertceming 2: Rainfall of Jow intensity and orolonged duration
caused simuiation errors, because the mean monthly values of potential
evaporation input resulted in serious overestimates of evaporation
rates during such events, leading to underestimation of the consequent
floods {Pitman and Basson, 1979, p. 3.20}. However, this failure of
the mode) could perhaps additionally be related to the model’s
inability to produce quickfliow during wet catchment conditions, as
stated in the previous paragraph. When using the model in forecast
sode where the acquisition of potential evaporation data simultanecus
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with incoming rainfall information may be difficult to arrange, the
nourly evaporation values during storms, should perbaps be pre-set at
some representatively low value, e.g. at an equivalent deiiy vate of
between G,lmm and 1,0mm.

Shortcoming 3: The model was “ton sensitfve" to high intensity
rainfall (such as occurs in convectional thunderstorms) which led to
exaggerated quick-flow generation (Pitman pers. comm., 1981). This
probiem implies inadequate infiltration and/or depression storage
functions. There are two 1ikely solutions to this problem. Firstly,
the infiltration and depression storage functions could be
reformilated to cope with high intensity rainfall. Secondly, these
functions could remain unchanged, but the "potential surface runoff”
already calculated could be allowed to undergo _re_-infﬂtration_ pefore
being subjected to jagging and channel routing.

3.2 APPLICATION OF PITMAN'S ORIGINAL HOURLY MODEL IN SEMI-ARID
CATCHMENTS

In the light of the aforemenvic.ed encouraging results of the
applications of Pitman's hourly mode! to the Jukskei and Hartbeespoort
Dam catchments, and taking cagnisance of the fact that solutions might
exist for all three of the model shortcomings outlined above, it was
decided to make the attempted improvement of the model & special
objective af this study. Te this end, the computer program
encompassing the hourly section of the forecast model algorithms was
extracted from Pitman and Basson {1979). This program was then
modified to run as an independent continuous catchment model with
hourty rainfall inputs. To enhance accuracy further, the model was
altered to accept inputs of dajly A pan evaporation values and to
spread each day's evaporation by a triangular distributuion between
07h00 and 19h0CG. The mode] compenent controlling actual evaporation
as a function of soil moisture storage state and potential evaporation
(see section 3.6.8 for details) was also made more fiexible.

At this level of modification it was felt that the madel was
sti1l basically jdentical to Pitman's original version and its ability
to simulate runoff in the Ecca catchments had to be ascertained to




provide a “baseline” for attempted improvements. Two different tests
of the model were undertaken. Firstly, the model program was modified
to enable it to be fitted to selected flow events only, whereafter it
was manually calibrated on the six most fmportant fiow events in Ecca
catchments A and B respectively. The results of this exercise are
discussed in the next few paragraphs. The second test took the form
of an intercomparison of Pitman's hourly model with his daily and
monthly models, as well as with the Stanford model, based on an
analysis of their ability to reproduce the monthly and annual
streamflow statistics of Ecca catchments A, B and E for the six years
for which streamflow gaugings were available. The results of this
second test are discussed in detail in Chapter 7. Suffice it to say
that the hourly mode} produced, relatively speaking, the poorest
performance of the four models. A1l three shortcomings outlined in
the previous section were evident in this application of the model.

Table 3.1 lists the dates of the flow events in the Ecca
catchments selected for testing the model in {ts original and modified
modes. An impression of the results of fitting the original model to
the selected flow events in the Ecca catchments A and B can be gained
from Table 3.2, as well as Fig. 3.2. Figs. 3.3{a) to (i) provide
isohyetal maps of all storms used in this exercise, while Figs. 3.4(a}
to (c) depict the temporal distribution of each storm on the basis of
average catchment falls. A warm-up period of one year was used and
the calibration was based on optimizing vhe statistical measures of
fit shawn fn Table 3.2, as well as on the visual comparison of
simyliated with observed hydrographs. Not much attention was paid to
the absolute minimization of errors in mean annual runoff (MAR} and
standard deviation of monthly runoff totals, nor to overall fitting
criteria and no verification was attempted. This procedure was
followed because the exercise was essentially exploratory in nature
and aimed at revealing weaknesses in the model structure and
behaviour. Consequently, the focus had to fall on individual
hydrographs and not on overall statistics.

The criteria shown in Table 3.2 were chosen hecause it was
thought they would provide a balanced overall impression of the
ability of the model to simulate a range of flow events. An exast




69

mathematical definition of these criteria {and a1) other statistical
criteria used in this report) can be found in Appendix A. The
coefficient of efficiency is a measure of onre-to-one fit which
measures the model's success at simulating the hydrograph shapes
while the peak-volume objective function is designed to give
approximately equal weight to the errors in peak and volume and, when
minimized, should provide a balanced measure of the fit of these two
important hydrograph characteristics.

Table 3.2 ana Fig. 3.2 reveal that the model fared better on
catchment A than on B. However, in both cases the later parts of the
composite hydrographs were poorly simulated. The large positive error
in mean peak flow rates and volumes on B and the lack of improvement
in the peak-volume objective function were mostiy due to the
exaggerated response of the model to high intensity short duration
convectional thunderstorm rainfall input during the events of 27,28
February 1977 {peak hourly total of rainfall = 25,3mm). While the
above test provided further evidence of the shortcomings outlined in
the previous section, it also uncovered additional shortcomings, ail
of which represent conceptual errors of a more or less serious nature
in the model stucture and the algorithms contained in the published
computer program of the model {Pitman and Basson, 1979):

Shortcoming 4: Actual evaporation estimates are exagyerated
because no provision was made in the computer program to ensure that
evaporation from the soil store may take place only when both
interception and depression stores have been depleted, and that in
such a case only the residual potentia) evaporative demand was applied
to the soil. This means that during time increments when the
interception, depression and soil stores are all near ful) capacity,
the actual evaparation far that time increment can be up to twite the
input potential evaporation. This may be a simple oversight on the
part of the model developer; nevertheless the evaporation algorithm in
the model is conceptually very suspect, because the model effectively
“creates" potential evaporation.

Shortcoming 5: Negative soil moicture states can occur in the

P
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Table 3.1
Dates of selected flow events
Event No. Catchment A Catchment 8 Catchment €
! 21/3/76-23/3/76 21/3/76-23/3/16 21/3/76-23/3/76
2 28/2/17- 1/3/77 27/2/77 28/2/17 1/5/77- 8/5/77
3 7/8/77- 8/8/77 718117~ 8/5/77 24/7/79-26/1/79
4 21/4/78-22/4/78 21/7/79-23/1/19 20/8/79-24/8/79
5 21/1/19-21/1/79 24/1/79-25/7/19 .
6 20/8/79-25/8/79 20/8/79-23/8/19
Table 3.2

Summary of overall results for Pitman's origina’ hourly model fitted™l to
selected flow events

Statistical Catchment A {73,ikm _Z_l Catchment B (9,1km 2)
. Criteria No-mode?  Pitman's No-model Pitman's
case™ model case model
Qverall HCE™2 -0,79 0,57 -1,49 -0,01
Mean Peak Ervor (%) -100,0 -0,8 -100,0 123,8
Mean Volume Error {%) ~100 0 -5,0 -100,0 284 .8
Mean Peak Timing Error (hr) - 2 - +1
Peak Volume 0.F.*3 (md/s)2 4591 538 101 102
No. of Calibration Runs - 20 - 31
*1L ATT statistical criteria of fit are defined in Appendix A
*2 pverall ceefficient of efficiency based on hourly values
*3

< Ppeak-Yolume Objective Function
*A yalue of the statistic when simulated flows all set to zero
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Figure 3,2{a} Observed and simulated hydrographs:
catchment A {see overleaf)




Figure 3.2(a) Observed and simulated hvdrographs:
catchment A (see overleaf)
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Figure 3.2(b} Observed and simulated hydrographs:
catchment B (see overleaf)
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Figure 3.3(a) to 3.3(1) Ischystal maps for all storms
used in hourly model tests (see following pages)
(scale in meters)







\\\: -




&}












“c
EAY
.




g

[ r—
425 vanmag
oourz

SLILISL oren










wwiggs :idsg
S0y :uoneing
Doz e

seearst meg

’;A,,A—;w“h




Figure 3.4(a) to 3.4(c) Hourly distribution of Sl
selected storms : catchments A, B and £
{see fol'wwing pages)
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model, especially using semi-arid data, ecause the model program does
not check for and correct this eventuality. Using a test parameter
set and data from the Ecca catchments, it was found that negative soil
moisture states actually do develop after prolonged dry spells.
However, the effect on model simulations seems negligible for the data
sets used. MNevertheless, though not cerious Tn their model output
consequences, negative soil moisture states are conceptually
unacceptabie,

Shortcoming 6: Only the surface flow part of the potential
surface runoff of the model can be lagged. This implies that the
model flow diagram given by Pitman and Basson (1879} is misleading
{see Fig. 3.1). In this diagram the lagging function should appear in
the surface runoff stream before the confluence of the three output
streams. This error makes 1t theoretically possible for the interflow
for & certain time increment to be output by the model before there
has heen surface flow for thet time increment. Conceptually, this
does not make sense, and the isterflow component shoutd be lagged ss
well.

Shortcoming 7: Outfiow from the interflow Yinear store is
calcutated for a specific time increment fron the - ‘orage state at the
end of the previous time incrament. This leads { .tly to a built-in
lag of one time increment in interflow which may or may not be
acceptable and secondly, to a stightly erroneous interflow volume “ar
any specific time interval. Analysis of simulated near-peak flow
components i avealed that interflow was often as important in the
model 's production of peaks as surface fiow was - 8 fact confirmed by
Pitman {pers. comm., 1982 for the Hartbeespoort Dam study as well. It
is conseauently important ta improve the interflow component of the
model. Preferably, outflow from the interflow Jinear store should be
based upon the average storsge state of the store for any time
incrament.

3.3 MODIFICATIONS TO PITMAM'S HOURLY MODEL : VERSIONS PITH AND PITR

Hodi fications to Pitman's hourly model that would overcome all
the aforementioned shortcotings would constitute a major improvement




only if the inherent virtues - simplicity, case of calibration and
unambiauous concepiual meaning of model parameters - were not
sacrificed in the process. The re-infiltration functien proposed in
the discussion of shortcoming 3 would certainiy compromise the virtues
much more than apparent solutions to the other six shortcomings. For
this reasen, it was decided to undertake modifications in three
separate but overlapping steps:

(a} solutions to shortcomings 4 and 5 as a matter of necessity
becesiea they represent ¢rrors in the model program,

(b) in addition to {a}, modificatfons to overcome all
shortcomings including a re-infiltration function,

{c)} in addition to {a}, modifications to overcome shortcomings 1,
2, 6 and 7 enly, i.e. excluding re-infiltration.

Pre~conditions to all modifications were {1} that introduction of
new model parameters was to be avoided if possibie and (ii) that
retention of the maximum possible degree of compatibility with
Pitman’s daily model would be sought to ensure the structural
equivalence required by the “mixed" model flood forecasting approach
used by Pitman and Basson {1979).

Davelopment work on ail modifications, except the introduction of
interflow-lagging, was done on catchment B evants only. It was hoped
the minimal attenuation and lag {n response of the small catchment
would allow the focus to remain on other aspects of the modeiling
process. Fromising modifications were subsequently applied to
selected events on catchments A and E and the overall performance
assessed. Agafn & warm-up period of one year was used. Assessment
criteria were the same as those defined in Table 3.2, but in addition
percent ervor in MAR was minimized to ensure that the mode) did
approximately simulate the overall water balance of the catchmeni. The
more important modifications are outlined below:

{i} Re-infiltration of "potential surface runoff": Re-
infiltration of o erland flow generated on a hillslope during a storm




is a well-known phenomenon (Knapp ,1978; Dunne, 1978). Surface
ponding occurs at a source area on a hilislope due either to continuec
excesdence of the average infiltration rate or to saturation of the
surface s0il layers at that site. This leads to overland flow under
the influence of gravity, with rills and micro-guilies acting as the
main conduits. However, some of this water soon fiows over soil
having higher infiltration capacity than that of the source aresa and
infiltrates at these points. Furthermore, overland flow arriving in a
Tocal depression or being trapped by a small obstruction can also be
subjected to additional iafiltration. Introductizn of a re-
infiltration function in the model raquires answers to two questions:

* at what point in the structure of the models should re-
infiltration act on “"potential surface runoff' - before it enters the
depression store {along with the latter‘s contents), or after it
spills over from the depression store and before Jag-routing takes
place {along with the contents of the depression store), or only on
the contents of the depression store?

* which {nfiltration rates should hold for re-infiltration?

The former gquestion was explored by calibrating the model individually
vith each of the three stated options on catchment 8 events. As will
be seen in the discussion of the results of wodification applications
in section 3.4, the third option, namely re-infiltrating only the
contents of the depression store, was clearly the best of the three
options. The second question was mure difficult to answer, but after

attempting options such as using either a constant re-infiltration
rate which s a function of that time increment's existing
infiltration rate, or a special re-infiltration function requiring a
new model parameter [to be avoided), it was decided that the
"tidiest", and perhaps conceptually safest, assumption would be that
the model's original infiltration function {see section 3.4} should be
re-employed at this point in the computer program. Inevitably, the
incorporation of a re-infiltration function along these Tines would
affect the conceptual meaning of model parameters SU, ZMINN and ZMAXN
(see Fig. 3.1).




At this juncture it may be informative to comsider the little-
known fact that the developers of the famous Stanford Watershed Model
(Crawford and Linsley, 1966; Hydrocomp Inc., 1969) alsc employed the
re-infiltration concept - aibeit in an indirect way. Their solution
to the twin problems of where re-infiltration fits inte the model and
at what rate it should take place was relatively pragmatic and simple.
The Stanford model merely adds the contents of the “upper soil zone
store" {roughly equivalent to Pitman's depression store, SU) at the
start of any time fncrement to the residual incoming rainfall {after
interception) for that time increment and then processes this combined
moisture quantity through the infiltration function. It was felt that
the three re-infiltration options outiined above for Pitman's model,
though simils to the Stanford model approach, was conceptually more
accurate.

(11} Separation of spillage from soil moisture store, St Given
certain soi1/slope/vegetation combinat’ans, subsurface discharge can
be a major coutributor to the flood hydirograph (Hewlett and Hibbert,
1967; Dunne and Black, 1970; Weyman, 1973; Zaslavsky and Sinai, 1981}.
Such subsurface flow originates in up-slope soi}) zones that become
saturated by infiitrating rainwater plus re-infiltrating overland flow
particularly where there are favourable seil matrices or macre-pores
to convey the water down-slope in the direction of the stream channel.
Saturated subsurface flow can contribute to the rising Nmb, peak and
early part of the i1alling limb of the flood hydrograph while
unsaturated fiow contributes to the hydrograph recession and even to
the baseflow {Whinkey and Kirkby, 1978). Recharge of groundwater is
obriously also enhanced by saturated soils, Conceptually, the variable
SPILL, calculatad in Pitnan's hourly model as soil moisture excess
ever maximum soil store capacity ST, is roughly equivalent o
potential subsurface discharge as described ihose. SPILL should
therefare be divided into a quickfliow compone *., as well as a delayed
flow component, and not only the latter as in the original medel
version. Various formulailions were rejected for failing adequately to
simulate the multipeak hydrogranhs of July and August 1979 before the
following succnssful approach was reached: SPILL is divided into
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interflow and groundwater 'dditions. In modelling this division the
original assumption underlying interflow/surface flow separation {see
section 3.1) was re-employed. It was assumed that low rates of
spiliars from the soil store would generate a high praoportion of the
relatively slow response {groundwater) and, conversely, that high
rates of spillags would yield a high proportion of the quicker
response (interflow)., (These two model responses would then
respectively represent real-life processes of unsaturated subsurface
discharge plus groundwater recharge, and saturated subsurface
stormflow.) The above separation needs to be goversed by a model
parameter, whicn in the case of interflow/surface flow separation in
the original model, is the parameter DIV. 1In an endeavour to avoid
the Intreduction of a new model parameter for groundwater/interflow
separation, various unsuccessful attempts to relate this separation fo
some function of DIV was made. Ultimately, the incorporation of a new
parameter, DIVG, had to be accepted as inevitable and the ¢ivision of
SPILL was represented by equation 3.12 {section 3.6.9).

(111} Lagging and routing of the interflow components:
Experimentation with separate lag parameters for interflow and surface
flow, respectively, using selected floods in catchments A and E
revealed that because most of the wajor flood hydrograph peaks
comprised variable "mixtures” of these twe flow components, the two
optimum Yag values always came out very close. Consequently, addition
of another new parameter could be avoided by using the same lag
paramater, LAG, for both surface runoff and interflow. The routing of
in.erflow through a linear storage was furthermore modified such that
release from storage is related to the average storage state during a
time fncrement, instead of the starting storage state (original
assumption}. Equation 3.13 (section 3.6.10) represents this linear-
storage routing of interflow.

In order to facilitate distinction between the modified model
versions containing the three re-infiltration function options
outlined ahove and the modifier "1 without re-infiltration, the
four versions were n»- Y, PITR{2), PITR and PITH,
respectively.

A\
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3.4 COMPARISON OF PERFORMANCE OF MODEL VERSIONS PITH AND PITR

The comparison of wodel versions PITH and PITR was based firstly
on their ability to simulate individual selected flood hydrographs in
Ecca catchments A, B and E, and secondiy on their ability to reproduce
overall annual, monthly and daily streamflow statistics for these
three catchments. The Tatter comparison is reported in Chapter 7 as
part of the general model intercomparison, while the former comparison
is discussed below.

Interim and final results of various stages of model
modifications are shown in Figs. 3.5{a) and {b}, while Table 3.3
details the modification stages referred te in Fig., 3.5. Tables
3.4{a} and {b) contain values of goodness-of-fit criteria for the
final calibration vuns for each model/catchment combination. Optimum
parameter sets are listed in Table 3.5, and Figs. 3.6(z), (b) and {c)
provide comparisons of simulated with observed flood hydrographs as
produced by the final calivration runs.

Before discussing the results in detail, a few remarks on the
search for a suitable re-infiltration function would be in order.
While testing the three re-infiltration options outlined in section
3.3 it was soon recognized that subjecting all "potential surface
anoff" to re-infiltration efther before entering, or after leaving
the depression store, i e. PITR(1) and PITR{2), produced very similar
outcomes. These two opti. s caused exaggerated accretions to soi}
moisture storage - to the <tent that, to maintain the same overail
water balance, parameter ST sd to be increased to values between 33
and 67 percent higher than those required by the other modified and
unmoaified versions of the r»del. (See Table 3.5). These two re-
infiltration options had tu be rejected because “optimum" ST/ZMAXN
combinations caused must of the smaller flow events to be compietely
supressed while the later parts of larger composite flood hydrographs
and/or groundwater flow were severely over-predicted. It was clear
that these options made the infiltration process far too dowinant in
the model structure and that the conceptual content of parameters ST,
IMAXN, ZMINN and SU was unacceptably altered by the model changes,
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1 Table 2.3
. l Stages of model modifications and calibration runs
o
Ty ; e :
i Catchment Stage™ Details of stage No. of calibration runs
‘ A Starting Calibrate Pitman's original 20
point hourly model (unmadified)
A Run PITR (depression storage re- 1
infiltration) without interflow
lag and routing modification,
using paramet,ss from the
calibration of the original
model
8 Calibrate PITR without interflow 2
Jag and routing modification
[ Calibrate PITR, including interflow 10
Yag and routing modificaticn
] Run PITH {no re-infiltration) 1
incTuding ail wodifications, using
parameters from the calibration of
the original model
E Calibrate PITH including all 10
modifications
8 Starting Calibrate Pitman's original 31
point hourly model {unmodified)
A Run P1TR(2) {re-infittration of 1

spiltage from depression store},
using pavameters from the
catibration of the original model
and ail modifications included
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I
i 4 Continued .....
2
i Table 3.3 {continued)
Catchment Stage* Details of Stage No. of calibration runs
i .
B B Calibrate PITR{2}, including al} 35
i modifications
c Run PITR {depression store re- 1
infiltration) using parameters
o from the catlibration of the
original model; all modifications,
except SPILL division included -
y ] Calibrate PITR, all modifications, 41
- except SPILL division included
E Calibrate PITR, incorporating 10 .
SPILL division
F fun PITH {no re-infiltration); 1
including 211 modifications;
using parameters from the -
calibration of the origi-al
modet
' ] Calibrate PITH, including all 9
modifications
£ - Calibrate PITR (depression store 14
re-infiltration}, including all
modifications
~ Calibrate PITH (no ~e-infiltration), 14

including a1l modifications

* Refers to Fig. 3.5{(a} and (b)
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thereby threatening the desired compatibility with Pitman's daily
model. 1In contrast, re-infiltrating only the contents of the
depression store seemed to offer fewer of the above undesirable side-
effects so this was chosen as the "best” re-infiltration approach, and
iad to model version PITR. Fig. 3.5 shows that the best combination
of goodness-of-fit criteria values that could be achieved with PITR(2}
falls far short of the best achieved with both PITH and PITR and
required a number of calidration runs (Table 3.3) of the same order of
magnitude for PITR and much fewer for PITH.

From a comparison of the overal) outcome of the tests for
goodness-of-fit of the final PITR and PITH madel vuns shown in Tables
3.4{a} and {b}, it can be concluded that the PITR performance is
superior in catchment 8, PITH is superior in catchment £ and the
performance of the two models is similar in catchment A. However,
Tooking in detail at the goodness-of-fit statistics, it {s notable
that PITR produced no runoff (error = 100 percent} in the case of five

small events, a failure not exhibfted 1. A visual comparison of
simulated with observed hydrographs, Figs. 3.6{a}, {b) and
{c), reveals that the larger, compost o hydrographs of July and

August 1973 were somewhat better simulated by PITH in catchments A and
£, while PITR modelled the equivalent events better in catchment B. It
is abundantly clear from Figs. 3.5{a) and (b} and Figs. 3.6{a) and (b)
that as far as simulating major composite fliood hydrographs in the
£cca catchments is concerned, both PITH and PITR are superior to
Pitman’s original model.

Another point worth noting in Table 3.4{a) and {b) is the exact
magnitude of the peak and volume errors in the simulation of the major
events - catchment A events no. 5 and 6, catchment B events no. 4, 5
and 6 and catchment E events no. 3 and 4. The average peak and volume
errors for PITH are +27% and +23%, respectively, while the average
equivalent errors for PITR are +28% and +30%, respectively. It
appears that although the shapes of these complex hydrographs could
often be simulated fairly closely, occasional large errors in either
peak or volume estimation could not be avoided. During calibration it
was noticed that, especially with PITH, it could have heen possible to
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achieve parameter sets that would have minimized the average volume
error to the region of +10%, but greatly increased errors in peak

. estimation would have resulted. The final parameter sets chosen as

“optimum" tended to distribute any errors among peak, volume and shape
(coefficient of efficiency).

Noteworthy about Table 3.5 is that final parameter values listed
there are in the case of PITH fairly similar for catchments A and B as
far as the main runoff volume control parameters - ST, ZMAXN, ZMINN
and SU - are concerned, with ¢~ chment E requiring somewhat different
values. However, in the case of PITR no such trend is discernible.
Common to both PITH and PITR is the fact that the major model store ST
is required to take on a value for catchment E that is more than 50%
higher than for A and B. This may be a reflection of some of the
physical inter-catchment differences discussed in section 2.4.

Specific criticisms of the performance of the twe models can be
summarised as follows:

PITR:
{a} Severe suppression of runoff from smaller rainstorms.

(b} UBrrealistically sudden {and delayed) production of high
rates for the July 1979 event.

{c} Exaggerated baseflow {groundwater flow) levels in
catchment A.

(d} Requires more calibration runs than PITH {see Table 3.3)
because the higher level of interdependence of model
components makes it considerably more complex.

PITH:

(a) Too sensitive to very high rainfall intensities (see the
February 1977 event in catchment B).
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Table 3.4{a)

|
i
;
*‘ o i Tests for goodness-of fit on modified model PITR {with re-infiltration}
1 Item Units Event number Mean or  No-
i i 1 2 3 4 5 6 overall model
; value  _case
3 Catchment A
Obs. pesk * m3/s 7,5 1,1 1,2 2,7 32,3 354
Sim. peak wd/s 55 0,0 0,0 0,06 29,6 26,4
Y Error % -27 -100 -106 -100 -8 -2 -60  -100
é Obs. volume mn 3 06 0,9 2,3 452 50,9
Sim. volume mn 2.9 0,0 0,0 0,0 53,6 51,9
Error K3 -60  -100 -100 -100 +19 +2 -57 -100
Timing error h +3 - . . -1 +1
HCE 0,22 -2,88 -1.68 -0,92 0,59 0,81 0,70 -0,79
Peak-Yol. 0.F. (m3/s)2 176 4591
Catchment B
Obs. peak w/s 10 0,9 1,2 45 1,8 20
Sim. peak m/s 0,2 25 0,0 3,2 1,7 24
Error 1 -84 4194  -100 -29 -7 +19 -1 ~100
Obs. volume ol 5,8 0,6 2,2 25,4 11,7 31,1
Sim. volume mm 0,8 4,2 6,0 20,9 15,4 32,2
Error % -86  +624  -100 -18 +32 +4 +16 ~100
Timing error h +1 4] . 0 [\] +1
HCE -0,53 -10,3 -0,32 0,76 0,61 0,85 0,66 -1 49
Peak-Yol. 0.F. {m3/s)2 17 101
Catchment E
Obs. peak w/s 1,1 0,6 9,8 55
Sim. peak m/s 0,06 0,3 6,0 9,1
Error % ~100 -48 -39 +65 -3¢ -106
Obs. volume mm 2,8 0,3 28,5 25,1
L e Sim. volume mm 0,0 0,3 10,6 43,3
Error % -100 -17 -63 +12 -2 -100
Timing error h . +1 0 +1
HCE -2,56 0,59 -0,14 -1,20 -0,46 -1,01
peak-Vol. 0.F. (m3/s)? 7 233
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Table 3.4 (b)

Tests for goodness-of-fit on modified modet PITH {without re-infiltration)

Item Units Event number Mean or  No-
1 2 3 4 5 6 overall model
value  case

Latchment A

Obs. peak m/s 7,5 1,1 L,z 2,7 32,3 354

Stm. pesk m/s 3,3 0,4 1,0 3,8 46,0 36,9

Error % 55 -68 .18 +27  +A2 42 .12 -100
Obs. volume mm 7.3 0,6 0,9 2,3 45,2 50,9

Sim. volume mm 1,3 0,2 0,3 1,2 50,3 53,8

Error % -83 -75 -66 -48 +11 +6 -42 ~100
Timing error h 0 -4 -3 -4 +1 -1

HCE -0,27 -1,56 -0,61 -0,29 0,52 0,8 0,68 -0,79
Peak-yol. 0.F. (md/s)2 280 4591

Catchment B

Obs. peak m/s 1,0 0,9 1,2 45 1,8 2,0

Sim. peak mfs 03 56 07 59 22 3,4

Error H 67 4555 -4l +32  +18  #68 <94  -100
Obs. volume e 5,8 0,6 2,2 25,4 11,7 31,1

Sim. volume mn 1.4 8,6 1,8 2,2 16,3 39,9

Error 3 -76 +1378  -17 43 H0 428 4226 -100
Timing error h +3 ‘o 0 +1 Tl +1

HCE -0,21 -76,9 0,8 0,78 0,21 0,34 0,21 -1,89
Peak-vol. 0.F, (m3/s)2 63 101

Catchment E

Obs. peak m/s L1 06 9,8 55

Sim. peak m/s 0,3 1,1 9,6 6,8

Error % 69 +94 -2 428 +2  -100
Obs. vojume mm 2,8 0,3 28,5 25,1

Sim. volume m 0,6 1,2 4,8 32,3

Error H “1) 4200 -89 429 3 -100
Timing error h -1 +1 0 0

HCE -0,99 6,6 -0.11 0,15 -0,05 1,01
Peak-Yol. 0.F. (m3/5)2 25 233
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Table 3.4 (b)

Tests for goodness-of-fit on modified model PITH {without re-infiltration)

Item Units Event number Mean or  No-
1 2 3 4 5 6 overall model
vaiue case

Catchment A

Obs. peak w/s 7,5 1,1 1,2 2,7 32,3 354

Sim. peak wis 3,3 0,4 1,0 3,4 46,0 35,9

Error % -55 -68 -18 +27 +42 +2 ~12 ~100

Obs. volume mm 7,3 0,6 0,9 2,3 45,2 50,9

Sim. volume mm 1,3 0,2 G,3 1,2 50.3 53,8

Error % -83 -75 -66 -48 +11 +6 -42 ~100 -

Timing error h +6 T -3 -4 +1 -1

HCE -0,27 -1,56 -0,61 -0,28 0,52 0,86 0,69 -0,7%

Peak-Yol. G.F. {m3/s)2 280 4591
Satchment §

Obs. peak /s 1,0 6,3 2 4,5 1,8 2,0

Sim. peak n3/s 0,3 5,6 0.7 5,9 2,2 3,4

Error % -67 4555 ~41 +32 +18 168 +94 ~100

Obs. vohume mm 5,8 0,6 2,2 25,4 14,7 31,1

Sim. volume ma 1,8 8,6 1,8 26,2 16,3 39,9

Error £ -76 +1378 -17 +3 +40 +28  +226 -100

Timing error h 3o [ +1 +1 +1

HCE -0,21 -76,9 0,85 0,78 0,21 0,34 0,21 -1,48

peak-Vol. 0.F. (m3/s)2 63 101
Catchment £

Obs. peak m/s 1,1 06 9,8 55

sim. peak wd/s 0,3 1,10 96 6,8

Error 1] ~64 494 -2 +25 +12 -100

Obs. volume nm 2,8 0,3 28,5 25,1

Sim. volume o 0,6 1,2 14,5 32,3

Error % -7 +2I0 ~49 +29 +43 -100

Timing error h -1 +1 0 o

HCE -0,99 -6,6 -0.11 0.5 -0,05 -1,01

Peak-Vol. 0.F. (m3/s)2 25 233
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Table 3.5
Adopted parameter set .7 different model versions*1
Para- Catchment
meter*2 Units A B E
Original PITH PITR  Original PITH PITR(2) PITR PITH PITR
POW - 2 2 2 2 2 2 2 2 2
SL mm 0 0 0 0 0 0 Y 0 [
FT mm/day 0,001 90,000 0,001 0,000 0,000 0,001 C,001 0,001 0.001
Pl L) 1,5 2,5 2,5 2,5 2,5 2,5 2,5 4,0 4,0
R - 1 0,01 0,01 0,5 0,00 9,00 0,01 0,01 0,01
M. o___9__°o o __ 0 __90__0_0 0
ST mn 185 148 140 150 148 250 135 240 210
IMAXN mm/h 11 11,5 7.5 9 11 7 11,6 9,5 10,6
ZMINN wn/h 0 0,7 1,2 0,5 0,5 0,5 2,0 0,2 0,1
su R 2 1,5 3,8 1,5 1.5 0,5 2,5 2,6 2,3
bIV mm/h 10 10 9 20 20 16 14 8 8
DIVE mr/h - 4 10 - 3 4 8 3 4
TL h 2 2 3 0,5 0,5 0,6 0,5 4 4
T h 8 5 4 9 7 5 10 9 5
GL day 1 2 2 2 2 8 4 3 4
LAG h 5 4 4 o 4 0 Q 1 1

*1 Original - Pitman's original hourly model, essentially unmodified
PITR(2) ~ Spillage from depression store, as well as contents of depression
store subjected to re-infiltration, plus all other modifications
PITR - Only contents of deprassion store subjected to re-infiltration,
plus all other modifications
PITH - No re-infiltration function, but including all other
modifications

*2 see Figs. 3.7 ‘and 3.8 and section 3.6.12 for definitions of parameters




Figure 3.6(a} to 3.6(c) Observed and simulated

hydrographs : catchments A, B and E
{see following pages)
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On the balance of evidence provided by this study of individual ficod
hydrograph simulation, model PITH must be preferred to model PITR for
fiood forecasting in small to medium-sized semi-arid catchments with a
“mixed” convectional thunderstorm/frontal rainfall regime, similar to
that experienced by the Ecca catchments. It may be that in a climatic
region such as that in which the Hartbeespoort Dam catchment lies
where according to Pitman and Basson (1879; p. 3.22) severe floodiig
is often caused by major localized convectional thundersterms, model
PITR may indeed prova to be preferabie to PITH; PITR's re-infiltrat - n
function certaimly controls the excess of “potential surface runoff®
preducad by rainfall of high intensity more effectively than does
PITH, as shown by comparison of their respective reproductions of the
February 1977 event in catchment 8 {Fig. 3.6{b}).

3.5 HOW WELL DOES PITMAN'S MODELLING APPROACH REPRESENT THE
RAINFALL-RUNOFT PROCESS?

3.5.1 Introduction

As models PITH and PITR currently represent the most refined
"statements” on the modelling philosophy and approach underlying the
suite of Pitman models, 2 tentative answer ta the above guestion may
legitimately be demanded by a prospective user faced with a divergent
and confusing array of models to choose from. Before venturing an
answer, it may be prudent to reiterate four consideraticns that may
have a bearing on such an answer:

() Pitman strived for mode) simplicity, ease of calibration and
unambi guous parameter conceptualization. In attempting improvements
to Pitman's original hourly model reported in this chapter, the
endeavour was to remain faithful to his criteria.

{b) Pitman’s models, though conceptual, aré not physically-based
in the true sense of the word. This means that apart from the
assumption that a catchment may be represented mathematically by a
series of different storages, no function or parameter of the model
can be directly related to specific, measurable soil, physiographic or
other physical catchment characteristics.
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{c} The performance tests executed on PITH and PITR described in
earlier sections. included no verification checks, i.e. tests on data
not included in the calibration sample, because the available number
of reasonable flood hydrographs was too small. The aforementioned
test results provide therefore only a partial indication of mode
adequacy.

(d) The performance test results reported earlier are difficult
to interpret in isolation and will gain full significance only 1f they
are compared with the results of applying to the same data another
conceptual rainfall-runoff model of greater complexity and proven
“respectability” {and which is preferably more physically-based}.

The well known Stanford Watershed Hodel (Crawford and Linsley,
1966) represents in all respects a good “base-line" with which the
performance of Pitman's modified model versions can be compared. The
following section, in which the performance of PITH and PITR is
compared with that of the Stanford modei, should therefore cast
further light en the adequacy of Pitman's modeliing approach.

3.5.2 Comparisen of Stanford Watershed Model with PITH and PITR

An hourly-input, single-catchment versien of the Stanford
Watershed Model, as modified by Anderson of the U.S. Weather Bursau
(Roberts, 1978}, was calibrated on the sawe runcff events as models
PITH and PITR {Table 3.1}, using the same statistica) measurec of fit.
As the structure of this model is discussed in chapter 4 as model
FORD, suffice it here to say that the model is more complex than
Pitman's models, has a greater number of parameters and is more
physically-based in terms of its overland flow and channel process
components.

The Stanford model was considered to be calibrated after 63
calibration runs in the case of catchment A, 44 runs in the case of
catchment 8 and 24 runs in the case of £. Though this may not be

e,
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reflected by the number of calibrations for each type of model, the
author found the Stanford mode} more difficult both to analyse and to
calibrate than either PITH or PITR. The final parameter sets adopted
for the three catchments are listed in Table 3.6 [some trivial
parameters are not shown}, As with both PITH and P5TR % was found
that the major Stanford mode) moisture store LZSN - the nominal lower
seil mojsture storage - was required to take on a much ltarger value
for catchment £ than for A or B, larger in fact by more than 100%.

Table 3.7 contains goodness of-fit statistics for all three
catchments whilte Figs. 3.7{a), (b) and {c) depict the actual
hydrographs produced by the calibratad Stanford model. The figures
also permit visual comparisons of the fit achieved by PITH and PITR.

Results in Table 3.7 disciose that the calibrated Stanford model
produces no respanse in the case of at least five of the small eveats
{among these, the problematic February 1977 event on B), but that it
fared much better in the simulation of the major events - reproducing
at least oae major event in each vatchment very well. The overatl
results fn Table 3.7 are not notably different from those for PITR and
P1TH reported in Tables 3.4(a) and (b}, respectively. Howaver,
comparison of the performance staltistics of the three models as far as
the major events are concerned, shown in Table 3.8, indicates that the
Stanford model was more successful in simulating the actual flood
events in the Ecca catchments. Especially in the reproduction of
flood volumes and the ose-to-cne fits the Stanford model szems
somewhat superior to the other two modeis. Visual comparison of
sinulated with observed hydragraphs in Fig. 3.7 confirms the abeve
finding.

1t is likely, however, that this specific difference in
performance among the models can not be viewed as being significant,
given the small calipration sample, the lack of a verification sample,
the similarity of ovarall performance statistics Jisted in Tables
3.4(a) and {b) and 3.7 and the fact that all three wodels produced
notable failures and successes in simulating individual events. That
model version PITH was in fact able %o produce a more balanced
simulation than the other two models of both small and major events,
may outweigh the impartance of the good reproduction of major events
by the Stanford model. This "balanced" performance of modal PITH may
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well for the continucus simulation model inter-comparison that forms
the central theme of Chapter 7.

3.5.3 Conclusions

Re-addressing the question posed at the head of this section
regarding the adequacy of Pitman's modelling approach, the following
answer can now be of fered.

By employing model versions which embody Pitman's modelling
approach in its most refined form and using research Tevel input data,
it was found that major flood events in the semi-arid Ecca catchments
could be reproduced with average errors in peaks and volumes of
between +23% and +30%. The magnitude of these errors can be
regarded as just acceptable by comamon engineering standards
nevertheless, the mo«e physicaliy-based complex Stanford Watershed
mode was able to produce somewhat smaller equivalent errors. 0On the
othcr hand, model version PITH yielded a better balance between
smaller and larger flow event simuiations than the more complex
Stanford mode}. 1In general terms, therefore, it does seem as if
Pitman's hourly model, in refined form, can simulate semi-arid
rainfall-runof f processes at a level comparable with that achieved by
2 more complex more physically-based model, The implication is that
Pitman’s modelling philosophy of structural simplicity and conceptual
unambiguity - appropriate to the modest to poor quality of input data
expected in most applied modelling situations in Scuth Africa - has
been shown to be sound even in a research environment.

Conversely, it must be realized that the fact that sizeable
simulation errors were not uncommon in the above application of
Pitman's refined madet does point ta persistent inadequacies in the



Table 3.6 . 3

Adopted primary parameter values for the Stanford model

Parameter*t Units Caichment
A B E
i EPXM inches 0,15 0,15 0,20

g UZsN inches 0,93 0,87 0,90
LISN inches 3,0 8,7 18,5
POWER - 1,6 2,1 2,1
CB inches/hr 0,002 0,004 0,004 Trial
cc - 2,7 2,3 1,85 and
K3 inches 0,34 0,35 0,4 error
K24L - 0,5 0,1 0,5
K24E - 0,05 0,05 0,05
KSL - 0,87 0,82 0,75
IRC - 0,92 0,75 0,8
[ S OB 020 88T _____
L feet 2500 1800 2200
s$ - 0,20 0,27 0,17 Physical
NN - 0,35 0,35 0,35

*1 parameter definitions can be found in Chapter 4
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Table 3.7

Tests for goodness-of-fit on the Stanfard Watershed Model

Item Units Event number Mean or
1 2 3 4 5 6 overa'l
value

Catchment A

Obs. peak w/s 7,5 1,1 1,2 2,7 32,3 35,4

Sim. peak wd/s 255 @1 0,1 2,8 3,4 285

Error % -66 -93 -95 43 +9 ~20 -44

Obs. volume mm 7,3 0,6 0,8 2,3 45,2 50,9

$iim. volume L 2,0 0,1 0,1 1,9 51,6 34,8

Errer % =73 -92 -87 -18 +14 -32 -48

Timing error h +6 . . -3 +1 +

HCE -0,09 -2.43 -1,21 0,58 06,73 0,83 Q0,66

Peak-Yol. 0 F. (m3/s5)2 285
Latchment 8

Obs, peak w/s 1,0 0,9 1,2 4,5 1,8 2,0

Sim. pesk ws o 02 0,0 00 83 23 34

Error % -81 -99 -97 -5 +23 +67 =32

dbs. volume Lo 5,8 0.6 2,2 28,8 10,8 31,1

S$im, volume mm 1,8 0,0 0,3 31,3 14,1 28,6

Error k3 -63 -92 -86 +9 +31 -8 ~36

Timing error h 0 N B -2 +1 0

HCE -0,16 -0,16 -0,19 0,67 0,32 0,43 0,55

Peak-Yol. 0.F. {m3/s)2 8
Catchment E

Obs. peak wfs 1,1 06 9,8 55

Sim. peak w/s 6,2 00 49 56

Error % -80 -96 -50 +2 -56

Obs. volume mmn 2,8 0,3 28,5 25,1

Sim. volume ol 2,9 Q.1 27,3 24,3

Error % -68 -8§ -4 -3 -40

Tining errvor & -1 . -2 0

HeE -0,99 -0.47 0,58 9,50 0,66

Pedk-yol. 0 F. {md/s)2 28

No-
model
case

-100

~100

-8,79
4581

~160

-100

-1,89
101

~100

-100

-1,01
233




Table 3.8

Summary of model performance in major flood events*t i ‘

fodel Catchment Mean peak Hean volume Mean
_ error{%) error {%) HCE
PITR A 7 11 L,70
B +18 +18 0,74
E 52 468 8,67
Mean +28 +30 6,33
PITH A +22 49 0,69

B +39 +24 0,44 B
€ +14 +39 0,02
. Mean *27 23 0,39
Stanford A +15 +23 0,68
. 8 +32 +16 0,47
£ +26 +a 0,74
Mean 25 +14 0,51

*L Eve.us 5 and 6 in catchment A
Events 4,5 and § in catchment B
Events 3 and 4 in catchment E
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Figure 3.7(a) to 3.7(c} Observed and simulated
hiydrographs : catchments A, B and £
(see following pages)
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gereral modelling procedure, If the presumption that a sound
representation of storm rainfall is provided by the Ecca gauging
network Js accepted, then the ahove inadequacies can still be related
w0 any combination of the following known problems: model structure
inadequacy, illegitimate "Tumpirg" of catchment areas and potential
evaporation estimates of uncertain accuracy.

3.6 DESCRIPTION OF FINAL STRUCTURE OF PIYH AND PITR

3.6.1 Introduction

Detailed descriptions of the main elements of Pitman's original
hourly model can be found in Pitman {1976) while the interflow and
depression storage functions are described in Pitman and Basson
{1979). Taking into acceunt the various modifications iatroduced 1o
the mode) during this study, leading to mode}l versions PITH and PIVR,
the incosvenience for a user of having a description spread over three
different reparts, as well as certain errors in the relevant text and
computer program sections in Pitman and Basson (i979) (pp. 2.2, 2.3,
2.5, A6, A7, AB), it was deemed necessary to provide here a unified
summarized description of a1l the model elements. In the description
below many paragraphs relating to unmodified model elements are quoted
or paraphrased directly from the original model descriptions in the
aforementioned two reports, and descriptions of modifications are
woven into the general text.

The essential elements of model version PITH appear in Fig. 3.8,
white Fig. 3.9 depicts the elements of model version PITR. The
conputer program versions of PITR and PITH written in standard Fortran
IV have been 1isted in Appendix B. Model parameters, variables and
elements in the following description are referred to by the names
appearing in the model computer program, and only in the case of re-
infiltration is PITR distinguished from PITH. Wodel parameters are
aefined alphabetically in section 3.6.12.

3.6.2 Input data : Precipitation and evaporation

Hourly valuer of rainfall averaged over the catchment are
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required as input data and are read in as variable RECP. Mo provision
is made in the models for runoff from snowmelt. Daily values of A pan
avaporation are also required as input data, from which values of
daily potential evaporation (variable PE) are calculated by applying
the regional monthly pan factors {variable ER}. PE for each day is
assumed to be symmetrically triangularly distributed between 07hH00 and
18h00.

3.6.3 Interception

Vegetation and soil surfaces may be initially dry before a fall
of rain and a small quantity of moisture is needed to welt these
surfaces before runoff and infiltration can occur. This function is
reprasented by an assumed interception storage (PI) which must be
filled before precipitation is available for infiltration and runoff.
Moisture from interception storage is removed at the potential
evapotranspiration rate yntil exhausted {Pitman, 1976)

3.6.4 Surface runoff
Surface runoff is taken to be derived from two components, viz.:
(1) runoff from impervious areas and
{2} runoff resulting from rainfall that has not infiltrated.

Component (L) is computed by multiplying the rainfall available for
infittration and runoff by the area of catchment that is impervious
The impervious area (Al) is the proportion of the catchment that
contributes directly to surface runoff. lImpervious surfaces not
directly conrected to water courses must Flow over pervious area
before reaching a stream channel. lIsolated impervious areas are
therefore not included in the parameter Al.

In computing the runoff in component {2) it was recognised that
infiltration would be highly unlikely to be uniform throughout the
catchment. The spatial distribution of infiltration rate is no doubt
strongly influenced by physical features such as geology, soil type,
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vegetation and many others too numerous to mention. In most natural
catchments these factors would result in a considerable spatial
variation in infiltration rate. 1t was felt by Pitman that a
reasonable approximation could be reached by assuming a freguency
distribution of infiltration rate, thus reducing to a manageable
number the parameters associated with this phenomenon. As in the case
of the monthly model a symmetrical triangular frequency distribution
was adopted [Pitman, 1976). In this disteibution the minimum
infiltration rate is ZMIN {mm/t), the maximum IMAX {mm/h} and the mean
ZAVE = 0.5 {(IMIN + IMAX)

For any given rainfall input vate, HP, the surface runoff rate,
SURF, is given by the following equations, derived from the triangular
probabiiity distribution:

For ZHIN < #P < TAVE:
SURF = 2{RP - ZMIN)3

3(MAX - TMINZ Ll RPN eeeeee (3.1}

AL HP = 2AVE:
SURF = 1 {ZMAX - THTM) ...l PP (3.2}

12

For ZAVE < HP < ZMAY:
SURF = HP - ZAVE + 2(ZMAX - HP)3

ZHAX - TRINIZ L. (3.3)

AL HP = THAX:
SURF = 0.5(ZMAX = ZMI , .......... B A3.4)

For HP > ZiAX:
SURF = HP - ZAVE  .ieeeeei.inln e (3.5}

Apart from varying spatially, the infiltration rate will alse
depend on the wetness of the catchment; after several hours of rain,
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infiltration rates will generally be Tower than at the onset of rain.
To adjust infiltration capacity as rainfall continues, the
coefficients ZMIN, ZAVE and ZMAX must be decreased as the soil
moisture (S) increases. The relevant functions ensuring this effect
are:

IMAX = 4, ZMAXN L. ...l teveerareanaans bevreeaans {3.6)
2(2.5/5T)
and, ZMIN = ZMINN .ZMAX ..., PR ereeeraanes PEETr e (3.7}
IMAXN
where,

ZMAXN = nominal maximum infiltration capacity {mm/h)
ZMINN = nominal minimum infiltration capacity {mm/h)
S = sof} moisture (mm)
ST = s0i1 moisture capacity (mm)

ZWMAXN, ZWINN and ST are model parameters. Equation 3.6 bears a
certain similarity to the infiltration function used in the original
Stanford Watershed Model (Crawford and Linsley, 1966). Equation 3.7
implies the assumption that the ratic ZWAX:ZHIN remains constant under
all conditions., Since by definition ZAVE = 0.5 {ZMAX + ZMIN},
infiltration and surface runoff are determined by the three model
parameters ZMINN, ZMAXH, ST and soil woisture, S.

3.6.5 Depression storage and re-infiltration

Water that does not infiltrate into the soil is held in
depression storage as potential surface runoff {variable SURF). When
the maximum capacity of this store (parameter SU) 1s exceeded, the
surplus water {variable ADDSI} becomes surface runoff, ready to be
separated into interflow and surface flow. 1In model PITR the average
content of the depression store (0.5(SUSt + SUSZ}) for each hour is
subjected to infiitration, re-employing the infiltration function and
parameters ZWMAXN, ZMINN and ST. This process is called “re-
infiltration" and the infiltrate (variable DEPINF) is added to the
s0il moisture store. Model PITH has no re~infiltration fumction, but

i
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in both models the content of the depression store is further
diminished by the residual potential evaporation not satisfied by the
interception store. Runoff derived fron impervious areas bypasses
depression storage (and is therefore subject only to lag and
attenuation).

3.6.6 Interflow/surface flow function

Spitlage from depression storage is divided into surface flow and
interflow. In modelling this separation it 1s assumed that tow rates
of spillage generate a high proportion of the relatively slow response
{interflow - variable FINT} and, conversely, that high rates of
spillage yield a high proportion of the quick response (surface flow -
variable TSURF).

This behaviour is represented by a function of the following
form:-

DIVA = DIV/ {DIV + ADDSI}  ...... FETTROTRN PEETRTN {3.8)

where ADDSI = spiliage from depression storage,
BIVA = proportion of ADDSI that becomes interflow
and DIV = model parameter controlling the interflow/surface
flow split
{Since the model works at hourly time steps the variables in equation
3.8 aY1 have mn/h units),

Fig. 3.10{a) {ltustrates for DY = S5mm/h the decreases of inter-
flow proportion with increase in total runoff{surface flow +
interflow). The parameter DIV can be envisaged as the limiting
interflow rate as shown in Fig. 3.10(b) where both surface flow and
interflow are shown to increase with increasing total flow {Pitman and
Basson,1979).

3.6.8 Evaporation - soil moisture relationships

Pitman designed his original hourly model to require only twelve
Tong-term monthly mean Symons pan values as evaporation Snputs and
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devised an evaporation-soil moisture refationship (Pitman, 1976} at a
Yevel of simplicity commensurate with the Tevel of evaporation inputs,
To operate with actual daily pan readings as input, the evaporation-
501l maisture relationship had to be modified. To this end, the
essential assumptions made by Pitman were accepted as necessary
guidelines to preserve continuity in the original suite of —odels.
These assumptions were:

{a) actual evaporation {variabie E) is a linear function of the
leve) of 50t moisture storage ($/8T) and potential evaporation PE;

{b] evaporation way cease at a2 $/ST ratio > zero;

(¢} the evaporation-soi) moisture relationship must be
controliable by a single parameter, R

After numerous trials employing a number of different functions, the
relationships shown in Fig. 3.11(a) and [b) were chosen as offering a
fair compromise of simpiicity, viability and conceptual soundness.
Recognising similar triangles {t follows from Fig. 3.11{a) that

E=(§- SZ).PE ciiieiiiiiiinines tevrenas Ceresaes PRYPON 3.9
ST -~ 8Z

where E and PE are in mm/day and S, SZ and 5T are in mm.

Corceptually, the soil mojsture thresheld SZ, representing the
evaporetion cessation point could be expected not to be a coustant,
but to be dependent upon factors such as soil type, soil texture, sofl
structure, the energy gradient throughout the soil, the energy
differential between the soil surface and the awwosphere, dominant
vegetation raoting depths and wind patterns in the catchment. However,
having to make do with limited information on these factors
appropriate to the level of mod»)ling pursued, it was postulated that
$7 would be directly dependent on ST ani inversely dependent on PE -
with ST representing an index of soil characteristics and PE an index
of enerqy available for the evapotranspiration process. The following
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relationship was found to be promising:
sz =R AST/REDE L PPN veeees (3.10)

Eq. 3.10 1inks the variability of $Z to the variability in PE, as R
and ST are constant parameters of the model. Fig. 3.11(b) itlustrates
the effect the various elements of equation 3.10 have on the
evaporat’~r cessafion point SZ. It is important to rote that the PE
value whilio is entered in equation 3.9 is the residual potential
evaperation not satisfied by either the interception or the depression
stores. At this juncture it should be pointed out that the above
evaporation-- moisture relationship needs further testing with data
from humid . . temperate catchments. Certaimy, for semi-arid
conditions such as the Ecca catchments and the lower Berg River
(Daniel, 1982) it has been found to be reasonable. Present experience
indicates that for semi-arid to arid catchments the Tikely range of R
indicates that for semi-arid to arid catchments the likely range of R
values is 0 <R < 1 and for temperate to humid catchments the range is
1 <R <A

3.6.8 Percolation of ail moisture to groundwater storage

The generalized relationship between soil moisture and the rate
of percolation to groundwater is depicted in Fig. 3.12.

The 0-S relationsnip is a simple power curve. It is convenient
to express the relationship in tems of the fullowing four parameters:

SL = Soil moisture content below which no percolation occurs (mm}
ST = Total sofl moisture capacity {mm)

FT = Percolation at soil moisture equal to ST (mm/day)

POM = Power of Q-§ curve

The equation is of the form ¢ = A (S -~ SL)POH and the constant A is
determined hy substituting Q = FT at § = ST
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relationship was found to be promising:

ST =R, (ST/PEIDSS Ll R veens s PPN {3.10}

Eq. 3.10 Tinks the variability of Si to the variadility in PE, as R
and ST are constant parameters of the model. Fig. 3.1L{b} illustrates
the effect the various elements of eauation 3.10 have on the
evaporation cessation pafnt SZ. It is important to note that the PE
value which is entered in equation 3.9 is the residual potential
evaporation not satisfied by either the interception or the depression
stores. At this juncture 1t should be pointed out that the above
evaporation-soil moisture retationship needs further testing with data
from humid and temperate catchments, Cercvainly, for semi-arid
conditions such as the Ecca catchments and the lower Berg River
(Daniel, 19R2) it has been found to be reasonable, Present experience
indicates that for semi-arid to arid catchments the 1ikely range of &
indicztes that for semi-arid to arid catchments the 1ikely range of B
values 5 0 <R < 1 and for temperate to humid catchments the range is
TR <4

3.6.8 Percolation of soil moisture to groundwater storage

The genera)ized relationship between soil moisture and the rate
of percolation to groundwater is depicted in Fig. 3 i2.

The 0-S relationship is a simpie power curve. 1t is convenient
tu 2xpress the relationship in terms of the following four parameters:

SL = Soil moisture content below which no percolation occurs {mm)
ST = Total soil moisture capacity {mm)

FT = Percolation at soil moisture enqual to ST {mm/day}

P04 = Power of Q-5 curve

The aquation is of the form 0 = A (5 - SLIPOW and the constant A is
datermined by substituting Q = FT at § = ST
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therefore A = FT
(ST - SL)POW

and @ = FT L[S - SLIZ(ST - sL)IPON ..., e L0300

When the soil moisture capacity, 5T, is exceeded {variable
SPILL), a function that divides this excess into interflow and
groundwa ter additions comes into action:

DIVB = DIVG/(DIVG + SPILLY ..oovvviiiieininanns veean{3012)

where SPILL = spillage or excess from soil moisiure store {mm)
DIVB = proportion of SPILL that becomes groundwater (mm/h}
DIVG = mode) parameter controlling the
groundwater/interflow split

Equation 3.12 is based on the assumption that Jow rates of soil
moisture excess would generate a high proporiion of the slow
responding groundwater and, conversely, that high rates of excess
would yield a high proportion of the faster responding interflow. This
function is of cotrse identical to eguation 3.8, the interflow/surface
flow function, but controlled by a di fferent model parameter, DIVE.

3.6.9  Groundwater discharge

Mumerous trials hy Pitman {1976) revealed that adoption of a
single recession constant was not satisfactory and that a variable
recession constant, related to the groundwater storage state, Ted to
more accurate resylts, The tests indicated the relatfonship depicted
in Fig. 3.13 to be the most satisfactory for the catchments studied.

The above relationship assumes the recession constant Kr to be
proportional to the savare ruot ~f groundwater storage, i.e. that
Kre{GUS} 0,5, The posttian of the curve is fixed by the
parameter GW, which is the recession constant when GMS is equal to a
fixed value. For convenience this vixed value is taken to he equa) to
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the soil moisture capacity ST. The equation to the curve in Fig, 3.13
is thus:~

Kr = GH. GHS/ST
Groundwater outflow over a one-day period, GWF, is given b;}:-
GHF = Kr.GWS
Substituting for Kr:i-
GHF = BHLGSLE/ ST Lol (3.13)

Grounawater discharge is therefore determined via the groundwater
storage state and the factor GW. The reciprocal of GH is the model
parameter Gl, which has the units of days.

It should be be noted that, unlike so0il moisture that is
restricted to a maximum value equal to ST, GWS js allowed to attain
any positive value (Pitman, 1976).

3.6.10 Time delay and attenuation routing of runoff

Since the rainfall-runoff approach embodied in this type of model
characterizes the whole catchment Ly the processes taking place at a
single locaticn, the “runoff" produced by the various elements of the
mode) 1s really nothing more than inflow into the channel system of
the catchment. Usually, the components of model runoff have to be
lagged to indicate the runoff at the catchment outlet. Furthermore,
quickfiow components are subject to attenuation as flow ogcurs across
and through the soil surface layers and through the channel system. In
PITH and PITR, the interflow and surface flow components calculated as
“chaanel inflo" are first lagged and then attenuated or “routed".
Groundwater discharge {s not lagged, and its routing s *built into"
the discharge function (Equation 3.13).

(a) Surface flow: Surface flow lagging 1s achieved with the aid
of parameter LAG, which must be an integral number of hours, if rnot

ety

x
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zero. The surface flow computed for hour N is then assumed to appear
at the catchment outlet at hour (N + LAG}. Attenuation of surface
flow is accomplished by application of the well-knewn Muskingum
routing equation with the weighting factor, x, set to zerec for
reservoir type storage attenuation. This equation takes the following
form:

RSURFp = RSURFy + CFL (TSURF) - R, + CF2 (TSURFp - TSURY)

.................. (3.14}
inwhich CFl = 1 ceiiiiiiiiiiiiicis v eanas (3.18)
TL+ 0.5
and OF2 = EFL {3.16)
2

The variables in these equations have the following meaning:

RSURFy, RSURF = surface flow a* catchment outlet for present
and previous hours respectively (mm}

TSURF1, TSURFg = surface flow as chaunel inflow for present and
previous hours respectiely (wm}
TL = storage factor (model parameter) {hours)

{b} Interflow: Parameter LAG is also used for interflow lagging.
Since interflow rates change more slowly than surface flow rates it
is assumed that routing through a simple iinear storage adequately
attenyates inter-flow. “Storage” of interflow at ' e beginning and
end of any hour is represented by SINT1 and SIKT2, vespectively, and
the release from "storage" over the hour (FINT} is computed by the
equation:

_mmon

A
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FINT = RECIL (SINTL # SINT2} evveverrovrenneenennns (3.47}
| 2
where RECI = recession constant of interflow decay and is

related to model parameter TLI (routing constant
for interflow) according to the equation:

RECI =t - (2.TLY - II/{2.TLT + 1) .eveeiieninnaans {3.18)

Interflow "storage" at the end of the hour [SINT2) is calculated
through an iterative procedure by:

SINTZ = SINTL - RECT.(SINTL+SINT2) + DIVA ADDSI + {SPILL-DIVB.SPILL)
2 T (3.19)

3.6.11 Initial storage states

‘At the start of simulation initial values for the various
storages states of the model are an obvious necessity. By utilizing
observed flow rates at the catchment outlet just prier to calibration,
rough estimates can be made o the initial contents of the seil
moisture store and groundwat2r store, as well as input values to the
surface flow and {nterflow routing functions. By applying a simple
form of "hydrograph separation” (Pitman, 1376) to the observed
hydrograph for a day or two before the start of simulation, estimates
of guickflow and baseflow can be made. The baseflow estimate, QOBS,
for the hour pricr to simulation start becomes an input initfal value
from which the mode} calculates approximate storage states from
equations 3,11 and 3.13. The average quickflow estima: . DGF, for LAG
number of hours prior to simulation state also serves as an input
initial vatue and is divided e ually between interflow and surface
flow. Over the first LAG number of hours the value DGF/2 serves as
input and/or output vatue to both surface flow and interflow routing
functions.
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3.6.12 Model parameter definitions

For the convenlence of the reader the parameters of PITH and PITR
are listed alphabeticaily below, in categories according to their
effective influence on model outputs and operation, f.e. runoff volume
control; hydrograph shape, attensation and timing control; initial or
starting values and output option.

Parameters that control runoff volumes:
BREA - Catchment avea {km?)

Al - Fraction of caichment area regarded as impervious and that
is effectively connected to the channel network -

fosart ¢t
T oil moisture percolotion rate to groundwater
PL - M interception storage (mm)

POW - Power of soil meisture storage - percolation curve
R - Coefficient of evaporation - soil moisture relationship -

0<R <A
SL - Soil moisture storage below which no percolation occurs
{mm}

ST - Maximum sofl mofsture capacity {(mm)
SY - Maximum depression storage (mm)
ZMAXN - Nominal maximum infiltration -ate when soil moisture
storage = ST {mm/h)
ZATHN - Hominal minimum infiltration rate when soil moisture
storage = ST (mm/h)

Parameters that contral hydrograph shape indirectly:

DIV - Maximum expected interflow rate; controls division of
potential surface runoff into surface flow and interflow
(mm/h)

DIVE - Maximum groungwater recharge rate when soil moisture
capacity ST is exceeded; controls division of excess soil
moisture between interflow and groundwater {wmm/h)

[—— N
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Parameters that control hydrograph attenuation and timing: :
&1

GL - 1/Recesslon constant for groundwater depletion when
groundwater storage = ST {day}

! LAG - Time delay of chanuel outflaw {h}

: TL - Muskingum routing coefficient for surface flow (h)

; TLI - Linear-storage routing coofficient for interfiow (h)

Initial valuas and control option

DEF - (bserved average quickflew rate during LAG no. of hours
prior to start of simulation (10‘3.m3/s)
't Q08S - Observed baseflow in hour prior to start of simulation
1 (10-3.m3/s)
THRES - Daily average flow above which hourly outputs are
required; daily average flaw in 10-3.n3/s and a monthly
summary are always output (10-3.m3/s).
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CHAPTER 4

DESCRIPTION OF MODELS USED IK THE ECCA STUDY

The conceptual rainfall-runoff models referred to in this
document comprise sets of mathematical algorithms representing
catchment and channel processes, coded in standard Fortran IV for use
in digital computers. Since all the models under consideration have
been described in detail elsewhere in easily obtainable reports, this
chapter does not of fer much in-depth infermation about the
mathematical aspects of the models. Instzad, attention is rather
focused on the conceptual underpinnings of each model and, in the case
of daily and hourly models, the level of physical representativeness
of each model; from the latter, conclusfons are drawn regarding the
possibitity of a priori determination of model parameter values on the
basis of catchment information. Computer listings of a1l model
programs appear in Appendix B.

4.1 DESCRIPTION QF HOURLY MOOEL FORD

Hodel FORD constitutes a version of the Stanford Watershed Model
iV {Crawford and Linsley, 1966; Hydrocomp Inc., 1969) modified by
Anderson (Parmele, 1972) of the U.S. Weather Bureau. The Anderson
version is set up for simulation at a single flowpoint as oppnsed to
the multi-flowpoint Stanford Model; it differs further from the
original in that it uses a much enhanced infiltration functien {at the
cost of an additional parameter) and is coded in Fortran instead of
Algol. Roberts (1878} further modified the Anderson version by basing
the channel routing subroutine on a time delay histogram of quarter-
nour (instead of multi-hour) fncrements - a necessity for small
catchments. Apart from the original two reports on the Stanford Model
(Crawford and Linsley 1956; Hydrocomp Inc., 1969), a valuable
description of the model which he named, FORD, is offered by Roberts
(1978), including presentation of some of the important functions in
graphical form.

The general input requirements for FORD are quarter-hourly,
hourly, or six-hourly rainfall totals, daily or average monthly pan
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evaporation, twelve monthly pan to free water surface conversion
factors and hourly or six-hourly flow data where the flow data are
required for model calibration and verification. Irrespective of the
selected time interval for rainfall input data, the model operates on
quarter-hourly iterations for processing rainfall data while
evaperation from the three non-groundwater storages are calcutated on
an hourly and, from groundwater storage, on a daily basis.

4,1.1 Conceptual dexign

Fig. 4.1 shows a flow diagram of mode} FORD while the model
parameters are described in Table 4.1. 1t can be seen that the model
ts structured around a vertical arrangement of four conceptual
storages, each representing a zone in the land surface verticatl
profile in which explicit moisture accounting takes place. Crawford
and Linsley (1966) saw the conceptual role of the interconnected
system of storages that make up FORD as follows: “The upper and lTower
zone storages, together with the groundwater storage, combine to
represent variable soil moisture profiles and groundwater conditiens.
The upper- and lower-zone storages control overland flow,
infiltration, and inflow to the groundwater storage. The upper zone
control watershed response to rajor storms by controlling longer term
infiltration rates. Groundwater storage supplies the baseflow to
stream channels. Evaporation and transpiration may eccur from ail of
the storages.”

The interception storage, the first process to act on rainfall
inputs to the model, is of finite size while the upper zone, lower
zone and groundwater stores have infinite sizes. Deep groundwater
percolation losses from the catchment can be seen as a fifth inactive
moisture store, also of infinite capacity. The calibration parameters
associated with the upper and lower zone storages UZSN and LZSN (see
Table 4.1) represent spesific, vunctionally-inportant moisture-holding
states of these two infinite stores which have a dictating influence
on the behaviour of the infiltration function, the upper zore functien
{i.e. increments to overland flow detention and interflow detention),
the lower zone function {i.e. increments to active and inactive
groundwater) and the percolation function {i.e.

A
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Table 4.1

Parameters used fn model FORD

Variable Parameter
name

Possible a priori
source

Yolume control parameters

K1 Rainfall scaiing factor {usually inactive)
TPy Impervious area {fracticn)
EPXH Interception storage {inches}
UzsN tiominal upper zone soil moisture storage {inches)
LZSK Hominal lower sone soi] moisture storage (inches)
POWER Exponent of infiltration curve equation
cB Infiltration index
¢ Interflow index
X3 treal cover of deep-root vegetation (lower zone
evapotranspiration parameter} (fraction)
K24 Seepage to inactive groundwater (fraction)
K24EL Fraction of catchment where evapotranspiration
occurs at potential rate from groundwater

Timing control parameters

L Length of overland flow {feet)

$S$  Overland flaw slope (fraction)

NK Manning's roughness coefficient for overland flow
IRC Daily interflow recession rate (fraction)
KK24 Daily groundwater recession rate {fraction)
Ks1 Channe) storage routing parameter {fraction)

XY Groundwater recession variable rate (fraction)

maps, aer. phot
maps,field surveys

waps, aer. phot.

waps, aer. phot.

maps, ..r. phot.
hydraulics texts

abs. nydrographs
obs. hydrographs
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moi sture movemert from upper to lower stores).

The intercennected system of storaces that make up the central
structure of FORD merely serves to calculate the inflow into a river
channel during any specific time interval. This channel inflow has to
be translated to th. caichment exit or the channel point of interest
to the simulation. Such translation constitutes two phases: time
delay {or catchment 1ag"] and channel storage attemuation. Time
delay s achieved by the use of a time delay histogram obtained by
planimetering contributing areas at successive points in the stream
channel system where the distances between points represent equal flow
times in the channel. The volume of channel inflow at any time
interval is muitipliied by successive elements of the time delay
histogram to provide an outfiow hydrograph that accomodates the
effects of the channel travel times put not channel storage
attenuation. Such attenuation is ackieved by routing the lagged
hydrograph through a pseudo-linear storage

4.1.2 Physical representativeness

Though the alignment of components and the interaction between
storages of FORD may be a rational and sound conceptualization of the
way moisture distribution occurs during the catchment phase of the
hydrotogical cycle, it does not imply that the whole model can be
regarded as being physically realistic. In fact, the model is “an
asserhlage of empirical functions iinked together into a system which
conforms to our understanding of the real-world system .... The
equations are empirical but the model as a whole is a physical
description of the hydrological cycle" (Linsley, 1976}, However,
certain parts of the wmodel are more physically-realistic than others.
The most realistic component of the model is its overland flow
function.

The overland fiow function is based on the hydraulic principles
governing unsteady flow over a plane and requires the formulation of
an imaginary plane {representing the catchment surface) whose
characteristics can be jnput to the model as parameters L {length), SS
(slope) and NM (Manning's roughness coefficient). Though none of the
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Stanford Model descriptions mentioned earlier gives much guidance on
how this imaginary plane should be inferred from catchment
information, experimentation with Ecca data showed that good results
can be achieved if the following procedure is foltowed. Plane lenjyth
L can be taken as the mean siope length (in feet} from the channels of
the main tributaries (and from the main channel} to tue applicable
interfluves. Plane siope $$ can be based on the mean catchment slope
calculated as {total contour Tength. contour interval)/catchment area
fsee Table 2.14). For semi-arid catchments Manning's roughness
coefficient (NN) can be expected to be between 0,30 and 0,40.

For the obovi . -wiations of L and S one wouid natural:y rely
on maps or aerial photogranis ¢ suitable sc.le, This process by
which certain model parameters are do7rv i3 from catchment

information prior to oversll model calibration is known as a prio

calibration. Models with physically-realistic components, such as
FORD's overland flow function above, hold the promise of easier
calibration through a priori parameter estimates and inspire greater
confidence in their output. However, though their functions may not

be physically-realistic, certain parameters have enough physical
meaning to allow their 2 priori estimation as well. In the case of
FORD the following parameters belong to this category: IMPV, EPXM, K3,
K24EL, L, §S, MM, KK24, K51. Sources of a priori informaticn on these
parameters are indicated in Table 4.1,

4.1.3 Footnote on Roberts's (1978} description and application of FORD

The description of FORD by Roberts {1978} is recommended to a
poteri -t user as valuable in terms of gaod a priori understanding of
the ~nat workings of the model. However, the reader is cautioned
that certain errors exist in Rowerts {1978) which may jeopardize
understanding or successful application of the model. In Roberts's
section 3.2, the description of FORD, the following errors were found.
Firstly, the flow diagram of FORD {Fig. 17) shows no tink between the
groundwater function and the active groundwater storage. Secondly,
eguations 4 and 5, representing the excess precipitation after
infittration loss, are hased on a variable D3FV, an index of the mean
hourly infiltration rate. However, hecause the model operates on
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quarter-hourly {terations, the variable D3FV in Roberts’s egquations 4
and 5 should be replaced by D3FV/4. 1In fact, Roberts's graphical
representation of the infiltration function (Fig. 18} does not make
sense without the above amendments.

Two serious errors exist in the computer Tisting of model FORD in
Roberts's Appendix A. The ervors occur in subroutine "CHANNEL® which
effects channet delay and routing computations. These cause a more
than 50% "lous” of channel inflow during routing in all wonths except
the first nonth modeiled. Roberts's version of FORD consequently
operated with a corrupted moisture accounting system. This was
confirmed by inspection of the original computer printouts of
Roberts's applications of FORD to the fcca catchments. A possible
reason why Roberts did not detect the error may reside in the fact
that the flow total of the first month simulated by him, March 1976,
completely dominated the flow pattern during his whole simulation
period, March 1976 to May 1977 - and the nature of the errors is such
that the first month simnation is not affected by them. Further
winor ervors also exist in Roberts's computer listing in the main
program and subroutine "READER™ which cause probiems during the
printing of madel outputs. All the foregoing errors were corrected and
the computer 1isting of FORD appearing in this document in Appendix 8
should replace that in Roberts {1978).

4.2 DESCRIPTION OF HOURLY MODELS PITH AMD PITR

Models PITH and PITR are modified versions of an hourly model
deveioped by Pitman {1977; Pitman and Basson, 1879).as a flood~
forecasting toel. Chapter 3 discusses apparent shortcomings in
pitman's original model and describes in detail the nature of the
modifications that led to the final versions called PITH and PITR.
Chapter 3 (section 3.6} also contains algebraic and graphicat
representations of all the model functions and a Yisting of all
parameters.

4.2.1 Conceptual design

Figs. 3.7 and 3.8 provide flow charts of the two models under
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consideration. Like FORD, these two models are structured around four
vertically aiigned moisture storages. As can be seen, the difference
between PITH and PITR is that the contents of the depressicn storage
are "re-infiltrated" in PITR whereas this is not the case in PITH. An
important difference between these two models and FORD is that two of
their soil zone stores have finite capacities {SU and ST) while FORD's
equivalent storages are infinite. The reievance of this difference to
1ikely hydrological response differences between the two types of
models is that a finite size to, especially, soi) zone stores causes
discontinuities in model behaviour during periods of stors capacity
exceedence (Johnston and Pilgrim, 1973). During such events the
otherwise smnothly non-linear response of the model with finite stores
would display sudden increases. Such response changes would be much
attensated in models with infinite stores. (The presence of a finite
s01) moisture store in the various versions of PITR investigated in
Chapter 3, may explain why it was concluded "re-infiltration" would
make the infiltration process too dominant a part of the model,
whereas this is not the case for FORD which also uses a form of "re-
inffltration”: the higher amounts of moisture entering the soil
moisture store caused oxceedence of ST too early and too ~fien.
leading to the aforementioned discontinuities in hydralegical
response).

PITH and PITR produce three flow phases: a gquickflow phase
surface flow, an intermediate phase, interflow, and a delayed Jow
phase, groundwater. Surface flow originates as spiliage from
depression sirage, whereas interflow originates hoth as depression
store spillage and as soil moisture exceedence runoff,

4.2.2 Physical representativeness

Though less complex than FORD, it is unlikely that PITH and PITR
can be regarded as less physically-based - except for the overiand
flow function. Hevertheless, the individual functions that constitute
these two models are empirical and are far from physically-realistic
in the true sense of the werd. Still, as with FORD, certain
parameters have sufficient physical or conceptual meaning to allow
their a priori estimation. Table 4.2 lists the ralevant parameters
and their 1ikely a priori sources.
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Table 4.2

A priori type parameters used by PITH and PITR

Variabl2 Parameter Possible
nane a priori
source
Al impervious fraction of catchment area maps, aer. phot.
PL Interception storage (mm) maps, field surveys
T Huskingum routing coefficient for obs. hydrographs,

surface Flow th)
DIV Maximum expected interfiow rate (mm/h}

Bauer and Midgley {1974)
obs. hydrographs
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4.3 DESCRIPTION OF BAILY MODEL PITD

Hodel PITD is a slightly modified version of a daily model
developed by Pitman {1976} at a level of complexity commensurate with
the requirements of water resources engineering practice in South
Africa and with the disparate availability of reasonable quality
hydrometeorolugical data in varjous parts of the country.
Modifications to Pitman’'s original model are threefold and are
discuised 1n subsection 4.3.2. The gensral input rawirements for
PITD ara daily rainfall and daily pan evaporation data and twelve
monthly pan to free water surface conversion “actors. Infiltration
inte and evaporation from soil are processed on an hourly or sub-daily
pasis on raindays and a daily basis on non-raindays. The groundwater
and channel lag-routing functions aiways operate on daily iterations.

4.3.1 Conceptual design

Fig. 4.2 depicts a Fiow chart of model PITD. The model is
structured around three vertically aligned moisture storages of which
the upper two, interception and soil moisture storage, are finite and
the Tower storage, groundwater, is infinite. PITD produces only two
flow phases: a quickflow phase, surface runoff, and a delayed flow
phase, groundwater cutflow. Surface runoff can originate both a3
tafiltration excess runoff or soi! moisture exceedence runoff. PITD
displays more or less the same discontinuous hydrological response as
PITH and PITR during soil store saturation, due to the finite nature
of the soil moisture store. Channel inflows are lagged directly in
terms of one or more days to represent time delay while channel
storage attermation is effected by means of the Muskingum routing
approach.

4.3.2 Hodifications to the original daily model

{a} Rainfall disaggregation function: Pitman (1976}
disaggregates daily rainfall inpuis into hourly distributions of
speci fic duration by means of a simple linear regrecsion relationship
between duration in hours and daily rainfall in mm. Instead of the
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single relationship of fered py Pitman, two seasonal relationships were
developed for the Ecca catchments from autographic rainfall data. The
rélationships are:

summer duration of storms (h) = 3,17 + 0,23. daily fall (mm}
PRUN S

winter dwration of storms (h) = 7.5 + 0,2. daily fall (mwm)

Summer is defined as the months October to March and winter as the
mooths April o September. Each of the two equelions above was
developed using data from 50 Ecca storms. This seasonal hourly
disaggregation of daily rainfall preduced modelling results far
superior to Pitman's original function.

(b} Evaporation - so0il moisture relationship: Pitman (1976}
designed his original daily model %o accept only twelve langterm
monrthly mean Symons pan values as evaporation inputs and devised an
evaporation-soil moisture relationship at a level of simplicity
commensurate with the level of evaporation inputs. To operate with
actual daily pan readings as input, the evaporation-soil moisture
relationship had to be modified. Modifications identical to those
used in PITH and PITR, and described in subsection 3.6.7, were
incorporated.

{c) cChanne) evaporation function: Inspection of Pitman (1976)
discloses that the catchments n which Pitman developed and tested his
original model all lie in temperate tc humid climatic zones. A
characteristic of such zones i5 the presence of sustained baseflow
during dry months. The groundwater funcition Pitman devised is well
suited to such catchments as it causes unceasing outflow from the
groundwater storage. However, in semi-arid catchments long recessions
are rare phenomena due to small ar*% moisture storage capacities and

extremely high channel evapr seepage losses. Consequently,
as the applications of PIT a semi-arid data in Chapter 6
shew, the model overpredicy low for many days, even months,

ISR N
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after a major storm. To remedy this baseflow preblem a channel
evaporation function was added to PITD.

The channel evaperation function is based on the assumption that
most of the losses from semi-arid river channels are due to
evapotranspiration at a near-potential rate. These losses are a
function of the total free water surface area in the main and
tributary channels and the near-saturated area in the proximity of any
free water surfaces. As cuch, the function utilizes the level of lag-
routed potential channel discharge to calculate the total free water
surface area. Near-saturated areas are assumed to increase the total
evaporative surface by about 10%, while deeprooted riparian vegetation
is assumed to have 4« permanent evaporative effect equivalent to a
discharge iavel at 10% of the bankfull capacity. After
experimentation with many different functions, it was found that a
modified quadratic relatfoash.p best desciribes the increase in channel
free water surface area with increase in the level of discharge (at
least in terms of Ecca data). The resulting chaannel evaporation
function is

CLOS; = FRAC{ . AREAL . 1,1 . PEg
............ PRI C X 1)

where CLOS; = ghamnel Joss for day ¥, in mm,
PE4
AREAC

n

potential e-~poration for day i, in mm,

ratio of fre- w tar surface area at estimated bankfull
discharge leve! %o total catchment area,

and FRAC; = ratio of free water surface area at mean discharge
Tevel of day 1 % free water surface area at bankfuil
¢4 stharge .

In equation 4.3 the following ho‘lds:

FRAC{ = 0.1 + 2(RAT{}0,5 - RAT;
. (4.4)

H
i
{
¢
i
1
|
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wheve  RAT{ = DOUT; /QBANK

and DOUT4 = mean discharge level for day i, in mm
QBANK = estimated bankfull discharge level, in mm,
and AREAC = TRIB.CHAN/AREA.1000

. {4.6)

where TRIB = total tributary length, in km
CHAN = average width of flow at bankfull discharge, in mm
AREA = total catchment area in km?.

[

The channel evaporaticn function has created three additional
par:-rters for PITO i.e. TRIB, CHAN and QBANK, but they 3re physical
in nature and can ther.fore be estimated prior to calibration: TRIB
through planimetering suitably sceled maps, CHAN from aerial
photographs or 2 field visit ~* "SANK through a field visit or even
approximated as the maxim- discharge. It was found that the
channel evaporatfon function cuugrderab’y improved the ability of PITD
to mode) the overall flow pattern in tne Ecca catchments, both on a
daily and a monthly basis. Daily pnaks were hardly affected but
recession fits were much improved, both in terms of daily and menthly
totals. Monthly and daily standard deviation errors were also
reduced

The reader should note that the channel evaporation function was
introduced to PITD oniy after all computations up to and including
Chapter 6 had been complated, Improvements owing to the incorporation
of equation 4.3 have thus a bearing :~ly on Chapters 7 and 8.

4.3.3 Physical representativeness

As is the case with PITH and ..., the essential structure of
PITD contains no truly physica’'»--:alistic functions, but certain
parameters have sufficient corcept' * weaning to allew their a priori
estimation. Table 4.3 lists ali PIIU parameters and likely a priori
sources where applicablz,

4.4 DESCRIPTION OF DAILY MODEL DALT

Mode) DALT is a version of an extremely simple single-storage
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Table 4.3

Parameters used in model PITD

Variable Parameter
name

Possibte
2 priori
source

Yolume control para
Al Impervious fraction of catchment area
connacted to stream network
FT Maximum soil woisture percotation rate to
groundwat r {mm/day)
Pl Maximum interception storage {mm)
POW Power of soil moisture storage-percolation curve
R Coafficient of evaporation-soil moisture
relationship
St Sait moisture storage below which no
evaporation eccurs (mm}
ST Haximum s6i1 moisture capacity {mm)
ZMAXK  Nominal maximm infiltration rate when soit
moisture storage = ST (mm/h)
ZMINN  Mominal minimum infiitration rate when soi
moisture storage = ST {ma/h}
QBANK £stimated bankfull discharge or maximum
expected discharge (md/s)
TRIB Total tributary length {(km)
CHAN Estimated width of flow at bankfull
discharge (m}

Timing control parameters

oIV Proportion of soil capacity 2xcess moisture
routed to groundwater
Th Muskingum routing coefficient for surface
flow (day)
Gl 1/Recession constant for groundwater depletion
when groundwater storage = ST {day}
LAG Time delay of channel outflow {day)

maps, aer. phot.

maps, field surveys

obs. hydrograph
ficld survey
maps, aer, phot.
aer. phot ,
field survey

obs. hydrographs




madal by Diskin, Buras and Zamir {1373}, modified and extensively
improved by Roberis (1978). The objective with the development of
IALT was to "provide a model that could produce output at an
aceeyptable Tevel of accuracy with the teast possible complexity of
model structur~'. (Roberts,1978). In modifying the original model
Roberts imposed restraints such that "the modifications should not
iavelve the addition of any further storages and that the addition of
paramcters ipvelved in the calibration process should be kept te @
minimum. Within these restraints, any additional function should, as
far as possible, have physical relevance.” The model input
requirements are caily rainfal) totals, daily pan evaporation totals
or long term mean monthly pan evaporation values and monthly pan to
free water surface conversian factors.

4.4,, Conceptual design

Fig. 4.3 comprises a flow chart of DALT, showing its single
{linear or non-linear) moisture storage of finite capacity (SSM) whick
represents the maximum s0i] moisture deficiency averaged over the
catchwent. No interception, depressior sterage or infiltratien

processes are recognized and the soil moisture level is increased by

adZition of daily rainfall and depieted by daily evaporation according
to a modified quadratic function of soil moisture storage level.
Ruroff occurs either as soil mofsture excess (storage level » SSM}
which represents a quickflow phase or as baseflow (when storage level
> threshold $38) which is a delayed Flow phase.

A novel aspect of model DALT is {ts flexibility: it is in fact a
series of four models built inte the same program, where 2ach "model"
is a bit more complex than its predecessor in the series. Roberts
11978} rafers to the models yun by program DALY as:

"{1) BALTY, a simple linear storage mode) as described by Diskin
et al {1973) {sic} but with a modified evapotranspiration function,

"{2} DALT2, is model DALT1 with a base flow function and an
nptional deep percolation function,




133

{8461 *S343g0Y Wouy}
WIYQ PUR 17vG S12pow ¢ wedbelp Mo(4 €'y sanbLy

MOTEWVIYLS
AILYINKLIS

ONILNOY ¥
A¥13Q 3w
IINNVHO

3DVHOLS
FUALSIOW 1OS

NOILVHIdSNYYL
~Qd¥A3

M1 NI

NOILVYIdSNYHLOdYAS
YILNTLOd
NOLLY1}di028d

NOIVHIGSNYELOdYAY
vniov

e




134

"(3} DALT3 is a single non-Tinear storage model with the same
evapotranspiration, hbase flow and deep percolation functions as DALTZ,
and a non-linear depth response function that is operative over the
full range of storage values, .

"{4) DALY4 is wode) DALT3 with the non-linear depth response
function being restricted to storage values below the base flow
threshald", The user is free to select any one of the models siamply
By setting the program control flags. 1f it is found that the
simplest model, DALT1. does not provide output at an acceptable level
of accuracy for the application in mind, the model complexity may be
increased progressively by using the control flags. The non-linearity
of the single store is a special feature of DALT; Fig. 4.4 shows ihe
variety of "container" shapes that are possible. Roberts (1978) found
that from its tevel 2 upwards, DALY performance was equal to or
progreassively better than that of certain other much more complex
models tested on 15 months of Ecca data. Censidering this fact and
that at its most complex {DALT4) DALT has only seven parameters to
calibrate, Roberts achieved quite a feat in the development of this
model.

4.4.2 Physical representativeness

Table 4.4 lists all the parameters usad in DALT. Though Roberts
attampted to waintain a reasonable level of physicel relevance in the
parameters of DALT, none of them can actually be estimated by a prioei
means, The model ignores many of the traditional concepts underiying
well-known rainfali-runoff models such as the Stanford Model and
Pitman's models {see earlier sections} and which give rise %o multi-
storage structures and large numbers of parameters - and as such it
way seem physically less representative. However, Roberts (1978)
himself cautiens that “Lack of con“idence in the degree %o which
parameter values reflact reality does not necessarily imply a lack of
conf:dence in the ability of the model to produce adequate
simation”,

4.5 DESCRIPTION OF MONTHLY MODEL PITM

Mod21 PITM e a slightly modified version of a monthiy model

-
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MODEL DALT3

A
ss8
AMAX < 1 c AMAX < 1
BCUR > 1 BCUR <1
s58
AMAX = 1
TAMAX > 1
BCUR > 1 BCUR « 1

FAT = AMAX - ((AMAX ~ 1-0) * ((SSL/SSM) =* BCUR))

Figure 4.4 Possible shapes of moisture stores {from Roberts, 1978}
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Tabie 4.4 . i

Parameters used in models DALT and DALM

Yariable Parameter

name

Volume contro] parameters

SSM Maximm capacity of storage (mm)
$SB Storage level at which base flow begins (mm) -
POWER Power of base flow function
BCUR Power of non-linear storase depth function
AMAX Maximum value of storage depth factor
PERC Harimum fraction woisture to deep percolation

Timing contro: __seter

LAG Time delay (days or months)
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develaped by Pitman (1973), which has already enjoyed widespread use
in South Africa. Amongst others, it was a major aid in the recently
completed national survey of South Africa’s surface water resources
{Hydrological Research Unit, 1981-1982). General input requirements
for PITHM are monthly rainfall totals, monthly pan evaporation totals
and twelve monthly pan to free water surface conversion factors.

4.5.1 Conceptual design

A flow chart of #1TM is presented in Fig. 4.5, The model is
structured around two verticaily aligned moisture storages, both of
finite capacity. Two flow phases are produced: quickflow is generated
either by infiltration excess or by a form of “interflow" runc*¢ from
the soil meisture store; delayed flow is produced by 1imited
percolation from the soil moisture store. The two flow phases are
Muskingum-routed separately to aitow for chavnel attemsation.

As the original Pitman monthly model was designed to accept
Tongterm mean monthly evaporations, PITM had to be wodified to operate
on observed monthly pan evaporation totals. Specifically, the soil
woisture storage - evaporation relationship had to be changed. To
this end, modifications jdentical to those used in PITH and PITR and
described in subsection 3.6.8, were incorporatad,

4.6.2 Parameter estimates

Table 4.5 1ists all the parameters used in PITM. The only
parameter that Tends itself to direct a priori estimation is AI, the
fraction of total catchment area which s impervious and directily
linked to the channel network. However, a novel feature of PITM which
has as yet not heen equallzd anywhere in the western world at the same
scale is that regjonal values of the parameters have been determined
for the whole of South Africa by the Hydrological Research Unit (1981-
1982) of the University of the Witwatersrand. This was a necessary
component of the nationzl surface water resources survey by that
Research Unit. 1Tn ussence, the existence of proven regional
parameters for PIT¥ means that a priori estimates of all parameters
are possible for application in any catchments, gauged or ungauged.
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Table 4.5

Parameters used in model PITM

Variable Parameter
name

Yolume control parameters

Al Impervious fraction of catchment area connected
to stream network
FT Maximum soil moisture percolation rate to
groundwater (mm/month}
PI Maximum interception storage {mm)
POW Pawer of soil moisture storage-percelation curve
R Coefficient of evaporation-soil moisture relationship
St $oi1 moisture storage below which no avaporation occurs {mm}
ST Maximum soil moisture capacity {mm)
ZMaX Maximum catchment ahsorbtion rate (ww/month)
IMIN Minfmum catchment absorbtion rate {mm/month)
GW Haxinum groundwater discharge rate {mm/month)

Timing control parameters

T Muskingum routing caefficient for surface flow (month)
GL Huskingum routing coefficient for groundwater Flow (month}
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4.6 DESCRIPTION OF MONTHLY MODEL DALM

Model DALM is a monthly-input version of daily model DALT
described earlier, developed by Hughes (1982} for a monthly model
parametar transfer study in catchments of the Southern Cape coastal
lakes area. The model imput requirements are monthly rainfall totals,
monthly pan evaporation totals and iwelve monthly pan to free water
surface conversfon factors. Because he used the model in forested
catchments, Hughes {1982) added an interception storage function to
DALM and this function is retained in the model program included in
Appendix B. However, for application to the Ecca catchments, this
function was bypassed so that DALM, like DALT, operated as a single-
storage model. Consequently, Fig. 4.3 also represents the structure
of model DALM while Table 4.4 also describes the DALM parameters.
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~ * DESCRIPTION OF MONTHLY MQDEL DALM

#odel DALM is a monthly-input version of da.ly model DALT
described eariier, developed by Hughes (1982) for a monthly model
parameter transfer study in catchments of the Southern Cape coastal
takes area. The mode! input requirements are monthly rainfall totals,
monthly par evaporation totals and tweive monthly pan tc free water
surface conversion factors. Because he used the model in forested
caichments, Hughes (1982) added an interception storage function %o
DALY and this function is retained in the model program included in
Appendix B. However, for application to the Ecca catchiments, this
function was bypassed so that DALM, like DALT, operated as a single-
storage model. Cousequently, Fig. 4.3 also represents the structure
of model DALM while Tabie 4.4 alsc describes the DALM parameters.

B R .
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CHAPTER 5

A ROBUST AND RELIABLE APPROACH TO MODEL CALIBRATION

5.1 INTRODUCTION

Essentially, estimation of parameters, or calibration, of
conceptual rainfall-runoff models can be pursued in three ways.

i
{
i
t

{a) Model parameters can be inferred irom measurable catchment
characteristics. This is termed an a priori approach ty Chapman
{1975) and can be regarded as being reasonably objective. This :
approach obviously presupposes that the model in question is :
sufficiently deterministic or at least physically realistic to such an i
extent that field and/or laboratory measurements of catchment
characteristics and processes become meaningful prerequisites for
successful cperation of the model.

{b) HModel parameters can be infarred by curve-fitting or
goodness-of-fit procedures, i e. finding parameters that will ensure
close correspondence between specific characteristics of one or more
simulated hydrologic time series and their equivalent observed time
serjes, such as runoff, soil moisture storage and groundwater storage.
Exactly how closely the simulated and observed time series correspond
i5 measured by one or more statistical procedures or goodness-of-fit
criteria. The term objective function {is now widely used to describe
any specific fitting criterion employed in the parameter estimation ¢
process. Obviously, the nature of the objective function used, will
dictate the outcome of the calibratjon process (Diskin and Simon,
1977). Consequently, 3 puvrely curve-fitting or goodness-of-fit
approach to parameter estimation 1s uswally accompanied by uncer’ ity
as to whethar or not the inferred parameters are "artifacts of the
fitting process” (Chapman, 1975), and to what extent they can be
related to the "true" values which they claim to represent. This
approach can range from being completely objective, achieved by using
automatic optimizatio, coutines (Ibbitt and O'Donnell, 1971b), to
being pragmatically subjective - trial-and-error fitting by manual
perturbation of model parameters and relying strongly on visual

[
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impressions of the correspondence between the simulated and observed
-time series (Pitman, 1976}.

{¢) » 21 parameters can be inferred by a mixed approach
employing both ;. priori and curve-fitting methods. Exactly what "mix"
of the two methuds be employed in a specific sitmation will depend on
which, and how winy, of the model components are physically-based to
an extent that warrants a priori parameter estimates; also, on
whether the objectives of the model application and available time and

facilities justify the effort and cost that a priori estimates may’

entail. In practice the propartion {claimed by the authors) of

a prigri determinable parameters in often-used "mixed" conceptual
models is found to vary through a wide range spanning 4 cut of 13
parameters in a daily-input model by Pitman {1976), & out of 19
parameters in the Stanford Watershed Model {Crawford and Linsiey,
1966), the majority of the 12 (Body and Goodspeed, 1979) or 211 18
(8lack and Aitken, 1977} parameters of the Australian Representative
Basins Model, the majority of the +50 parameters of the USDAHL-74
revised model {Holtan, et al., 1975} and 14 out ~f 17 parameters of
the hourly-input model, HYSIM, by Maniey (1875, 1977, 1978). Important
to note in the foregoing type of application is that the a priori
component of the mixed calibration approach often does not comprise
more than merely basing initial estimates of so-called physically-
realistic parameters on catchment data. These injtial estimates are
then further "hardened" by subsequent curve-fitting calibration
eethads (Manley, 1978; Body and Goodspeed, 198793,

Fully deterministic, spatially-distributed, multi-dirensional
rainfall-runoff modeis have been shown to be theoretically workable by
Smith and Woolhiser (1971a and b), Freeze {1972a and b), Beven (1975)
and Beven, et al. {1980}, and probably represent the only type of
conceptual models for which a priori measurement of catchment
characteristics can legitimately be claimed to be crucial. In a
comprehensive review of this modelling approach Freeze {1978)
concludes that, inter alia, the astronomica) a_prieri parameter
estimation requirements involved will for many years to come restrict
the use of these models to “the examination of flow mechanisms on
hypothetical hillslopes or on small instrumented research watersheds".
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It is no wonder that recent years have seen several attempts at the
development of much simpler a prior] physical models than the “Freeze
generation” of models (Bultot and Dupriez, 1976; Beven and Kirkby,
1979; Jayawardena and White, 1979).  The most promising amorgsi these
must be the attempt by Beven and Kirkby {1979} to devise "a model for
humid temperate areas that attempts to combine the advantages of
simple tumped parameter models with the important disteibuted effects
of variable contributing areas and flow routing through the channel
netwovk, while retaining the possibility of deriving parameters by
direct measurement within the basin under study". The above model
simulated the outflow from an 8kmZ catchment, subdjvided into 23
segments, fairly well without any recourse to calibration
Nevertheless, even at this small basin size the authors found the task
of deriving the parameters of all 23 segments directly by field
measurement very daunting. “Wherever a hydrological process is to be
modelled from strictly physical considerations, the spectre of spatial
variability appears”, is Moore and Clarke's {1981) apt formulation of
this dilemma. It does seem therafare as {f the outlook for
operational application of the latest generation of simpler a priori
physical models in the short term is fairly bleak.

The aforementioned situation Teaves the practising hydrolegist
with 1ittle choice but to accept the inevitability of a certain amount
of "curve-fitting" when using conceptual rainfall-runoff models in an
applied or operational situation. Fortunately, some of the pitfalls
of curve-fitting/goodness-of-fit methods can be redressed in two ways.
Firstly, there is the a priori estimation of at least some parameters
(outlined eariier) - even if only as initial values in the fitting
process to ensure that the calibration starts in a realistic parameter
enviyonment, or as physically realistic boundaries for specific
parameters to which they may be comstrained during calibration. Very
useful for this }imited form of a priori parameter estimates would be
compendia of physical characteristics of catchments, such as the paper
by Jones (1976) who collated physical catchment data typically needed
by conceptual models from published surveys spread over several
dicciplines. Employing initial parameter values derived from very
small typical plots (7m? area) representing hydrological zones in
small agricuitural catchments is a further promising technigue used by
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the USDAHL wadellers (Comer and Holtan, 1976}, 1In Australia much
research is being done‘on actual field observation and mapping at
small to wadium catchment scale of hydrologically significant physical
catchment characteristics (Bell and Varst, 19813 Laut g, 1982} .

In South Africa, mapping of a different varietv is being employed
to assist a priori parameter estimates (Hydrological Research Unit,
1981-19821: in this case the primary parameters of a specific model,
i.e. Pitman's (1973) monthly model, have heen mapped o» a regional
scale in association with regional maps of rainfall, vegetation,
geology, soils and land use. A priori estimation of model parameters
by multiple regression with physical catchment characteristics, valid
for a specific region, has been used fatrly successfully by James
{1972) and Magette et at. {1976) in appllcations of the Kestucky
Watershed Modei in five southern states in the U.S.A., and by Betson
et a1. (1980) fn applications of model TVA-HYSIM under the auspices of
the Tennessee Vatley Authority.

The second way of redressing curve-fitting shortcomings is to use
other observed hydrological time series such as soil moisture or
groundwater storage additiomal to streamflow records in model
calibration, i.e. to fit both the model output and an internal state
variable of the model to the corraspondiong ohserved records. In this
way the amount of information utilized in the calibration {s much
expanded and confidence in the fitting method per se s erhanced. This
multiple-time series calibration was first tentatively uses by
Johnston and Pilgrim (1973} and Jater strongly advocated by Chapman
{1975}, but reported results to date seem fairly inconclusive, Douglas
et al. (1576} using monthly soil moisture readings and 6-hourly
streamflow data in two catchments found that calibration was Tittle
improved by the 5031 moisture information. They ascribed this
disappeinting result to sparseness of soil meisture information.
Similarly, Jackson et al. {1980) reported only partial success in
using observed soil moisture additionally in the calibration of the
USDAHL model. Kuczera (1982), on the other hand, reported much
improved parameter estimates by incorporating 2-monthly groundwater
depth readings, additional to streamflow, in the calibration of his

simple catchment model by automatic optimization.
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Undoubtedly, much research can still be expected on parameter
estimaticn as a Jimited a priord prdcess, as we]’l as on the use of
multiple observed time series in model calibration by curve-
fitting/goodness-of-fit methods. Unfortunately, both these avenues
towards mare reliable mode) calibration are of 1ittle help in the
model1ing studies reported in this document. The only a priori
estimates that can be aitempted in this study are related to those
parameters which can be read off or calculated from maps, aerial
photographs and hydrographs of instantaneous discharge - a minar help
for all models incitded in the study, Furthermore, addjtional
observed time series of catchment storage variables such as soil
moisture and groundwater are also unavailable for enhanced
calibration. Far the foregoing reasons and by reason of the sizeable
number of models selected for application to the Ecca catcnments, as
well as the muitipie objectives of this study, it was deemed essential
that the establishment of a robust but reliable cirve-
fitting/goodness-of-fit approach to model calibration should precede
any other developments. Horeover, during the early stages of the
research reported in Chapter 3 it was already clear that the manual
trial-and-error calibration approach was proving to be of only 1imited
usefulness and that some form of autometic search or optimization
procedure was qoing to he indispensable - far three principal reasons.
Firstly, the envisaged modelling studies implied many tens of
thousands of model calib:ation runs, sometimes with Jarge input data
se*s. Manual procedures as the only calibration approach would have
heen immensely costly in man~hours. Secendly, the manual approach
necessitates an intimate understanding of the workings of a model far
rapid convergence on an optimal set of parameters. Though this may
cammaniy be regarded as a fruftful pursuit im its own right, the
2quitableness of the planned model intercomparison {Chapter 7) might
have been compromised by extensive experience the writer had had of
two of the selected models, i.e. the daily- and monthiy-input models
developed by Pitman {1973; 1976). Thirdly, notwi thstanding the fact
that calibration by one person only should 1imit spurious subjectivity
in the mode! intercomparison phase {as would be the case if each model
was calibrated by a different person), i1 was felt that rational use
of automatic optimization procedures would facilitate minimization of
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the general subjectivity that is usually present in calibration by
goodness-of-fit criteria {Moore and Ciarke, 1981).

It follows that rational decisions about items such as the exact
techniques and theoretical considerations that the parameier
estimation approach in the Ecca study should encompass could be made
omly on the basis of a sound appreciation of the state-of-the -rt
regarding parameter optimization for rainfall-runoff models. In what
foilows, the discussion of the state-of-the-art in optimization leads
in the rest of the chapter. After discussion of relevant theory and
problems, the choice of a suitable automatic optimization procedure is
deseribed. The influence of a large and varied set of objective
functions on the optimization procedure is explored and suitable
funciions identified, using Ecca research data. This is followed by an
investigation into the robustness of the chosen objective
function/automatic optimization combination. A discussion of
parameter sensitivity considerations leads on from the robustness
tests. A synthesis of the findings into a rational calibration
procedure concludes the chapter. At this point it must be stressed
that no attention is given in this chapter io the specific problem of
the optimal length of the calibration sample. Twe role of calibration
period length is analysed in Chapter 6 as a separate study because of
its importance.

5.2 STATE-OF-THE-ART IN PARAMETER OPTIMIZATION FOR RAINFALL-RUNOFF
MOBELS

5.2.1 Optimization procedures used in catchment modelliing

Automatic optimization procedures have attracted increasing
interest in the field of conceptual catchment modelling since Dawdy
and 0'Donnell {1965) showed in the mid-sixties that this type of model
can be calibrated automatically. Autematic optimizatfon procedures
are mathematical search algorithms (computer-coded) which seek to
minimize differences between selected features of modelled and
observed streamflows by systematic trial alterations in the valtues of
the model parameters. These trial alterations are catled
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“iterations®. The objective function, i.e. the quantitative measure of
the fit of the modelled runoff to the cbserved runoff, is calculated
after each parameter iteration. Successfu) iterations are those which
cause a reduction in the value of the objective function. During the
search only the parameter set associated with the current least
objective function value is retained, which, at the end of the search
is r garded as the optimal parameter set. The end of a search can be
decided by a convergence test of the rate of reduction of the
objective function value, by a predetermined number of iterations, or
by a computer run-time 1imitation.

For two-parameter models, the distribution of the objective
function values produced by different pairs of parameter values can be
plotted on two-dimensional diagrams as contours of equal values, as
shown in Fig. 5.1. This distribution of objective function values in
the two-parameter plane is known as a response surface. For a multi-
parameter model the same concepts will hold: if there are N parameters
ancf these are represented by N of the coordinates of an M-dimensional
coordinate system (where H = N+1}, and the remaining coordinate
represents the cbjective function, then this function forms a surface
in the M-dimensional space known as @ response surface {Johnston and
Pilgrim, 1973). For W>2 this surface obviously cannot be represented
visually. The optimum parameter set is defined by the Towest point on
the surface {n the case of a minimizing objective function. fhis
Yowest point is known as the global optimum and discovery of the
optimam is k.own as convergence. There may be other points on the
surface which are lower than all others in their immediate vicinity,
but not ‘ower than the global optimum. Such points are known as Jocal
optima. Fig. 5.1{a} illustrates the aforementioned phenomena.

The response surface is a wost useful concept: the optimizing
procedure may be portrayed as a search on and across the response
surface for its lowest point. Most search algorithms conduct a Yine-
search, i.e. the objactive furction values at various points along a
search direction are determined. When the line-cptimum in that
direction has been found, a new search direction is defined and a new
search cycle starts. How the search directions are defined, how each
subsequent search step is generated, how each line is searched and
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which assumptions are made about the form of the response surface give
vise to the different optimization algorithms reperted in the
Yiterature.

Outlines of a number of different optimization procedures have
been given by Ibbitt and 0'Donnell (1971!;), Clarke (1973a), Wood
{1975) and Johnston and Pilgrim {1973), while Pickup {1977)
recommended the work by Himmelblau {1972} as a primary source of
information. The different procedures can be categorized as either
deterministic or stochastic, with the former being wuch more common.
The deterministic catagory can in turn be subdivided into direct
search, steepest descent (also known as "hiil-ciinbing") and least
squares search methods.

{a) Direct search procedures: These methods merely require the
abiTi4s to make simple comparisons of vaiues of the objective function
at different points along a directional search, using no information
about the shape of the response surface.

{b) Steepest descent procedures: In contrast with direct search
procedures, the descent methods wake use of additional information
about the surface oeing searched. Many of these methods require the
stope of the surface in eacn coordinate direction, i.e. the partial
derivative of the objective function with respect to cach parameter,
at each jteration. Additionally, some methods assume that close to the
optimm the surface may be approximated by a positive quadratic shape.

{c) \Least squares procedures: This approach assumes that the
objective function is quadratic for all parameter sets. It finds the
optimum by solving anaiytically for those parameter sets that will
define a direction aloeng which the partial derivatives of the
objective functiun will tend to zero.

Comparisons of the fitting ability of different automatic
optimization procedures using conceptual rainfail-runoff models have
besn reported by I1bbitt and Q'Doanell (1971b) who tested nine
di fferent techniques, Johnston and Pilgrim (1973) who investigated
four algorithms in depth, Wood {1975} who compared three techniques,
Pickup {1977) who tested four different algorithms and Manley (1978)




150

who compared two techniques. From the aforementioned and other
studies it can safely be concluded that, in general, direct search
procedures perform better than steepest descent in that they are less
susceptible to irregularity of the response surface such as local
optima and discontinuities and that they converge more rapidly in the
earlier stages of optimization. A second conclusion is possible

further progress in the search from a point where convergence seems to
cease is often possible by switching to another type of optimization

Ibbitt and 0'Donnelt (1971b) achieved unexpected progress beyond the
apparent optimum by switching from a direct search to a stochastic
search algorithm, Johnston and Pilgrim (1973) from direct search to
steepest descent and Porter and McMahon (1375} atsa from direct search
to steepest descent. A third conclusion stems from the second: a set
of parameter values should not be accepted as an optimum unstil a
aumber of attempts to make Further improvements have been made. Apart
from employing a different optimization algorithm, the complete
optimization should be repeated from different initial parameter sets
(spanning the uncertainties fn the a priori estimates}; in other
words, starting from different points on the response surface.

5.2.2 problems common to optimization procedures and catchment
modelling

The effects of the unique problems encountered with optimization
methods in conceptual rainfall-runoff mode)ling have been studied by a
number of researchers: 0'Connell, Nash and Farrel (1970); Ibbitt and
0'Donnell (1971a, b); Plinston (1971); Johnston and Pilgrim (1973,
1976); Pickup {1877); Mein and Brown {19781; Saroeshian and Dracup
(1980); Kuczera (1982). These effects are that different sets of
“optimum’ values are derived from different sets of initial values of
the parameters and that guite different sets of parameter values often
give very similar values of the same objective function and of the
computed runoff, which also agree with the observed runoffs with
acceptable accuracy. Reasons for these difficulties as summarised by
Pilgrim (1875} and Moore and Clarke (1981) include the following
points.

(i} Interdependence between model parameters, by which a large
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number of combinations of parameter values wil) give simifarly low
vajues of the objective Ffunction - a change in one parameter may be
compensated by changes in one or more of the other parameters. For a
two parameter model, a long flat-bottomed valley resuits in the
response surface, as shown in Fig. 5.1{b}. Optimization metheds make
only slow or no progress along the floor of such a valley towards its
Yowest point, It could be argued, of course, that this
interdependence is not a problem, since any of the pairs of values in
the vailey s almost an optimum and the resulting output sequence is
none the worse for the interdependence. However, if any meaning is to
be attached to individual parameter values - if, say, parameter values
are to be carrelated with catchment characteristics - the values
obtained from such ap optiwization would be meaningless.

{41} Indifference of the objective function to parameter values
such that appreciable changes in the value of one parameter may cause
Tittle or ne change in the objective function. Plateau areas will
result on the response surface, as shown in Fig. 5.1{b) for high
values of X3, and it may not be possible for search methods to make
progress in such areas, leading to a declaration of a false optimum.

{111} Discontinuities, or points on the respoense surface at
which the objective function, while still continuous, is
noadi f ferentiable.

{iv} Local optima, as shown in Fig. 6 1{a} - also leading to
premature declaration of convergence.

{v) Scaling of parameters - the particular scales used for
di fferent parameters may result in unfavourabie configurations of the
response surface for search progress.

Possible soiutfons to these problems ifnclude the following
measures. Problems {i} can be partfally redressed by optimizing
interdependent parameters individually in separate searches. Problem
{ii) can be avoided by setting indifferent parameters to constant
values or by starting mere than one search from different points on
the response surface. Preblem ({ii) affects only steepest descent
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algorithms and cannot be solved except by multiple searches from
different points on the response surface. Problem (iv) can often be
overcome by direct search methods or by switching optimization
algorithms when the search sTows down. Point (v) is less of a problem
in direct search than in steepest descent methods and can be redressed
by either scaling parameters to the same order of magnitude or
weighting the search steps for individual param. te"s according to
parameter scale.

A measure that is often used to cope with more than one of the
above difficulties is to constrain the values of certain parameters to
2 "tikely range" during optimization, i.e. to prevent "impossible”
values from being chosen by the search routine or for the routine to
wander into one of the difficulty-prone areas of the response surface.
Pitgrim {1375) argues that this procedure is unjustifiabie because a
parameter value might pass through an impossible region during the
search but then return to a realistic level. Imposition of limits
also implies that the model structure and the parameters are indeed
physically realistic and that the data contain no serious errors.
Chapman {1976) argues conversely, i.e. that modellers should
consciously strive to make their models more physicaily-based; then
crucial parameters pust be constrained to known physical iimits
crmensurate with each catchment situation,

The choice and the role of the objective function are aspects of
optimization which also offer serious difficulties to the modelier.
Because of their importance, these aspects are discussed under a
separate heading in the next subsection.

5.2.3 The importance of the objective function

It is axiomatic that the optimal set of parameters arrived at by
optimization is in fact optimal only in the context of the objective
function used during the process. A substantially different ohjective
function may converge on a substantially different optimum parameter
set, though ali other conditfons of optimization remain unchanged
(Diskin and Simon, 1977; Pilgrim, 1975). Perusal of the scores of
modelling studies published since the mid-sixties discloses that in
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the majority of cases calibration (manual or automatic) eccurred, at
Jeast partially, by minfmization of the sum of the squared deviations
between modelled and simulated streamflows, or of a function based on
the sum of squared deviations. These least squares-type objective
functions can be said to have 2 general form:

3 " mik
objective function = f(j=1 Wj QOBSj-QSIMjl }

vhere f(.) signifies some function of the entity in brackets,
70855 is the observed streamflow (or some characteristic of
the hydrograph such as the peak) in time period j,
QSIMj 1s the simuiated streamflow in time perfod j,
n i{s the number of time pericds being modelled,
m is the power transformation of the streanflows,
k is a power to which the deviation far each time period is
raised,
A is a waight applicable tu each time period (usually
related to 008S5).

By algebraic analysis of two moisture stores typical of those in most
explicit-sofl-moisture-accounting models, Johnston and Pilgrim {1973)
investigated the merits of different configurations of the exponents,
mand k, in equation 8.1, while keeping the weight w constant at one.
This work resulted in five important findings:

{i} <changing the values of the exponent k did not affect the
optimum values of the parameters

{ii) ‘leading on from (1) changing exponent k had no effect on
the reproduction by the model of small or large events. This finding
dispreves the traditional assertion that changing the value of k
varies the relative weighting given to small and large flow events

(§ii) the shape of the response surface was altered by changes
in exponent k, affecting the ease or difficulty of optimization. The
velue of k=2, i.e. the simple least squares function (Clarke, 1873b),
was found to produce the most favourable shape - a parabolic shape
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{iv] changing the values of exponent m, §.e. transforming the
streamflows, before calculation of deviations did affect the optimum
parameter values cisiderably

{v} setting m=2 favoured the reproduction of the large events
while m=0,5 favoured the reproduction of small events.

One suspects that often the main reasons for the popularity of
the least squares criterion must be familiarity and computational
simplicity, because notably few of the many authors of modelling
reports referved to earlier bother to motivate employment of least
squares-type objective functions or to explore the implications their
use and the use of specific weights and exponents {w, m and k in
eguation 5.1) might have for reliability of parameter estimates.
Still, all modellers desire exactly that - estimators of reliable
model parameiers. This need for rel{able parameter estimators is ove
of the main themes in Clarke's {1973b) benchmark review of the
calibration and use of mathematical models in hydrology. Clarke
points out that parameters estimated by analysis of the stochastic
nature of model residuals through application of maximum Jikeljhood
theory must be regarded as the "most acceptable" parameters, because
statisticaily sound {significance) statements about how “good" the
estimates are may then be possible (aiso because such estimates are
unbi ased, have minima) variaace and have computable confidence regions
that converge as the number of observaed data used in the calibration
becowes large). A least squares objective function according to
Clarke can lead to a maximum likelihood estimate omly if four
assumptions about the probability distribution of the model residuals,
i.e. the deviations QDBSJ - OS!Mj, are validi that the residuals are
normaily distriouted, have a zero wean and constant variance, are
uncorrelated and produce a response surface of quadratic form {for all
parameters) near the optimum. Clarke then goes on to show the
aumerous ways in which reported runoff model residuals invaiidate one
or more of these assumptions. Lnevitably, the conclusfon must be that
more often than not the parameter estimates achieved by least squares
objective functions are not of a maximum likelihood nature, are in
fact of unknown statistical significance and may be mere artifacts of

i.
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the minimization process, thereby complicating attempts to attribute
physical or conceptual meaning to them.

Clarke's (1973b) advocacy of the importance of model residual
analysis in caiibration can now be Tinked to two of the findings by
Johnston and Pilgrim (1973) discussed earlier. Firstly, the finding
that k=2 in equation 5.1 produces a parabolic respanse surface on
which it {s easiest to find the optimum vaiidates one of Clarke's four
assumptions for maximum likelihood estimates by a least squares
objective function, i.e. quadracity of the response surface near the
optimm. Secondly, awarding values to exponent m in equation 5.1 such
that mfl changes the statistical characteristics of the model
residuals and is analogous to transformation techniques used to try to
achieve homo:eneity of residual variance in linear regression
appiications. (Nonhomogeneous residual varfance or heteroscedasticity
typically arises in conceptual modelling when, due fo measurement
errors, the residual variance increases as discharge increases - a
consequence of the concavity of the typical stage/discharge
relationship, The result is that higher-stage errors translate into
larger deviations in discharge than lower-stage errors; Sorgoshian and
Dracup, 1880). Choosing a value for m{m#l, k=2) that stabilizes
nonhomogeneous variance will validate another of Clarke's four
assunptions. Unfortunately, selecting vatlues for m has in the past
been dane rather arbitrarily by conceptual modellers and usually there
is no certainty of achisving a stabilized residual variance situation.

Computing proper weights, «j in equation 5.1, for individual
deviations can be fraught with uncertainty. An example of the rule-
af-thumb approach often used is the weighted least squares cbjective
function in the parameter estimation routine of the flood hydrograph
package {HEC-1} of the U.S. Army Corps of Engineers {1373). Here the
weights are assigned according to the rule

wy = (Q0BSy + §08S) /24085
.(5.2)

where QOGS is the average of the historical discharge values. Although
this weighting will accentuats peak Flows in the minimization process,

s




it is Vikely that the darived parameters are not transferable in time
or space. Sorooshian and Dracup (1980) show that rule-of-thumb
weighting is in direct conflict with the principles of maximum
Tikelihood theory and that the only legitimate form of weighting is
one in which weights are derived during the optimization process by -
anatysis of residuals.

The inadequacy r+ least squares-type objective ‘unctions (m=l,
k=2 in equation 5.1} for parsmeter estimation in the presence nf iaput
data errors s explored by Kuczera {1982} (uncorrelated and
homoscedastic errors} and for the case of .treamflow data errors by
Sorcoshian and Oracup (1980} and Sorcoshian (1981} {correlated and
heteroscedastic errors). 11 three studies demonstrate that careful
attention to the stochastic structure of model residuals during the s
optimization process can lead to substantial gains in accuracy of
parameter estimation in coaparison with blind minimization of a simple
ora weightéd Teast sauares objective function.

Despite increasing recognition in the past ten years that great
uncertainty surrounds the physical or conceptual significance of model
parmeters derived by minimization of one or more objective functions
without support by stochastic analysis of model residusis, this
practice continues among water reswurces engineers and consuiting
hydrologists. In most cases, $t is granted, the *feel" which the
modeller has for his mode) and for the particular catchment he is i
modelling may dictate the final paraveter choice. This “feel® of the :
modeller for 3 catchment, incorporating as it does the intangibles of
his/her professional experience, may be a pragmatic way teo evade the
problems of parameter uncertainty analysis - an undertaking bayond the
mathematical and computational rewnurces of the average consulting
engineer/hydrologist, as inspection of the attempts by Mood (1976),
Douglas, Clarke and Newtaon {1974), Mein and Brown {1978} and
Sorooshian and Dracup {1980) very quickly reveals. It must be
expected therefore that model calibration practice comprising this
blend of subjective experience and objective optimization, which has
gradual 1y developed in engineering-orienta*e modelling applications,
will persist for many years to come - a: least until model residual
analysis and maximum tikelihood estimation techniques can be

e
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strearlined, packaged and “sold" to engineers, both as ideas and as
products.

Recognising the need for pragmatism in water resources
engineering practice, hydrologists such as Aitken (1973}, Pitman
{1977) and Weeks and Hebbert {1980) have continued research into
reducing the subjectivity of objective function selection for common
redelting applications. Pilgrim {1975} stresses that, without tosing
sight of the foregoing findings on parameter uncertainty, the choice
of an objective function must be related to the aims of the modelling
application, e.g. catchment yield studies, flood peak estimation for
frequency analysis, Jow flow studies, land use effects on yield or on
the whole hydrograph. This theme is echoed by Diskin and Simon {1977}
in a comprehensivay study of the problem of selection of objective
functions in terms of specific engineering modelling applicatioss.
They analysed a configuration consisting of twelve different objectire
functions and six different engineering applications by optimizing two
different models on data from three different catchments. Individual
objective fuactions were not necessarily based on all observed flow
data, but often on a specified subset of data. The subset used in any
given case was such that the objective funrtion became orientated
towards a certain engineering application, e.g. only peaks or only low
flows. 1In some cases the objective functions were calculated not from
computed and observed values but from statistical parameters derived
from these, such as varijance, skewness and kurtosis,

The central afm of the Diskin and Simon {1977) study was “to
investigate the effects of the objective function selection and to
arrive if possitle at some recommendations or guidelines for this
selection which will veduce the spparent subjectivity involved”. They
demonstrate that a systematic procedure (albeit elaborate) for
selection of objective functions is possible, that greatly improved
results can be obtaineq if the objective function is formulated
according to the engineering application for which modelling results
will be used that it is desirable to use more than one objective
function in the optimization procedure for a given model and a given
engineering application. It is of interest to note that as an
integrated result over the catckments, wodels and applications
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considered in this study an objective function based on the sum of
absolute deviations proved to be the most robust, with a simple Jeast
squares function second best. The worst two performances belonged to
functions based on power-transformed observed and simulated values.

5.2.4 Summary of perspectives on optimization/objective function
difficulties

Perspectives on the role of objective functions in parameter
estimation are currently still separable into two groups. On the one
hand there are the practising engineers/hydrologists who are often
hard-pressed to operate against a background of non-existent,
inadequate or incomplete hydrometeorological records and having
financial constraints and limjted time to produce re=sonable
“answers”. In this context the aperation of conceptual rainfall-~
runoff medels is regarded as 'smpietely deterministic and,
conseauently, rodel residual analy .7z °s Yargely ignored in parameter
estimation. However, uncertainty in terived model parameters is aften
indirectly acknowledged by steering model zalibration towards
simultaneous optimization of a group of objective functions, each
measuring 2 different arnect of the goocness-of-fit {Aitken, 1973;
Hydrological Research Unit, 1981-1982; Cundy and Brooks, 1981).
Subjective but conservative judgement tempered by experience usually
canpletes the optimizatinn process.

The other group of perspectives is exemplified by the ideas of
Clarke {1873b}, nemely that the operation of a conceptual model should
be regarded as a stochastic process. Due to model structure
inadecuacies and data errors the true parameters of a madel can be
merely estimated and this parameter uncertainty must be defined via
the stochastic structure of the model residuals. In other words, the
objective function should be of a type that integrates the information
in the statistical properties of model residuals to ensure appropriate
minimization of uncertainty in model parameters and to make possibie
confidence statements ahout simulated streamflows. Although other
workers are also making progress in this field, as shown above, Clarke
has heen developing hiv approach fairly consistently during the past
ten years: {larke {1973b); Douglas, Clarke and Newton (1976);
0'Connell and Clarke (19&1}; Moore and Clarke (1981).
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Perspectives on the general complexities of the calibration
process, cited in subsection 5.2.2, and the possible solutions that
are at hand vary from cautiously hopeful (Mamley, 1978; Mein and
Brown, 1978) to almost pessimistic (Moore and Clarke, 1981). There
does seem to be consensus that the available measures by which the
typical optimization problems of 5.2.2 can be redressed still do not
guarantee convergence on the global optimum, so that the spectre of
“false" optimum parameter sets or dubiously subjective parameter
choices often cannot be escaped. A good exampie is the Tong and
detailed searches for optimum parameters of the Boughton {1966) wmodel
conducted in three different instances by Johnston and Pilgrim (1976),
Moore and tiein (1976), Mein and Brown (1978) and Pickup (1977} {in the
case of Johnston and Piltgrim over two years of full-time work
concentrated on one watershed)}. In none of these instances could the
modellers claim to have found a truly optimum parameter set for the
13-parameter Roughton medel, which is a typical example of the class
of models under discussion. Indeed, the aforecited cumplexities are
so fundamental that they have led a prominent hydrologist such as R.T.
Clarke to remark that "difficulties of the kind encountered by
Johnston and Pilgrim {1973) and Pickup (1977), ..... appear to have
Ted to a decreasing emphasis on the use of conceptual models where it
is necessary to forecast future runoff in real time ..... instead,
forecasters have turned to more empirinzal models in which there has
been 1ittle or no attempt to use the principle of continuity that is
embodied in all ESMA {explicit-soil-moisture-accounting) models™
(Tucci and Clarke, 1980}.

Undoubtedly much research on the difficulties of optimizing
conceptual models by ohjective functions can stiil be expected.
However, it may be that the root cause of these difficulties should be
sought in the complexity of the rairfall-runcff models containing
anything from 6 to 30 parsmeters to be optimized and not in the
ohjective functions or the optimization methods - whether they be
automatic or trisl-and-error. Moore and Clarke (1981) deliver a
powverful verdict on existing rainfall-runoff models saying that
because of mode) complexity
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“ihe objectiive function cannot in practice be written down
explicitly; even if it could be written, 11 would contain points in
the parameter space at which derivatives were undefined. The result
is that the existence of multiple optima cannot be satisfactorily
explored in a systematic manner, and we are forced to use refatively
slow direct search methods for the calculation of optima instead of a
method using gradients, such as Mewton-Raphsen with guadratic
convergence. Because the objective function cannot be written down,
the hydrologist must have blind faith in the computer that he is using
and in the program that he has written; his attention is so much
occupied by the problems of optimization that he rarely gets to a full
study of the residuals given by the model, which will indicate how it
is unsatisfactory. He can acquire no feel for the statistical
properties of these residuals, and therefore he cannot use existing
statistical methods for testing hypotheses about the model, for making
confidence statements about estimated streamflows, for making use of
prior information about parameters, and for using additional
measurements recorded within the basin that he is modelling.”

Against the background of this rather destructive criticism, Moore and
Clarke propose a new conceptual rainfall-runoff wodelling approach in
which the traditional few moisture stores are replaced by a
statistical population of stores, while

"braring in mind that the aim should be the development of models
that are parsimonious of parameters {so that ratjonalization becomes
more straightforward}, with objective functions that are differen-
tiable everywhere in the parameter space {sc that faster optimization
procedures may be used} and such that the relation between streamflow,
rainfall, and potential evaporation can be written down explicity {so
that standard errors of estimated stresmflows can be calculated
easily}” {Moore and Clarke, 1981}.

The first few preliminary tests of this modelling approach produced
promising results, but a general purpose model along the aforesaid
Tines is stil1 only a remote possibility.

PR
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5.2.5 Implications for the Ecca modelling studies

The group of models selected for application in the Ecca research
catchments constitutes a fairly representative sample of the category
of models affected hy the formidable complexities of reliable
parameter estimation. The implications for the Ecca study of the
foregoing discussions are therefore that difficulties in defining
unique parameters for each of the model/catchment combinations were to
be expected from the outset and that the calibration procedure had to
be designed to forestall the effects of these difficulties. A very
important implication was the fact that a purely objective automatic
optimization was not necessarily safer than a manual trial-and-error
procedure and that rational manual intervention in the course of an
automatic search was often essential to overcome complexities in the
response surface geometry. Lastly, a calibration approach based on
analysis of the stochastic nature of model residuals could not be
employed in the Ecca study, as it would have been excessively costly
in terms of man-hours and computer time owing to the complex
computational and stringent matheaatical demands involved; in
addition, by treating the operation of the model as a deterministic
process, results from such a study could be expected to be much more
accessible to the engineering fraternity.

5.3 SELECTION OF AN OPTIMIZATION ALGORITHM

Among the optimization algorithms that have been tested for
catchment modelling purposes {discussed in the previous section), the
direct search methods of Rosembrock {1960} and Nelder and Mead (1965)
(simplex method) and the steepest descent method known as the Davidon
wethod (Flatcher and Powell, 1863) feature prominently. In general, it
seems as ff the former .3 algorithms may be better than the Davidon
method (Ibbitt and O'Donnell, 1971b; Wood, 1975; Pickup, 1977) but
that there is 1ittle to chaose between the Rosenbrock and Nelder/Mead
algorithms (Pickup, 1977; Manley, 1978}, Computer programs of alt
three algorithms are available in various published sources, eg.
Rosenbrock in Kuester and Mize {1973) and Douglas {1974}, and the
other two in Himmelblau {1972).




162

5.3.1 The Rosenbrock optimization algorithm

{On the strength of its reported robustness, the Rosenbrock

algorithm was selected as the automatic optimization technique that
would be employed in the Ecca modelling studies. For this purpose a
modified version of the optimizer computer program developed by Ibbitt
{Ibbitt and C'Donnell, 1971b) was obtained and tested. A printout of
this program is included in Appendix B. The Rosenbrock algorithm is
well suited to the catchment mode} problem, since the particular class
of problems for which the method was developed is one in which,
firstly, the parameters are restricted by' ohysical considerations and
must fall within specific 1tmits. Secondly, the objective function
dependent on those parameters is such that partial derivatives of the
objective function with respect to the various parameters cannot be
stated analytically in usable forms (Dawdy and 0'Donnel}, 1965).

The Rosenbrock atlgorithm uses a so-called rotating coordinate

search procedure, consisting of search cycles or orthogonalizations
The technique is illustrated for the 2-parameter case for three
orthogonalizations in Fig. 5.2. 1In the first cycle it changes one
parameter at a time until the Tine-optimum for that parameter is
found. Each line-search is conducted in a series of steps, paralilel
to one of the coordinate axes. A step of arbitrary length, e, is
attempted first. This is treated as successful if the resulting new
value of the objective function presents an improvement of, or is
equal to, the previous value. 1f a success, the step is allowed, and
e 15 multiplied by « >1; if a failure, the step s not allowed and e
ts multiplied by -8, in which 0<B<i. A new attempt is then made.
These attempts are terminated as soon as at least one successful
attempt, foliowed by one failed attempt, has been achieved in each
parameter line-search. After the first cycle, however, changes are no
longer made separately in each of the parameter directions; fnstead,
orthogoral lnear combinations of the parameters are changed. From its
experience in the first cycle, the program defines the best direction
of search as a 1ine joining the starting point to the point reached at
the end of the cycle. 1t uses this direction as the first axis of
search in the second cycle, subsequent axes being defined
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orthogonally to this. At the end of pach orthogonalization, this re-
orientation of axes is made, so that the >2arch is always made in the
most likely direction (see Fig. 5.2),

5.3.2 Testing the Rosenbrock ‘algum‘thm

Before any serfous modelling studies were undertaken with its
a'd, some tentative testing of the Rosenbrock algorithm was done to
gain familiarity with 1ts behaviour and also to probe the nature of
any convergence difficulties that may arise. For this purpose the
daily-input conceptual rainfall-runoff medel developed by Pitman
{1976} was used. This model, called PITD, is described in Chapter 4.
In addition, it was decided to use the full five years of data
aveilable for Ecca catchment A at the time (1976-1980) as the test
data set. It was deemed Tmportant that the tests should be done on
typical data used in the project and that a model of at least moderate
complexity be used to gauge the power of the optimization technique
fully, to probe for typical response surface complexities and to
assess optimal cumputer run-time requirements in terms of adequate
convergence. The objective functions, which were arbitrarily
selected, were of a Jeast squares nature, viz. functions of the
coefficients of efficiency calculated on monthly flow values, MCE, and
datly flow values, DCE -these are defined in Appendix A along with
other abjective functions and goodness-of-fit criteria used in this
study. The objective functions were used in the form {1-MCE)0s5
and {1-DC£)0,5; subtraction from one allows minimization towards
zero while the square root increases the sensitivity of the function
to very small changes in MCE or OCE.

¥odel PITD was roughly calibrated by manual trial-and-error
procedure at the start of the tests to establish a reference set of
parameters, whereafter §6 individual searches ucre executed with the
optimizer, The following phenomena were explored: sensitivity of
individual parameters, response surface geometry for pairs of
parameters, interdependence among parameters, occurrence of iocal
optima, influence on the search of sequence of parameter changes
relative to each other, {nfluence on the search of different search
starting points {initial parameter sets) on the response surfate the
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effect of constraining certain parameter values during the search,
typical convergence time requirements for different-sized parameter
perturbations around the reference parameter set, the potential
benefit or otherwise of marual intervention during the search, and the
advantage or otherwise of minimizing combined objective functions
instead of single objective functions.

Figs. 5.3 znd 5.4 illustrate some of the typical results for the
three most sensitive parameters of PITO, (optimizing on monthly
streamfiows): the soil moisture store capacity ST, the nominal maximum
infiltration rate ZMAXN, and the nominal minimum infiltration rate
IWINN. Fig. 5.3 shows that the optimizer could converge on the
optimum in three out of four cases, starting from very distant points
on the response surface, in a fraction of the preset maximum number of
onthogonalizations. It is jnteresting to note that if the search
happened to enter the broad, fiat valley surrounding the optimum at
one of the valley ends progress towards the optimum was much slower
than when the search entered the valley diagonally, where the gradient
was steeper. The horizontal nature of the valley implies no
interdependence between ST and ZMAXN, but the flatness of the valley
spelis trouble for a search containing more than two parameters. Fig.
§.4 illustrates severe interdependence of parameters ZMINN and ZMAXN
and a response surface with a narrow but flat valiey. As with the
previous surface, the optimizer converges rapidly across the contours
but progress is laborious from the flat end of the valley.

Fig. 5.5 depicts the response surfaces of the above two pairs of
parameters in the case where the search is conducted according io beth
the daily and the monthly fits, using the coefficients of efficiency,
OCE and WCE, in a combined objective function. This combination was
devised when 1t became clear that optimization in terms of DCE alone
often did not converge on a parameter set that could restrict errors
in MAR and monthly standard deviation {SD) to reasonable levels.
Comparison with Figs. 5.3 and 5.4 reveals fairly similar response
surface geometry. As can be expected from the flatness of the
valleys, the optimizer often had 4ifficulty converging lengthwise down
the valley. The response surfaces produced by another combined
objecti @ tunction arz shown in Fig. 5.6. In this equation the
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(1-DCE}D,5 value is "penalised® or weigited by a function of the
percentage difference between the MAR and SD and some acceptable
percentage error 1imft in each case. Error limits of +5% for MAR
and +10% for $D are shown in Fig. 5.6. If the MAR and SD errors are
inside the preset limits, the welghts revert to zera. It {s clear
that this function creates steep gradients on the response surface;
but, more importantiy, once the MAR and SD errors are within the
specified 1imits, the search remajns trapped inside a narrow valley
commensurate with those limits. This valley, which also contains the
optimum, is much narrower than the equivalent surface feature {n the
case of optimization against (1-0c£)0.5 unweighted. Convergence is
also faster with the weighted objective function shown than in the
unweighted case.

Apart from the results shown in the aforesaid diagrams, ather
important f.ndings common to the model/cbjective functien combipations
used, were 2s follows. The woiume parameters of the model (see
Chapter 4} were much more sensitive, i.e. caused much bigger objective
function value changes, proportionately speaking, than the delay and
routing parameters; smali amounts of interdependence xisted between
certain parameters, but of a Towar arder compared with the ZMINN/ZMAXN
interdependence shown; local optima were absent in all the instances
where pairs of parameters were investigated together, except for g
trivial case shown in Fig. 5,6 {though they may =xist for parameter
corbinations larger than pairs); some evidence of plateaus (parameter-
indifference zones) were found in the regions of high volume parameter
value corbinations; the sequence in which parametars were changed made
tittle difference to the ultimate outcome of the search, though
certain seguences always seamed to produce a faster convergence {i.e.
IZMAXN before ZMINN); optimization of more than five parameters
simultaneously produced some "wandering" by the less sensitive
parameters; different starting poiats have a crucial outcome on the
success of the search (see Fig. 5.4); constraining parameter values to
a reach inside which the optimun was suspected to lie accelerat:d the
search noticeably {but how to know beForehand in a new situation?); in
most searches where the optimum was Found, it was in less than 1§
orthogonalizations {see Fig. 5.3) which is equivalent to between 150
and 250 iterations {depending on the number of parameters optimized);
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manual intervention during the search proved to be highly beneficial
in cases where progress in the search slowed down a ter just a few
orthogonalizations: by manualiy adjusting two or three of the
sensitive parameters by about 5% of their current value and continuing
the optimization, the search path can perhaps be rudged over the edge
of a plateay or out of a flat valley up 1ts side-slopes from where the
direction of the optimum s easier to find.

These tests indicated that the Rosenbrock zlgorithm would be a
viable and often powerful calibration aid in the Ecca wodelling
studies 25 long as sight is not lost of the typical complexities
associated with automatic search techaiques. At this point a word of
caution may be necessary: tae veader should not be misled by the
relative simplicity of the response surface. shown in Fig. 3.3 to 3.6
for a 2-parameter space. For exampla, a 3-parameter “valley", though
hard to visualize, could be very difficult for an optimizer to
travarse. After selection of and familiarisation with the Rosenbrock
algorithm, selection of a robust objective function to use in the
algorithn was netessary.

5.4 SELECTION OF OBJECTIVE FUNCTIONS

§.4.1 Procedure of selection

Since appraisal of models used in the Ecca study was to take
place on the basis of the goodness-of-fit both of monthly and of daily
flows, ohjective functions for both had to be selected from the many
reported in the literature. It was decided to base this selection on
the objective function/Rosenbrock optimizer combination that managed
to produce the best overall fit on five years (1976-1980) of Ecta
catchment A streanflow, employing model PITD, Pitman's {1976) daily-
input model. This overall fit would be weasuved by & vange of
goodness-of-fit criteria The steps leading to objective function
selection can be summarized as follows:

Step 13 Select two groups of objective functions suitable for
the monthly and daily cases, respectively. These are defined and
discussed in the next subsection.




172

Step 2: Select these parameters of the mode} that are clearly
more sensitive than the rest, based on the optimizer tests reported
earlier. For the monthly case ST, ZMAXN, ZMINN (all defined earlier)
and DIV, a parameter that divides excess soil moisture between
groundwater storage and quickflow, were chosen. For the daily case
parameters, ST, ZMAXN, ZMINN and TL, the channel routing parameter
were the most sensitive.

Step 3: Perturb each of the eight parameters by an arbitrary

" amount Targer than 30% away from the manually derived values mentioned

earlier. This forms the initial parameter set at the start of each
optimization.

Step 4: Using the starting parameter sets, optimize the model
with each selected objective function for & preset maximum of 25
orthogonalizations in each case.

Step 5: Devise a meaningful set of performance or goodness-of-
fit criteria to measure various aspects of the correspondence of
simulated and observed Flows. [Most of the objective functions are of
course goodness-of-fit criteria in their own right).

Step &: Run the mode) (without optimizer) with each "optimal®
parameter set determined in step 4 and determine the overall goodness
of-fit by means of the set of criteria assemblisd as step 5.

Step 7: Rank the performance of each objective function for each
goodness-of-fit criterion and determine the best performance by

sunming the rankings.

5.4.2 Description of objective functions

The mathematical definiticn of all functions mentioned can be
found in Appendix &.

{a} Trhe monthly case

TS

-
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(i} Sum of squared residuals (SSRES): a dimensional measure of
one-to-one fit and the most common version of equation 5.1 with wfl,
m=1 and k=2.

{11} Sum of squared residuals (logarithms} {SSRESL): a weasure
of one-to-one fit biased towards Yow flows.

{111} Coefficient of efficiency (MCE): a dimensionless measure
of ane-to-nne fit sensitive to systematic error and first proposed by
Wash and Sutciiffe (19707; heve 1t is used in a slightly modified form
though, namely the form suggested by Garrick, Cunnane and Nash (1978)
where the model residuals are based on individual calendar month means
instead of tne overall monthly mean fiow to allow for any seasonal
effect; to allow minimization towards zero gnd to make the search more
sensitive to smatl changes in objective function value, the ~ =
(1-3CE)0,5 was used in this study.

{ivl Relative sum of absolute errors {RAE): a dimensiontess
measure of ovne-to-one fit used in the W0 (1975) international
conceptual model intercomparison as a goodness~of-fit criterion.

{v} Maximum equivalent constant error (MECE): a dimensionless
measure of one-to-one fit used in the WMO {1975) model intercomparison
as a so-called coefficient of variation of residuals; here it is used
in modified form suggested by Weeoks and Hebbert [1980) where the
overall fit is expressed as an equivalent coastant error in each
vatue; it s a trivial matter to show that HECE, the traditienal
"standard errar of estimate” and the "coefficient of variation of
residuais® are av) based on (SSRESID.5 and that all three produce
identical response surfaces,

{vi) Residual mass curve coefficient {A ): a dimensionless
measure of systematic error in the simulated time series; first
proposed by Aitken {1973); aciually measures the one-to-one fit of the
cumulative observed and simulated residual time series; to allow
minimization towards zero the function was wsed in the f.rm {1-RNMCC)
in this study.

tvii) Coefficient of persistence (CP): a dimensional measure of
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systematic ervor {persistence in residual errors); First proposed by
Wallis and Yodini (1975} and gysed in the WHO {1975} project;
accentuates the continuous runs of differences between observed and
simulated time series, i.e. the areas between the curves that are
being fitted.

(viii) Relative mean persistence (RMP)}: a dimensionless measure
of systematic error [persistence in residual errors); developed by the
auther and represents an improvement on the CP {see (vi) above, and
alse section 5.7} which was found to be inconsistent during early
tests on Ecca data.

(ix) Proportional error of estimate {PEE): a dimensionless
measure of one-to-one fit with each residual weighted by the inverse
of the ubserved flow (wy = (I/OL‘BSJ')2 in equation 5.1) thereby

gl Hine ‘gnt to equal proportional errors {instead of the equal
weigr .. equal absoiute errors by a sum of squares Fum, A H
it was ox dantey (19781 to bias the fit in favour of mediu ¢
Tow flows,

{x) Sum of squared ratios of simulated to observed flows
{SSRAT}: a dimensioniess measure of the one-to-one Fit that is
reasonably unaffected by the order of magnitude of the flows -
suggested by Pitman (pers. comn., 1981}

{xi) Sum of sjuarad ratios of logarithms of simulated to
Togarithus of observed flows (SSRATL): a3 dimensioniess measure of one-
to~one fit that is unaffecied by the order of magnitude of the flows
likely to favour medium tc low flows.

{xii) Combined MCE and RMCC (COML}: a dimensionless measure of
the combined one~to-one fit of both the observed and simulated flow
series and the observed and simulated cumulative residual time series
- an attempt to control systematic ervor while improving one-to-one
fit; to allow minimizatinn toward. zero COML was used in the form
{1-MCE) + (1-RHMCC).
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{b) The daily case

(i) Coefficient of efficiency (DCE): a dimensionless measure of
one-to-one fit used in the form (1-0CE)0:5 {see {a) above).

{ii) Relative sum of absolute errors (RAE): a dimensionless
measure of one-to-one fit (see {a) above).

{1ii) Maximum eguivalent constant error {MECE}: a dimensionless
measure of one-to-one fit {see (a) abovel

{iv) Sum of squared residuals of logarithms (SSRESL): a
dimensional measure of one-to-one fit, biased towards Tow to medium
flows.

(v} Proportional error of estimate (FEE}: a dimensionless
measure of one-to-one fit, biased towards Tow to medium flows {see {a)
above).

{vi} Sum of mean ratio and standard deviation of ratios {SMRAT):
2 dimensionless measura of one-to-one fit based on the mean and the
standard deviation of the ratios formed by each siwmulated value
dividad by the equivalent cbserved value, thereby preventing a bias in
fit in favour of high flows -~ first suggested by Cuady and Brooks
{15213,

(v1i) Coefficient of efficiency nf {iow duration curves {CEFDC):
a measure of the model's ability to reproduce the freguency
distribution of daily flows, regardless of the one-to-one fit of
individua) flow values - used in the form (1-CEFDC)P.5,

{viii) Combined DCE and RMCE (monthly fiows) {COM2): a combined
measura of the frequency distribution of daily one-to-one fit and
monthly systematic error - used in the form {1-DCE} + {1-RMCT).

{ix) Combined CEFDC and MCE (COM3): a combined measure of the
frequency distridbution of daily flows and the montndy one-to-one fit -
used in the form (1-CEFDC) + (1-MCE)

{x} Combined DCC and ¥CE (COMAY: a combined measure of the one-
to-one fit of both daily flows and monthly flows - used in the form
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(1-DCE) + {1-MCE).

(xi) Weighted DCE {WOCE}: a measure of one-to-one it that
brings the error in MAR and in monthly standard deviation into play
during optimization (Manley, 1978); in this study a waximum acceptable
error in MAR of +5% and in standard deviation of +10% was adopied,
because if these error Timits are set wider the constraint has Tittle
bznefit and if set narrower then too many trials that improve the
unweighted objective function are rejected because of contravention of
the Timits, thus slowing the optimizaticn pracedure -in this study the
weighting was appiied to the {1-DCE) form of the function.

5.4.3 Description of goodness-of-fii criteria

The ability of each objective function to lead the optimization
search to an optimal parameter set was assessed by the following
goodness-of-fit criteria (many of the objective functions previousiy
described double up as goodness-of-fit criteria). The criteria were
selected to focus on a variety of flow record characteristics that are
of typical interest to engineering hydrolegy.

{2} Monthly case
{i} Percentage error in the MAR { aMAR)
(i1} Percentage error in the monthly variance ( aVAR}

($11) Coefficient of efficiency (MCE} - the Garrick, Cunnane and
Nash (1978) version

{i¥} Marimum equivaicnt constant error {MECE)
{vi Residual mass curve coefficient {RMCC)

{vi) Coefficient of persistence (CP)

e
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{vii} Relative mean persistence (RMP).

{viii) Percentage error in the range of the residual mass curve
( aRy): a typica) measure relating to storage requirements for long-
term flow ragulation (Aftken, 1973),

{ix) Percentage error in the index of seasonal variability
{ alg): » typical measure relating to storage requirements for
seasonal flow regqulation (Hydrological Research Unit, 1981-1982).

{b) Daily case

The goodness-of-fit criteria for the daily case are divided into
four categories: the fit of the monthly values, the overall fit of
daily values, the fit of the maximum daily flow per month (annual
peaks are meaningless on § years of data), and the fit of low flows.

{i} to (vii) Identical to the monthly goodness-of-fit criteria
(1) to {(ii1), (v) and {vi), (viii) and [ix) above {the neeu for the
RMP was not appreciated at tie time of these model runs).

(ix) Percentage error in the average deficient flow period
{ aADFPY: a low flow index based on continuous periods of menthly
totals less than the mean monthly flow.

(x) Percentage arror in the maximum deficient fiow period

(a#DFP}: a low flow index equal to the wmaximum continuous pericd of
flow less than the monthly mean.

(xi} Percentage crror in the daily variance (4 VAR).

{xii} Coefficient of efficiency (DCE} - the Garrick, Cunnane and
Nash version (1978).
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{(x{11) Coefficient of efficiency of logarithms of daily flows
(DCEL ).

(xiv} Coefficient of efficiency of daily fiow duration curves
{CEFDCY.

{xv) Relative sum of absolute ervors {RAE},
{xvi) Percentage error in mean peak daily flow/month {a MPF},
{xvii) Coefficient of efficiency (CL).

{xviii) Relative sum of absolute errors (RAE).

(xix) Percentage error in mean of low flows {a MLF}.
{xx) Coefficient of efficiency of low flows (CE).
{xx1) Relative sums of absolute ervors (RAE}.

After the foregoing goodness-of-fit criteria ha” heen selected,
statistical subroutines AFIT for monthly data and BF1Y for daily data
were developed to perform the actual calculations to evaluate the
criteria, using model outputs of monthly and daily flows and inputs of
the relevant observed time series. FORTRAN listings of the two
subroutines appear in Appendix B,

§.4.4 Comparison of monthly objective functions

The optimal parameter sets defined by each of the 12 monthly
abjective functions after &5 orthogonalizations (#350 iterations)
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are listed in Table 6.1 along with other relevant information. Notable
from these results are the following points:

{a}) The three functions of which the sum of squared residuals is
a major component -~ SSRES, MCE and MECE - produced almost identical
optima, which were not too different from the RAE and COM1 optima.

{b} The objective functions based on proportions, PEE, SSRAT and
SRATL, converged on highly different parameter sets ralative to each
other and also in the aforesaid group of five residral-based

functions .

Loth in terms of the overall degree of mintmization in
r function value { Final OF/Start OF") and the speed of
{tolumn: “Coavergence ortho's"} PEE, SSRAT and SSRATL
e poorly than SSRES, HCE and MECE.

i The functions based on ninimization of systematic errors,
00, v and RMP converged on widely divergent parameter sets.

2} The two functions using log-transformed data - SSRESL and
TREATL - produced paramettrs very different from those of their
caanterparts that used uniransformed data,

[f} The cotumn “Finai OF/Start OF" reveals a surprising range in
the degrec of minimization achieved by the 12 functions over the same
aumber of orphogonalizations, 1.e. from a 99,2% reductfon in MECE to a
37,95 ceduction §s SSRATL: this may ke incicative of the complexity of
the response surface or merely of whether or not a fortuitous startin:
point on the surface was chosen.

{g) Reasonably smal} errors in both MAR and SD were achieved by
many of the objective functions, but for a range of parameter sets.

The parformances of the monthi- objective functions are compared
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in Table 5.2. Because their optimal parameters came out almost
identical, the group SSRES, MCE and MECE was treated as a single
objective function using the MCE parameters. The parformances of the
12 objective functions were ranked in terms of the proximity of the
goodness-of-fit criteria values to their individual optimum values.
The rankings confirm the pattern of performance discernible in Table
§.1. The MCE function performed best (lowest total ranking) followed
closely by COM1 and RAE. The poorest performancas were by SSRAT,
SSRESL, PEE and SSRATL, in that order.

The search problem used in the objective function compariscn was
nut regarded as very difficult, as inspection of the starting values
in Table 5.1 will reveal; but even so, objective functions based on
proportional or log-transformed versions of the flow sequences failed
to find acc2ptable near-optimal parameters. In recognition that the
above results could be fortuitous, the whole exercise was repeated for
a different set of starting values, representing a more difficult
seirch. The darived optimal parameters of this search revealed a
pattern almost identical to that of Table 5.1. Unfortunately, the
parameter sets cannot be compared with those of Table 5.1, because a
di ffecent 24 hour veinfall distribution function (see Chapter 4) was
accidentally used. This error should not cause any jncrease or
reduction of complexity of response surfaces associated with objective
functions on a monthly basis and therefore the ubserved pattern is
accepted as genwine. Calculation of goodness-of-f t criteria based on
parameters derived in the second comparison was not attempted as it
was felt that evidence was alrveady strong enough to prove that the
objective functions based on simple or squared sums of residuals were
more robust than any others tested, given a modal of medium complexity
and the specific data set used. Specifically, the monthly coefficient
of efficiency WOE was selccted as 2 suitably rcbust objective function
for use in the Ecca modelling study whenever optimization an a monthly
basis was required.

5.4.5 Comparison of daily objective functions

The comparison of daily objective :unctions was also in two
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Comparison of optima derived by different objective functions :
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monthly flow

series

Objective Parameter values+l Final Final OF/ s Conver-

function (OF) OF Start OF MAR SO gence
ST ZMAXN ZMINN DIV value (%) (%) ortho's¥2

SSRES (106.=F)  163,3 55 0. 2,8 139355 0,028 1,9 2,4 5

SSRESL 1346 146 1,5 L 1982 0.109 7.4 23 24

MCE 63,8 5,6 0,9 0,7 0,073 0,167 1% 2,2 6

RAE 61,6 53 0,8 0,8 0,122 038 ¢,2 . 10

MECE 63,8 5,6 0,9 0,7 0,133 0,008 1,8 22 8

RMCC 64,6 4,4 1,3 0,5 0,000 0,167 3,1 2,2 6

cp (106.m6) 18,7 7.4 0,0 1,0 1,06 0,440 -5.6 -13 10

RMP 159,6 11,3 0,7 0,6 0,010 0,568 -8,9 5,0 4

PEE 13,9 14,9 1,4 04 2,725 0,309 4,9 25 16

SSRAT 87,5 64 03 0,9 15,83 0,593 86 66 2§

SSRATL 153,6 3,0 1,0 0,5 858,1 0,621 35 206 25

COML | 64,0 4,6 1,1 0,7 0006 0,021 0,8 2,2 14

Starting

values 200,0 11,2 0,7 0.5 -34  -17

*1 A1 other parameters held constant at approximately optimal vajues.

*2 Number of orthogonalizations after which convergence slowed down

significantly; a °

'~ of 25 orthogonalizations was used in all cases.
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i
i

Table 5.2

;, Comparison of objective function performance : monthly flow series used

Criterion SSRES SSRESL RAE RMCC cp RMP  PEE SSRAT  SSRATL COM1

Mg
MECE
SEAR(E) 1,8 7,4 22 31 56 8,6 4,9 8 35 0,8
AVAR(Z) 4,6 500 7,4 47  -13 103 57,0 179 28 47
3 0,99 0,89 0,09 0,9% 0,929 0,98 0,374 0,169 0,920 0,9%
MECE €,005 0,023 0,006 0,005 0,025 0,012 0,025 0,065 0,020 0,005
RMCC 0,999 0,884 0,989 0,999 0,958 0,972 0,844 0,754 0,966 0,999
ce 0,90 1,18 0,44 1,20 1,05 1,38 1,02 1,25 1,33 0,99
[ 0,003 0,021 ©,603 0,004 0,013 0,009 0,021 0,042 0,019 0,004

aRa{%) 0,5 20,1 1.0 -1,0 -17,0 2,8 22,5 53,5 6,2 -0,6
sig{%} -1,0 24,4 0,1 5,2 -15,4 18,6 23,7 -16,0 -22 2,8

Ranking per goodness-of-fit criterion

aMAR 2 7 3 4 & 8 5 10 9 1
AVAR 1 8 4 2 6 ) 9 10 7 2
MCE 1 8 1 1 6 4 9 10 7 1
WECE 1 7 4 1 8 5 8 10 [ 1
RMCC 1 8 1 1 7 5 8 10 & 1
cP 4 & 1 8 s 6 4 9 10 3
g 1 8 1 3 ] § 8 10 3
aRy 1 8 3 3 7 5 9 10 6 1
alg 2 10 1 4 5 7 9 6 8 3
Total iz 0 19 26 56 80 69 85 66 16
ranking
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phases, In the first, all 11 selected daily objective functions were
compared, while in the second phase only the five "best" performers
from the first phase were compared. The first phase search was less
difficult than the second phase, as the starting values in Table 5.3
illustrate. For daily optimizations the more sensitive TL (channel
routing constant) replaced the less sensitive DIV. Table 5.3 also
1ists the optima derived by the objective functions in both phases.
Tables 5.4(a) and (b} provide a comparison of performances of the
objectise functions during the first phase and Table 5.5 compares the
second phase results. The foliowing points about the first phase
results can be noted.

{a) The objective functions based on simple or squared sums of
residuals 9CE, RAE, MECE, COM2, COM3, COM& and WOCE converged an
fairly similar parameter values.

{b) The average degree of minimization achieved by the varjous
functions, as expressed in the proportion of the final value after 25
orthogonalizations to the starting value, s much smallzr than in the
monthly optimization case; partly due to the fact that the abjective
function is now based cn a 30-fold Jarger aumber of values, thus
providing more opportunity for different .configuration: of errors to
produce the same result.

{c) The increasingly laborious nature of the search (implied
under (b)) is also clear from the last column in Table 5.3 which shows
that most function: needed many morr orthogonalizations before the
search stowed duwn sianificantly than in the monthly case.

{d} The low number of orthogonalizations required by CEFDC is a
measure of the function's lack of sensitivity (perhaps a very flat
response surface} rather than its power - attributed partly to the
fact that it is based on only 44 points on a flow duration curve
(distributed Yogarithmicaliy).

{e} The performance of the functions OCE, MECE, RAE, PEE, COM4
and WOCE was overall notably betier than any other, while SMRAT was

netably poorer, overall.

(F) Hawsver, low flows were bast simulated by parameters derived
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by SMRAT and PEE, the two “"proportional” functions.

{g) Peak flows were best simulated by parameters derived by the
group of functions based on sums of simpie or squared residuals.

{h) Functions WDCE and DCE were superior in the "all daily
flows® category.

The second phase comparison was aimed at further exploration of
the differences among the five best performers mentioned above. It
was felt that the poor performers SMRAT, CEFDC, SSRESL AND COM3, did
not need further testing, while the combined function COMA was
rejected ot the grounds of uncertainty about the response surface of a
combinsd objective function. The following observations are of
“nterest:

(a) Final objective function values are higher than the first
phase values in "1 cases except DCE ARD PEE, implying that the first
phase parameter sets derived by DCE and PEE were not optima): this may
mean that PEE's good performance in the first phase (2nd best) may
have been coincidental.

(b) PEE converged on very different parameter values in the
second search compared with the first, leading to the poorest overall
performance in terms of goodness-of-fit values.

(¢} DCE, RAE, MECE and WDCE converged on values fairly similar
to those for the first phase, with RAE performing the best, followed
closely by HCE in the overall rankings.

{d} PEE was again the best performer in terms of low flows, with
DCE, RAE and MECE best in terms of peak flows.

Cn the grounds of the foregeing results it was decided that the
daily coefficient of efficiency, DCE, would be a suitably robust
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Table 5.3

" .
1 Ceaparison of optima derived by different objective functions : daily flow
] series used

Objective Parameter values*l Finalt Final OF/ a s Conver-
furction (OF) oF Start OF AR SO gence
ST ZMAXN ZMINN TL value (%) (%) ortho' 552

First phase

DCE 165,5 5,6 0,7 0,9 0,300 0,586 1.7 1,3 15
RAE 62,2 57 0,9 0,7 0.334 .67z 1,0 3,5 15
MECE 65,2 54 0,8 0.9 0,999 0,582 0,2 1,5 21
SSRESL 118,83 43 2,2 35 10202 0,676 22 3] 5
PEE 15,0 45 1,1 1,1 15,21 ¢,161 0,8 1,8 18
SHRAT 198.3 15,0 0,5 1,6 1,209 0,925 33 15 7
CEFDC 172,3 11,2 0,7 06 Q.00L 0,576 17 2.5 3
oMz 163,6 59 05 08 0,330 0,30 5,2 2.5 23
COoM3 64,1 556 0,6 1,2 0,983 0,158 4,7 2,2 3
s CoMa 164,0 5.7 0,6 908 0,370 0,408 3,4 23 21
WDCE 166,35 6,0 0.6 0.8 0,304 0,892 1,2 0,7 23
Starting
vajues 206:,0 11,2 0,7 0.5 . . 34 17
Second phase
DCE 1656 6.0 05 0.8 4,091 0,113 49 11 18
RAE 165,5 6,3 04 0,7 0,382 0,208 3,8 1,2 20
WECE 166,38 6,0 0.4 C,8 1,014 0,3 53 04 20
PEE 195,3 10,8 0,8 1,4 0,851 0,029 31 4 16
- WOCE 69,4 65 0,3 0.8 0,308 0,342 4,8 -1,4 17
3 Starting
values 82,0 3,0 0,3 1,6 . . 164 76

*1 a17 other parameters held canstant at approximately optimel values.
*2 Number of orthogonalizations after which convergence slowed down
significantly; a 1imit of 25 orthogonalizations was used in all cases.
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Tabte 5.4{a)

Comparison of nbjective function perfomance : daily flow series used (first
phase)

Criterion DCE PAE  SSRESL PEE  SMRAT  CEFOC COMZ COM3  COM4  WOCE
MECE

A1l monthly flows
AMAR(%) 0,6 0,5 22,8 -0,1 -32,8 -16,5 59 54 4,0 1,7
AVARIS) 2,6 6,6 79,9 3,2 -28,1 -5,3 4,6 3,9 4,1 1,7

CE 0,994 0,99 u,'11 0,995 0,810 £,9%1 0,994 0,99 0,994 0,993 .
RMCC 0,999 0,999 0,844 0,999 0,945 .989 0,999 0,999 0,999 0,999
P 0,80 1,20 1,20 0,9 1,99 1.54 1,06 0,98 0,94 0,9

sRa(%) -1,5 0,7 31,4 1,3 -24,3 -6,1 0,5 -0,% -8,7 -2,3

alg(®) n,1 4,3 12,6 1,3 15,0 16,¢ 5,0 -4,8 -3,0 -1,8

AMDFP($) 0,0 35,2 357 0,0 107 357 ©,.0 0,0 0,0 0,0

AMDFP(%) 4,2 62,5 62,6 4,2 75 62,5 4,2 4,2 4,2 4,2
A1) datly flows

SYAR(%) -17,8 14,8 -13,2 -19,2 59,8 42,4 -16,5 -25,8 -16,0 -11,7

oCE 6,904 0,900 0,582 0,894 90,572 0,772 0,903 0,879 0,904 0,907
nCEL 0,225 0,250 0,386 0,318 0,245 0,253 0,109 0,117 0,158 0,148
CEFDC 0,89 0,973 0,903 0,988 0,867 0,882 0,577 0,353 0,985 0,998
RAE 0,345 0,353 0,798 0,348 0,610 0,525 0,377 0,423 0,362 0,364

Pesk daily flow/month
aMPF(%}  -1R4 16,3 -43,3 19,2 61,7 -43,% 12,3 20,7 -12,8 -12,8
CE 1,921 0,935 0,732 0,900 0,5%9 0,814 0,924 0,878 0,926 0,948 )
RAE 0,229 0,216 0,447 0,241 0,618 0,441 0,236 0.301 0,232 0,210
Low flows {< daily mean Flow)
aMLF(%} -4,1 -17,2 -§,4 -18,9 -37,3 -36,7 30,4 40,1 16,1 30,9
CE -2,45 -1,72 -0,85 -0,81 0,21 -0,27 -6,50 -4,53 -4,87 -4,90
RAE 0,983 0,967 0,987 0,824 ©,713 0,86% 1,27 1,23 1,16 1,1%
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Rankings of objective furction performance :
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daity flow series used {first

phase)
Criterion DCE RAE SSRESL  PEE SMRAT CEFDC COMZ COM3  COMA  WDCE
MECE
f\_\l_mo:_qgﬂy flows
AMAR 3 2 9 1 10 8 7 6 5 4
aVAR 2 8 10 3 9 7 [ 4 5 1
#CE 4 2 g 1 10 8 2 2 2 7
RMCT 1 1 10 1 9 8 1 1 i 1
<P i 1 1 2 10 9 6 5 2 2
aRa & 2 10 5 9 8 1 4 2 7
alg 1 5 8 2 9 10 7 6 4 3
2ADFP 1 7 7 1 10 7 1 1 i 1
A MDFP 1 7 7 1 10 7 1 1 1 1
ANl daily flows
4YAR & 3 2 7 10 9 5 8 4 1
DCE 2 5 9 [ 10 8 4 7 2 1
BCEL 13 & 1 2 5 3 10 9 7 8
CEFDC 2 6 8 4 10 2 5 7 3 1
RAE 1 3 1o 2 9 8 6 7 4 3
Peak daity flow/month
aMpPF 5 8 6 10 9 1 7 2 2
CE 5 2 9 g HY 8 4 7 3 1
RAE 3 2 9 6 10 8 § 7 4 1
Low flows (< daily mean flow)

AWLF 1 4 2 5 9 8 8 10 3 7
CE 6 5 4 3 1 Z 10 7 8 9
RAE 5 4 6 2 1 3 10 g 7 8
Total 59 8 145 66 172 98 18 70 71
ranking
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Comparison and ranking of objective function performance :
used {second phase)

daily fiow series

Comparison Rank1rg
Criterion oee RAE MECE PEE WOCE DCE  RAE MECE PEE WOCE
A _morzhly flows
aMAR(%) 5,5 4,5 6,0 -30,5 5,7 2 1 4 5 3
AVAR(%) 2,5 2,6 0,9 -26,4 -2,6 2 3 1 5 3
MCE 9,993 9,993 0,992 0,849 0,989 1 1 3 5 4
RMCC 0,998 0,998 0,997 0,955 0,958 2 1 3 5 4
e 0,95 0,84 0,94 1,98 0,92 4 1 3 5 2
aRgi%y -2,0 -1,9 -2.8 -22,2 -4,8 2 1 3 5 4
algl) -5,6 -4,5 -7,3 15,8 -8,4 2 i 4 5 3
aADFP(%) 0,0 0,0 21,5 35,7 -35,7 1 1 3 4 4
AMDFP{%) 4,2 4,2 25,0 62,5 33,3 1 1 ki 5 4
Al datly flows
AVAR(Z) -12,5 -10,9 -13,1 -54,4 163 2 1 3 5 4
aCcE 6,908 0,905 0,908 0,662 0,905 1 3 1 5 3
OCEL 6,084 0,076 0,048 0,292 -0,04 2 3 4 1 5
CEFDC n,972  0,97% 0,951 0,864 0,903 2 1t % 5 ¢
RAE a,389 0,384 0,401 0,543 0,423 1 1 3 5 4
Peak daily - tow/month
AMPF(%) -10,8 11,0 -10,2 -5F . -12,§ 2 3 1§ &
£E 5,944 0,953 0,944  G,c62 0,937 2 1 H 5 4
RAE 0,226 0,223 0,231 0,568 0,244 2 1 3 5 4
Lowt flows {< daily : *an flow)

aMLF(%)} 33,3 29,6 42,3 44,7 70,3 2 1 3 4 5
CE -7,2 -7,4 ~8,5 0,39 -8,7 2 3 4 1 5
PAE 1,27 1,29 1,38 0,68 1,47 2 3 4 1 5
Total 37 32 58 8 78
rank{ng
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objective function to use in the Ecca modelling study whenever
optimization on a daily basis was required. Because experimentaticn
revealed that the DCE did not always ensure convergence in terms of
acceptable MAR and SD errors, this decision was amended: viz. when the
last-mentfoned problems arcse, the weighted coefficient of efficiency,
WOCE, would be used to ensure parameter values that would restrict the
MAR and SO errors while providing a reasonable one-to-one fit.
Although WDCE was ranked only fourth in both searches, Tables 5.4(a)}
and 5.5 show that the actual differences in goadness-of-fit criteria
values for DCE and WDCE are minimal.

5.5 ROBUSTNESS OF SELECTED OPTIMIZER/OBJECYIVE FUNCTION COMBINATION

A shortcoming of the optimizer/objective function tests described
in 5.4 §s that the true optimal parameter values were unknown and the
comparisens had to be based or a group of goodness-of-fit criteria
measuring the correspondence of observed flows and flows generated by
the so-called eptimal parameters. T5°- section will obviate this
shortcoming in that it compr? cyiption of a mest stringent
test of exactly how robust the sc.ected combination of Rosenbrock
optimizer/MCE-DCE-objective function is. The test consists of the
follawing steps.

Step 1t Seinct a set of parameters for PITP, accept these as
“true” and g ‘ate a monthly or daily flow sequence, using the same
five years of a rainfall and evaporation data: as before.

Step 2: Using the generated flow szries now as an “observed®
series, optimize the model for the sa~w four parameters as before,
three times over, each time with a differ~ - configuration of initial
values. Clearly, if sufficiently rob -t, the optimizing routine
should converge on parameter values ver iose to if not identical
with the "true® values.

Step 3: Again employing the gene~ itow series of step 1, as
an “observed® series, optimize the mod.: “or seven parameters this
time, comprising four volume contrel parsmeters and three delay and
routing parameters. This optiwization 15 done in two different ways:
“staged" optimization in which the four volume parameters are
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optimized separately from the three timing parameters in altermating
searches; and "btunt” optimization where the seven parameters are
optimized simultaneousiy. Again, a robust procedure should derive
parameter values very close to the “true” values.

$ 5.1 The monthly case

Table 5.6 1ists the outcome of the 4-parameter and 7-parameter
searches described above, for the case of optimization on monthly
values using the MCE objective function. The "observed” monthly flow
sequence used in this case was generatec by the optimal parameters
derived by MCE in the monthly objective function intercomparison
(Table §5.1}. It is inte esting to see that in the 4-parameter
searches after 15 orthogonalizations (#210 iterations) the wmost
sensitive parameters, ST, ZMAXN and ZMINN were close to their true
values. TYhe proximity of the fina)l MCE value to its perfect fit-
status, j.e. MCE=1,0, implies that progress in the convergence must
have been excesedingly slow by this stage. Interdependence of ZMAXR
and ZMINN {see Fig. 5.4) would alsc retard the search at this stage.
On a monthly basis parameter TL is obviously too insensitive to be
optimized efficiently.

The 7-parameter search was terminated after sbout 900 fterations
in each case. It is clear from Table 5.6 that at this point the
staged optimization had made notably superior progress ia the
important parameters, ZMAXN and ZMINN, and had achieved a higher MCE
value. To assess the status of the blunt search at the termination
point, this search was continued for a further 20 orthogonalizations
{400 iterations), the outcome of which i3 ai<o shown in Table 5.6.
Suprisingly enough, much further improvement in a number of parameters
was achieved without appreciable improvement in MCE value: notable is
the fact that parameters ST, 6L {groundwater recession constant) and
FT (max. percolation rate to groundwatar) had arrived at their true
values.

The following conclusions are possible in the 1ight of these
results. With the selected optimization procedure, a monthly
optimization restricted to four or fewer parameters has a good chance




of cunverging > the proximity of sound parameter values in the case
of parawsters that affect monthly Flow totals meaningfully -within a
modest number of {teraticns such as 50-60 jterations per parameter
Optimization in tevms of larger numbers of parameters may require a
staged appro.ch where volume paru-~eters are estimated independently of
detay or routing paragm-ters - especially if only a restricted number
of {terations is possible. If optimization time s not a serious
problem, it s likely that there wil) be little to choose between the
~raged and the blunt approaches.

n-5.7 The daily case

The outcames of the 4-paramater ang J-parameter searches for the
ase of optimization en datfly vaiues using the OCE objective function
2rg listed in Table 5.7. The "obsarved” daily flow series used was
generated witn the optimal parvameters derived by BCE in the daily
stjective function intercomparison (Table 5.3}, In the 4-parameter
seirches the optimization procedure proved extremely accurate after 15
arthogonalizations (4245 ftarations) despite the known
‘1terdependence of ZMAXM and ZMINN. Estimates for ST and TL were near
perfect

The 7-parameter search was terminated after about 840 jterations
in each case. The parameter values in Table 5.7 show that at this
point the blunt search approach had progressed to a position very
close to the true parameter set, while the staged optimization had
been much less successful. Tt appears that fnteraction between the
parameters ST and ¥7 may have be n compensating the effects on the DCE
value of changes in each others values. Pitman {1973} recommends that
FT be set close to zero when the model s used in semi-arid to arid
catchments; the ST/FT interdependence should therefore not affect the
fcea study.  An additional 20 orthogonalizations using the biunt
approach progressed fractionally closer to a perfect fit in all
parameter values.

The following conclusions are passible regarding optimization by
the Rosembrock/DCE procedure. An optimization in terms of four to
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Table 5.6

Ability of selected optimizer/objective functicn combination to converge on
true parameters : monthly flow series

Objective
ltem Parameters function
value
ST ZMAXN ZMINN TL 6L T oV (Mce)
True parameter 63,8 5,0 0,89 05 1,5 g,c01 0,71
values
4-Parameter search
Test no.*!
lrstart 81,8 2, 0,45 0,25 1,5 0,000 0,71 -0,3197
1:final 164,4 4,33 1,17 0,07 . . 0,5998
2:start 81,8 7,5 1.8 2,8 1,5 0,001 0,71 0,1597
2:final 163,5 4,28 1,15 1,32 B . 0,9993
3:start 81,% 3,0 2,7 2,5 1,5 0,000 0,71 0,1468
3:final 163,7 4,19 1,18 1,84 . . . 0,9993

1-Parameter search
Starting values 81,9 2,5 0,45 025 05 0,2 0,35 -0,4876
Staged*2 166,2 4,66 0,98 2,22 1,68 0,053 0,24 0,9988
Rlunt*2 65,8 7,07 9,09 1,56 0,61 0,006 0,83  0,9957

Blunt*3 (extra) 163,8 6,51 0,24 0,15 1,46 0,002 0,48 0,9581

*1 Each test : 16 orthogonalizations {+210 parameter fterations)

*2 state of convergence after approximately 900 parameter iterations in each
case.

*3

State of convergence after an additional 400 jterations.
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Table 5.7

Ability of selected optimizer/objective function rombination to converge on
true parameters : daily flow series

Objective
Parameters function
Tten value
ST ZMAXN  ZMINN  TL  GL T oIV {ocE}
True parameter 165,6 5,97 0,47 0,8 15 0,001 4Q,53
value
4-Parameter search
Test no.*l
1:start 81,9 2,5 0,25 0,25 1,5 0,001 0,53 -2,6042
1:final 65,9 6,22 0,30 0,84 . . . 0,5997
2:start 81,9 7,5 1.8 2,5 1,5 0,00t 0,53 0,321
2: final 65,2 5,88 051 0,8 . B . 0,9999
3:start 81,3 3,0 2,7 2,5 1,5 0,000 0,53 0,3623
3:final 65,1 5,85 0,69 0,85 - . . 0,999

1-Parameter search
Starting vatues 81,9 2,5 0.3 0,42 0,75 0,25 0,25 -1,8965
Staged*? 87,8 5,66 0,33 081 0,43 0417 0% 0,3693
Blunt*2 165,8 6,00 0,42 0,8 1,37 0,068 0,52 90,9397

Blunt*3 (extra)  165,7 5,99 0,44 0,8 1,40 0,050 0,8 0,998

*1 Each test : 15 orthogonalizations {4285 jterations)
*2  State of convergence after +B40 parameter iterations in each case
*3 State of coawergence after an additional 388 iteratiens
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seven parameters and based on dajly flows has a very good chance of
converging on sound parameter values if between 60 and 120 iterations
per parameter can bg allowed. If serious interdependence among volume
parameters exists then a blunt optimization may be preferable to a
staged approach.

5.6 SENSITIVITY OF PARAMETERS

Optimization procedures vely implicitly for their success upon
the relative significance each model parameter plays in the
performance of the whole model. This “relative significance" is what
is meant by “sensitivity” of parameters. When Dawdy and O'Donnell
{1965) introduced the use of optimization algerithms for model
fitting, they also presented a simple method to examine the
sensitivity of the model performance to any given parameter. This was
done by first determining the optimum parameter set by minimization of
an objective function and then computing increases in the objective
functior value for perturbations of 1%, 5% and 10% in each of the
parameters about their optimum values.

Despite its attractiveness owing to its "common sense” nature,
the Dawdy-0'Oonnell sensitivity comcept soon proved inadequate in
terms of making statistically meaningful statements about the
parameter sensitivity; omly relative statements such as "X is more
sensitive than Y" were possitie. As Nash and Sutcliffe {1970) pointed
out “.... 3f it is hoped eventually to use the model for basins
without records by establishing relations between the model parameters
and basin characteristics, it is essential to obtain some guide to the
retative significance of model parts and the accuracy of parametric
valuas. Methods of measuring significance and accuracy of
determination must be found which are applicable to complex non-linear
models". From this position various research strains developed afmed
at establishing modelling approaches that would make statistical
significance or analytically pure statements possible about model
outfuts, model state variables, model residuals and, relevant to this
point, optimization-derived parameter values. In general there are
the developments by R.T. Clarke discussed earlier in this chapter but,
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vegarding parameter sensitivity specifically, the following two themes
developed: firstly, sensitivity analysis by analytical or statistical
examination of the shape of the response surface in the region
surrounding the optimum: Plinston {1971}, Douglas (1974) and Mein and
Brown {1978}, and secondly, semsitivity analysis of the sampling
variance of each mode} parameter: McCuen (1973}, Douglas, Clarke and
Hewton (1976) and Machado and O'Donnell {1877).

In the Ecca mode}ling studies the less ambitious Dawdy-0'Donnell
appreach to sensitivity analysis is preferved for the following
reason. The use of an optimizing routine with its concomitant
restrictions on the number of parameters simultaneously optimized,
requires identification of the most sensitive parameters of each
model. For this purpose only relative measures of sensitivity would
be sufficient. However, instead of relying on changes in a single
objective function for information about parameter sensitivity as
Dawdy and 0'Donnell (1965} did, the approach by Pickup {1977) is
preferred. Here, a number of characteristics of the generated fiow

sequence are simultanecusly moniiored “arameter values are being
perturbed. In the case of each m. in the Ecca study, a
sensitivity analysis was performed ace. vo the following steps.

Step 1: Estimate the most 1ikely set of parameters for the Ecca
catchments; for this any source of a priori intormation may have to be
used, inciuding some rough manual trial-and-error "calibration".

Step 2: Using a subset of Ecca data that includes a variety of
runoff events, i.e. the 1976-1978 record, generate a flow sequence by
means of the estimated parameters.

Step 3: Regard the generated flow sequence as an “observed"
sequence and run the model repeatedly with each parameter in turn
changed by +10%, +50%, ~10% and -50% while keeping all others constant
at the original values, each time calculating a set of goodness-of-fit
criteria (see section 5.4) based on the newly generated and the
"observed" flow series.

Step 4: Rank the changes in each parameter for each goodness-of-
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fit criterion and sum the rankings to identify the more sensitive
parameters .

The advantage of the above step-wise procedure over the Dawdy-
0‘Donnell approach is that the sensitivity of the parameters is
determined in terms of a range of desired flow characteristics
{instead of just one), and against a background of error-free "data®;
hopefully, this simple procedure makes an urbiased interpretation of
parameter sensitivity possible.

For reasons of space .:onomy not all the rasults of the
sensitivity analysis will be reported here. Instead, three examples
from three different models will be given to i1lustrate the procedure.
The models in question are Pitman's daily model PITD, Pitman's monthiy
madel PITM and the Stanford model FORD (descriptions in Chapter 4).
Tables 5.8 and 5.9 show some vesults for models FORD and PITD
respectively, while Fig. 5.7 depicts some results for model PITM, As
can be gseen from the rankings in the two tables, sensitivity tests
based on any single criterfon could be highly deceptive. In general
terms, the technique illustrated provides the modeller with a wealth
of information about the behaviour of the model apart from identifying
velative sensitivity among parameters.

5.7 FOQTNQTE ON MEASUREMENT OF PERSISTENCE 1M MODEL RESIDUAL ERRORS

Aitken {1973) brought to the field of rainfall-runoff madelling
an awareness that measurement of the persistence in residual errors
fatso known as systematic errors) should bhe an essential component of
assessing the goodness-of-fit of a calibrated model, especially if the
mdel is to be used in water resources analysis and planning. Three
useful measures of persistence were suggested by Aitken: firstiy, a
difference between the coefficient of efficiency and the coefficient
of determinatfon (correlation coefficient squared) indicates
systematic error; secondly, a Chi-square test of the randomuess {or
lack thereof) of the number of positive and negative residual runs
{also known as the “stgn® test); thirdly, the residual mass nurve
coefficient (RMCC). Ritken {1974} accentuates the usefuiness of the
RMCC {n that "{t measures the retationship between the sequence of
flows and not simply the relationship between individual Fflow events.”
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Sensitivity test an Stanford Model {FORD} parameter change = +10%

Ttem Paraneters*!

EPXM  UZSN LZSN  POWER CB cC K3 r24L IRC kK24
True 0,15 0,92 9,0 1,7 G,n03 1,7 0,34 0,5 0,75 0,9
values

aMAR(E) 4,4
aVAR(%} -8,2

algl%) 0,1
MCE 0,997
Ranking

AVAR(%) -10,4
DCE 0,99
CEFDC 0,998
Ranking

aNPF(%)  -B,6
CE 0,992
Rank{ng

aMLF(%)  -7,4
cE 0,985
Ranking 5

27,4
55,1

3,8
0,805

-62,7
0,799
0,968

40,4
4,631

10,6
0,951
3

0,996

-11,3
0,995
0,998

0,988

0,990

A1 _monthly flows

-3,7 -7,8 -3,2 40 -4,9 1,3 0,2 -3,8
-8, 4 -18,3 -8,2 18,2 -9,6 -1,0 -10,3 7,8
0,5 -1,06 -0,8 0,3 0,2 0,5 1,4 -0,6
0,979 0,997 0,986 0,995 1,0 0,981 0,995
2 3 3 4
A1l daily flows
-20,2 -13,5 10,7 -13,6 -0,6 -18,7 4,4
0,954 0,9%2 0,990 0,992 1,0 0,973 0,999
0,995 0,998 0,994 0,997 0,998 0,974 0,992
2 4 5 3
Daily peak flow/month
-7,4 21,6 -9,2 2,6 -8,7 -9,3 -i0,9 -2,5
0,886 0,979 0,99 0,981 1,0 0,981 1,0
2 3 5 4
Daily low flows
-3,7 5,5 -0,2 3,1 -6,2 -8,5 23,9 -26,3
0,974 0,990 0,977 0,987 0,986 0,429 0,812
4 5 1 2
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Table 5.9

Sensitivity test on Pitman's daily model (PITD) : parameter

change = +50%
Ttem Parameters”t
POW ST AN IMINN PI GL TL
True 2,0 165,6 8,97 0,47 2,5 1,5 0,84
values
AV} monthly flows
aMAR(%) -0,3 -26,6 -55,¢ 26,1 -14,6 0,0 0,0
AVAR(%) Q 56,1 -79,8 36,0 -36,9 0,0 1,3
als(%) 0,3 -7,1 0,6 9,9 -1,7 0,0 -0,0
MCE 1,0 0,818 0,503 0,943 0,953 1,6 0,996
Ranking 2 1 3 4
A1l dafly flows
aVAR(Z) n -54,9 -80,0 ~28,5 ~24,8 4,0 23,2
DCE 1,0 0,882 0,679 0,968 0,980 1,0 0,952
CEFDC 1,0 0,981 0,745 0,887 0,979 1,0 0,843
Ranking 2 1 3 4
Daily peak flow/month
aMPF(%) n -27,1 ~56,3 -23,7 -11,9 6,0 -11,2
CE 1,0 0,828 0,529 0,953 0,974 1,0 0,975
Ranking 2 1 3 4
Daily tow flows
AMLF{%) -1,8 -8,3 -66,5 -60,8 -29,4 -1,0 9,9
CE 0,996 0,907 0,321 0,177 0,726 0,997 -4,67
Ranking 3 2 4 1

*1 Dnly selected parameters are included {descriptions in Chapter 4)

i
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Wallis an: i.dini {1975) respand to Aitken's suggestions by
showing several - .-ditions under which the RMCC is incapable of
detecting the corr.~t degree of persistence in a time series. They
recommend a "totally nae agpraach $o measuring persistence" by the
statistic known as the coefficient of persistence (CP) in the W0
{1975} international model intercomparison. The CP accentuates the
areas between the fitted and observed hydrographs. A further measure
of persistence is suggested by Sorooshian and Dracup (1980} in the
form of the Durban-Watson d-test, a statistical test sensitive to
correlated residuals in time series analysis, f.e. to persistence in
the residuals.

As can be seen in foregoing sections and will be seen later, most
of the above measures of persistence were employed in the fcca
model1ing study. However, it was cften noticed that the coefficient
of persistence was producing inconsistent results, when compared with
the other measuras. The following three examples will serve to
illustrate this point. Firstly, in the parameter sensitivity study CP
was identifying completely different parameters as highly sensitive in
comparisen with other goodness-of-fit criteria, Fig. 5.7 illustrates
this point well for the case of mode) PITM. The diagrams represeant
changes in each criterion’s value with a 50% change in each
parameter’'s veiue while a1} other parameters are held constant.

Secondly, in the monthly ebjective function intercomparison, CP
coiverged on a parameter set very different to that of RMCC, the other
persistence measure, ia both searches attenpied. BMCC's parameters,
however, compared favourably with those derived by MCE, the "best"
objective function (see subsection 5.4.4}.

Thirdly, in the investigation into optimal calibration period
Tengths for the fitting of monthly- and daily-input medels described

in Chapter 6, CP provided goodness-of-fit information contrary to that .

provided by RMCC or MCE. Fig. 5.8 illustrates this point clearly. The
dots on the diagrams represent goodness-of-fit values for each of 50
verification runs by model PITH on 101 years of a synthetic flow
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sequence after 10 calibrations on each of the five lengths of
calib. ation period shown. The curves shown connect the average values
for each calibration period. 1t is clear from Fig. 5.8 that whereas
RMCC and MCE registered greatly improved geedness-of-fit with
increased calibration sample size, CP showed an opposite pattern.

With programming errors eliminated, an analysis of the structure
of the CP equation, as suggested by Wallis and Todini (1975}, revealed

a possible cause of the inconsistencies. The equatian is as follows:

CP = =Ay?/SSRES

where Ay represents the area between the observed and
stmulated Yiydrographs for positive ar negative run, K, and
SSRLS is the sum of squared residuals as defined bafore.

Wallis and Todini (1875) show tests of eguation 5.3 on short “well-
behaved" flow series only. MHawever, if the foliwing points are
considered, it may be that weighting the persistence term zAkz by a
goodness-of-fit measure was a judgemental error on their part.

1t is conceivable that P may be usad on two time series that ave
a very close fit, but with one consistently smaller than the other by
a smal) amount. Under these conditions SSRES could be much smaller
thans;\kz, especially with long time series. This would lead to
large values of TP, thereby providing false information about the
goodness-of-fit o aboul the severity of the systematic error. Fig.
5.7 is an exact case in point: the $0% changes to the above two
inactive parameters of PITM, POV and FT caused a minute but systematic
shift of the generated flow away from the "ohserved” flows, leading to
Targe CP values. HMoreaver, when CP is used as an objective function
(subsection 5.4.4), the conflicting roles of =Ax? and SSRES could
easily Jead to CP changes that would deceive the optimizer about the
progress of the search. Lastly, the fact that CP is not dimensionless
may 8)so restrict its value in intercomparison of models on different
catchments.

o BN
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The termzAkz is an obvious powerful indicator of persistence,
but nas the disadvantage of being dimensional. To utilize this tevrm,
but to avoid the pitfalls of equation 5.3, the author devised the
concept of “relative mean persistence" (RMP) referred to in subsection
5.4.2:

Rp = (= al A0S/ L (5.4)

where Ay is as before,
N is the wotal number of negative or positive runs, and
GOBS is the mean observed flow.
The RMP is dimensiontess, "standardized” by the squared mean flow, and
usyally 1ies in a convenient range of 0-1,0. Figs. 5.7 and 5.8 show
that RMP provides information on goodness-of-fit that is in harmony
with that provided by RMCC and MCE.

5.8 SUMMARY OF CALIBRATION PROCEDURE

In the modelling studies reported in the next few chapters, the
following general calibration procedure was used. A priori estimates
of all parameters of a specific model were made according to the best
information possible. This sowetimes included rough “<alibration" by
manual trial-and-error appreach. By means of a flow sequence
generated by the a priori parameters a sensitivity analysis by the
procedures of section 5.6 was performed and the most sensitive
parameters identified, This was followed by automatic optimization of
the model based on the selected parameters and using the Rosenbrock
atgorithm combined with MCE for monthly flows, or DCE/WDCE for daily
flows. Automatic optimization was by the “staged” approach in the
case of hourly models and by the "blunt” approach in the case of daily
and monthly models. For the studies of Chapter 7 invariably more than
one configuration of starting values was used and manual intervention
to redirect the automatic search was often attempted - usually with
success. Calibration was sometimes concluded with minor manual
adjustment of parameters. Decisions on fina) convergence were always
tsken on the basis of the DCE and/or MCE values, the percentage error
in MAR and monthly SD and a visual comparisen of observed and computed
Flow saquences.



CHAPTER 6

EFFECT OF CHOICE OF CALIBRATION PERIOD ON PELIABILITY OF
MODEL CALIBRATION

6.1 INTRODUCTION

A primary uncertainty associated with the use of lumped-parameter
canceptual rainfall-runoff models that was not explored in Chapter 5
is the effect of choice of calibration data sample on reliability of
the model parameter estimates. It foilows axjomatically that the
shorter the period of observed data used for model calibration the
less 1ikely the calibration sample will contain a broad enough range
of rainfall and runoff events to ensure activation of al? flow paths
in a model or %o reveal particular model deficiencies - such as
inability to mudel extreme events. Parameters obtained from such a
sampie are sibject to uncertainty as to now they relate to “trus”
parameters for the catchment under consideration; in other words,
short sample calibrations produce parameters of suspect reliability.
There is a distinct danger that estimated parameters may be mere
artifacts not only of an unreliable fitting procedure {see Chapter 5}
but also of an unrepresentative calibration period.

In both applied and research situations the question has to be
faced: how many years of calibration data does the chosen modai
require for the establishment of representative or at least stable
parameter values? Phrased differently, how does the accuracy of model
predictions improve if the calibration period is increased from N to M
years, and is this improvement worth the extra effort jnvolved in data
collection and preparation, as well as extra computer charges? Often
the modeller uses whatever length of concurrent hydrometeorological
records are available, generally in a split-record approach: the model
is calibrated on one part of the record and verified {tested) on an
independent part of the record. The split-record procedure fmparts
increased intuitive confidence in the reliablity of the model fitting
than if a1l the records are used in the fitting process without
verification; and if the verification succeeds the above quastions
are presumed to have heen adequately answered. However, if
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verification fails, in other words, if the error variance of the
verification period i3 greatly in excess of the error variance of the
fitting period (known as "model divergence” - Sorsashian and Dracup,
1980}, the question again Tooms: s it the model that is inadequate or
is it merely the calibration or the verification period that wes
unrepresentative {ioncring for a moment data errors)? Moreover,
available records are in practice sometimes so short that there can be
no auestion of split-record testing and the wmadeller has to face an
unquantified risk that his parameter estimates are not reliable. This
state of affairs is aptly described by 0'Donnel) and Canedo {1980):
“Practising modellers have little auantitative guidance on how much
reTiability they can place on their modeiling results. Much more
attention has been given to the development of madels for specific
hydrological purposes, or to the improvement of parameter aptimization
techninues. The impression eiven is that a single split-record
procedure giving satisfactory results is a sufficient, pot merely a

necessary, condition. If that hurdle is svccessfully cleared, it is

implied that one can proceed to use a model with confidence; there is
no mention of confidence limits” (my underlining).

The above issnes reflect directly on the Ecca modelling studies
reported in chapters preceding and folYowing this one: on the cne
hand, intuition would Tead to the expectation that because of their
semi~arid nature, the Ecca catchments would require "fairiy Tong”
records for reliable calibration - at least, longer records than, say,
cetchments in temperate to humid areas. On the other hand, the whole
data base far the fcca comprises only six years {1376-1981) of
concurrent rainfall, runcff and evaporaticn records. Many questions
arise: How reoresentative of the longterm flow regime is this data
base? Is a spiit-record approach feasible with such short records?
How much reliability should typically be placed or the estimated
parameters in this study? Are mode} comparisons valid when based on
such relatively short hydrometeorological records? Can parameter
transfers reasonahly be expected to yield meaningful results under
these conditions?

Vith Ecca data used in various ways, an attempt is made in this
chapter to throw some light on these auestions, both for the genera)
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case of streamflow generation in semi-arid catchments and for the Ecca
modelling studies specifically. Firstly, Pitman's models PITM, PITD
and PITH {see Chapters 3 and 4) are used to explore how serious the
variations in parameter values are for "%ypical” models covering a
range of complexities, when each mode) is calibrated for different
calibration samples extracted from the full six years of Ececa records.
This is foltowed by the main study comprising the calibratiin of
models PI™ and PITD {regarded as "typical" models} for each of 159
calibration sampies of variable iengths, drawn from a synthetic 101-
year streanflow series. The ability of each medel to reproduce the
original 101 years of streamflows faor each of the calibrations was
subscouently examined against & set of statistics of annual and daily
and/or monthly flows. The variabilities of important model parameters
for different calibration samples of the same Jength, as well as
hetween Tengths, were also investigated. The chapter is closed with
some general conclusions and with a resumé of the jmplicatiens for
the Ecca modelling studies.

£.2 VARIATION IN PARAMETERS ESTIMATED FROM DIFFERENT E£CCA RECORD
PERICDS

The relationship between parameter stability (i.e. that different
calibration perieds produce near-identical parameter values) and
differing degrees of mode) complexity does noi seem %o have been
examined extensively in the titerature. Therefore, apart from being
an essential preTiminary for meaningful model comparisons using Ecca
data, such a study would have value o its own right.

It was decided to use the full six years of available dats for
Ecca catchment A as the population from which three individual
calihration samples were extracted, covering the periods 1976-1980
{sample 1), 1976-1978 + 1981 {sample 2) and 1976-1978 (sample 3)
respectively. These pariods have the following special attributes:
sample 1, containing as it does the very extrénc events of 1979 and
the severe drought of 1980 {see Chapter 2), as well as a range of
other events, represents the "best" calibration period available if
sptit-record testing is considered. Sample 2 excludes these two years
and represents a hroad range of small to medium runoff events. Sample
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3 represents a typical “short-sample” situation. Further to allowing
for the influence of model complexity, it was thought wise to allow
for possible effects of objective function choice by basing the
optimization of the daily and hourily models PITD and PITH on
minimization of both DCE and MCE (see Chapter 5§} in the case of each
model. In total, therefore, 15 optimjzations were executed, the
results of which are Tisted in Table 6.1. Optimization was by the
Rosenbrock atgorithm (see Chapler 5) using the same set of starting
parameter values in all runs with the same model, viz. parameter
values determined by manual cdiibration earlier (see Chapter 7), ang
the same number of arthogonalizations in the case of each mode).

Perusal of Yable 6.1 revesls that parameter ipstability fs
present in the case of all three wodels but that the degree of
variability in parameter values is different for each model. It must
be conceded that some of the variability may be the resulit of an
incomplete optimfzation search {due to response surface complexities)
but, in the face of the regular pattern of the parameter value
differences between calibration samples 1, 2 and 3, it is highly
Tikely that imperfect calibration played a minor role, 1If this
suggestion is accepted the following conclusions follow:

fa) Parameter instability Ts not so much dependent on
calibration sample length as on whether or not the sample includes
major runoff events: in the case of 3a1] three models and Loth
cbjective functions oniy minor differences exist beiween optimal
values for most primary (volume) parameters derived from sample 2 and
3, but either or both these parameter sets show notable differences
with the values derived hy sample 1 - the calibration period
containing the extrame events of 1979.

(b) The more complex the model, the more relevant parameter
in_stabﬂity seems to be: model PITH's “optimal” parameters seam much
more variable than those of PITM, with PITD somewhere inbetween; this
trend corresponds with similar findings by Pickup {1977}, Mein and
Brown {1978) and Moore and Clarke {1981), and can partially be
explained in terms of the greater number of degrees of freedom in the
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! Table 6.1
Variation in parameter estimates for models PITM, PITD and PITH associated with
different calibration periods.

Calibration Parameter values Obhjective
sanple no.*1 function

Model PITM

ST MAX  ZMIN oM T [ HCE
1 126,9 400 0,1 0,1 0,1 0,24 0,982
2 137,0 476 0,7 0,1 0,0 0,36 0,836
3 137,050 0,0 0,1 0,0 0,27 0,841
- Model PITD
] ST HAXH ZMINN DIV T 6L DCE -
1 67,7 52 0,8l 0,3 0,9 1,8 0,909
2 17,8 8,5 0,60 0,2 1,5 2,1 0,788
3 18,8 57 1,28 0,2 1,5 2,2 0,793
ST A ZMINN DIV TL GL MCE
1 Ww,2 54 0,75 0,5 2,2 3,0 0,998
H 20,5 7,0 0,77 0,0 0,2 2,7 0,932
3 w6 7,1 071 6,2 2,7 2,1 0,940
Hodel PITH*E
ST A ININN SU TG THI DY DCE
1 140,6 8,2 0,00 4,1 4 1,5 18 2,5 0,374
| 2 21,3 12,0 0,03 2,4 62 1,4 33 6,4 0,748
i 3 123,3 12,2 0,3 2,2 3,1 0,7 13 2,4 0,827
| ST THAXN  ZMINN SU TL 6L TLI DIV MCE
1 1 59,8 10,2 0,3 1,7 0,2 2,0 43 50 0,965
} H 126,7 11,2 0,22 2,6 20 1,3 48 14 0,858
3 126,8 11,8 0,22 2,2 14 1,5 69 14 0,841

*11076-1980: sample 1
1976-197R + 1081: sample 2

1976-1978: sample 3 .
*2  Pitman’s original hourly model (Pitman and Rasson, 1979)
more complex models.
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{c} Parameter instability cannot be contained by using a
“coarser” objective function, such as MCE instead of DCE: for both the
dajly and hourly models, mere or less the same degree of parameter
variability due to variation of calibration sample seems to exist in
the case of both objective functions.

The tentative investigation described above shows clearly that
the cheice of a suitable calibration period for model testing and
conparison from the available Ecca data set is not as straightforward
as it may seem, and may have a crucial bearing on the performance of
individual models. In addition, the results signal a need to guantify

Jjust how adeauate the Ecca data set is in terms of the general

calibration period length reauirements that may exist for confident
use of the type of model under investigation in a semi-arid
enviroment. The rest of this chapter is devoted to such a general
investigation of calibration reliability. The original idea for the
study vas glieaned from a paper by 0'Donnell and Canedo (1980) on model
reliability.

P
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6.3 RELIABILITY OF CALIBRATION OF A MONTHLY AND A DAILY MODEL USING
SEMI-ARID DATA

6.3.1 A synthetic semi-arid test data set

{a} Reouirements of the data set

An investigation into the reliability of calibration of a
rainfall-runoff model employed for water resources appraisal should
focus on the calibrated model's ability to reproduce the
characteristics of very long flow records, from which the calibration
samples are drawn. To achieve this in the face of non-availability of
such records in a semi-arid part of South Africa, it was decided to
synthesize a tong semi-arid flow “record" using a wodified version of
the Stanford Vatershed Model, as set up and calibrated for the Ecca
catchment A, {The calibration of the Stanford model is described in
Chapter 7.} The calibrated Stanford model may be regarded - for the
purposes of this study - as a “semi-arid catchment prototype”.

The stanford Watershed Model (here calied FORD} was chosen for
prototype flow sequence generation for the foltowing reasons:

* It has achieved high credibility through many successful
applications in many parts of the world.

* In the intercomparison with the three Pitman models described
in Chapter 7 using seven years of data from the Ecca catchments, the
Stanford model produced somewhat superior results and proved that it
is competent to generate typical semi-arid flow seguences.

* 1t differs sufficiently from the models chosen for this study,
PITM and PITD, as the simple comparison in Table 6.2 may help to
i1lustrate, to ensure that the results of the study are not dictated
by crucial similarities between the models.

{b) Development of the test data set

A fundamental requirement for the study was the establishment of
a Tong observed daily rainfall record from which the long synthetic
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6.3 RELIABILITY OF CALIBRATION OF A MONTHLY AND A DAILY MODEL USING
SEMI-ARID DATA

6.3.1 A synthetic semi-arid test data set

(a) Reauirements of the data set

An investigation into the reliability of calibration of a
rainfall-runoff model employed for water resources appraisal should
focus on the calibrated model's ability to reproduce the
characteristics of very long flow records, from which the calibration
samples are drawn. To achieve this in the face of non-availability of
such records in a semi-arfd part of South Africa, it was decided to
synthesize a long semi-arid flow “record” using a modified version of
the Stanford Watershed Model, as set up and calibrated for the Ecca
catchment A.  (The calibration of the Stanford model is described in
Chapter 7.) The calibrated Stanford model may be regarded - for the
purposes of this study - as a “semi-arid catchment prototype”.

The Stanford Watershed Model {here called FORD) was chosen for
prototype flow sequence generation for the following reasons:

* It has achieved high credibility through many successful
applications in many parts ¢f the world.

* In the intercomparison with the three Pitman models described
in Chapter 7 using seven years of data from the Ecca catchments, the
Stanford mod2) produced somewhat superior resutts and proved that it
1s competent to generate typical semi-arid fiow sequences.

* It differs sufficiently from the models chosen for this study,
PITM and PITD, as the simple comparison in Table 6.2 may help to
illustrate, to ensure that the results of the study are not dictated
by crucial similarities between the models.

(h} Development of the test data set

A fundamental requirement for the study was the cstabiishment of
a Tong observed daily rainfall record from which the Jong synthetic
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6.3 RELIABILITY OF CALIBRATION OF A MONTHLY AND A DAILY MODEL USING
SEMI-ARID DATA

6.3.1 A synthetic semi-arid test data set

(a) Reauirements of the data set

An investigation into the reliabili‘y of calibration of a
rainfall-runoff model employed for water resources appraisal should
focus on the calibrated model's ability to reproduce the
characteristics of very long flow records, from which the calibration
samples are drawn. To achieve this in the face of non-availability of
such records in a semi-arid part of South Africa, it was decided to
synthesize a long semi-arid flow "record” using a medified version of
the Stanford Watershed Model, as set up and calibrated for the Ecca
catchment A. (The calibration of the Stanford model §s described in
Chapter 7.} The calibrated Stanford mode) may be regarded - for the
purposes of this study - as & "semi-arid catchment prototype".

The Stanferd Watershed todel (here called FORD) was chosen for
prototype flow sequence generation for the following reasons:

* It has achieved high credibility through many successful
applications in many parts of the world,

* 1In the intercomparison with the three Pitman models described
in Chapter 7 using seven years of data from the Ecca catchments, the
Stanford model produced somewhat superior results and proved that it
is competent to generate typical semi-arid flow sequences.

* 1t differs sufficieatly from the models chosen for this study,
PITM and PITD, as the simple comparison in Table 6.2 may help to
illustrate, to ensure that the results of the study are not dictated
by crucial similarities between the models.

(b) Development of the test data set

A fundamental requirement for the study was the establishment of
a long observed datly rainfall record from which the long synthetic
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Table 6.2

Comparison of characteristics of models PI™, PITD and FORD

Model. No. of conceptual o, of Input/ 1teration Execution
mode] storages parimeters  output interval timg*L
_ seconds
PITH 2 12 1 month 0,25 month 7
PITD 3 13 1 day 1 hour {raindays) 41
1 day {non-raindays)
Fope 4 13 1 hour 0,25 hour 204

*1 CPU time on ICL 1904 computer for a &-year calibration run

flow record could be generated. After consideration of a number of
Eastern Cape rainfall station records held by the Weather Bureau in
Pretoria, the choice fell on Alicedale, 35km from the Ecca area:
Weather Buresu station no. 56/13%. apart from being geoaraphically
close to the Ecca River, this statior revealed for an overlapping
period of five years a monthly rainfall distribution similar to that
of the Ecca catchment, mean annual precipitalion and monthly standard
deviatien figures within 12 percent of those of the Ecca and a daily
rainfall frequency curve almost identical ahove the Z2mm total. The
total Alicedale record of 112 years - 1830 to 1981 - was consequently
regarded as suitably representative of the Eastern Cape semi-arid
climate, Statistical tests {split-sample t-tests) could not detect
any non-statiomarity over the 102 years. The 40 months that had one
or mire missing daily values were "patched” by substituticn from the
Granhamstown Weather Bureau record {station 57/048), after correction
for mean and varisace. The resuiting record has a AP of 4limm and a
monthly standard deviation of 33mm.

As the Stanford model requires hourly rainfall input, a way had
to be found ta express the 102 years of daily totals as representative
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24-hour distributions. This was done by selecting BO one-day stomm
prototypes from the Ecca autographic data, 40 each for winter and
summer, Each group of 40 storms was further divided into 6 categories
of B storms each, hased on wagnitude. Table 6.3 provides infarmation
on the storms used tor this purpose. As each dafly rainfall was input
to the medel it was categorized according to season and magnitude, and
was assigned a 24-hour distribution equivalent to one of the 8 Ecca
distributions in that category, selected hy a pseudo-random number
between 1 and 8.

Daily A-pan evaporation values required by the Stanford model
were chosen from the £cca records as well, The canplete set of daily
values for 1978, being an "average" year, was chosen for this purpose,
and re-used for each of the 102 years of flow generation. The only
random variability between years allowed for in this case was that on
all winter days with rainfali higher than lmm the daily pan
evaporation was set lmm. This was done to prevent high 1978 winter
£cca daily evaporations from obscuring “simultaneous” modest winter
daily rainfalls in any of the 102 years.

Finaliy, 10 years of hourly and daily flow totals were generated
by the Stanford Model, calibrated for the Ecca catchment A as
described in Chapter 7, with the aforementioned rainfall and
evaporation records as inputs. Rainfal) for the first year, 1880, was
wsed s a “warm-up® year for the model. Monthly flow totals were
summed from the generated daily values to provide a hypothetical but
typical semi-arid monthly streanflow time series 101 years long.
Equivalent monthly rainfall totals were then calcylated from the 102
years of daily falis. Table 6.4 ists the syathetic montiy Flows and
comparison with the Ecca Flow data reported ‘n Chapter 2 reveals the
typical semi-3arid nature of the synthetic flow series. The
statistical characteristics of this riow series are provided in Table
6.5, along with a comparison of observed Ecca statistics,

The foregoing technique for developing a Wypothetical prototype
catchment (with concomitant inputs and outputs) holds some notable
advantages for specific investigations velated to rainfa)l-mmoff




Table 6.3

Ecca storms used for 24~hourly disaggregation of daily rainfalls (date and

daily total in mm).
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Summer (Qctober to March)

Category 1 Category 2 Category 3 Category 4 Category 5
0-5mm §-10mm 10-18mn 18-27mn >27mm
20/1/76 3,6  9/1/76 7.9 B/12/78 14,1 22/12/18 20,3 21/3/76 54,0
13/10/76 3,2 9/2/76 6.4 29/2/76 15,4 6/2/16 23,3 21n2/71 30,8
41177 1,4 WANTT 83 N1 W, eB//Th 25,8 26/11/77 34,1
12/1/78 1,2 31/3.'% R,5 R/10/78 16,3 29/12/77 18,8 30/12/77 46,8
22/12/78 2,7 15/10/79 6,6 1/1/79 12,0 3/2/18 22,4 21/2/79 30,6
6/2/79 4,8 27/2/80 9,4 21/3/80 13,1 5/10/78 25,7 29/11/80 31,8
5/3/80 3,1 1/3/8 9,6 28/11/80 10,2 27/2/7% 26,9 22/10/81 39,0
12/¥2/8l 4,2 L1f12/R1 7,8 2/3/8) 14,4 2R/3/81 23,1 23/12/81 35,1
Winter (April to September)
Tategory 1 Category 2 Category 3 Category 4 Category 5
D~5mn §-10mm 10-15mm 15-27wm >27mm

30/8/75 4,4 18/9/15 8,0 31/8/7% 13,1 1/9/75 17,7 876775 37,5
2/5/78 4,8 20/6/76 8,8 4/8/76 11.6 2/9/75 16,4 7/5/71 53,9 i
18/7/76 2,9 10/8/77 8,2 9/7/76 11,6 23/4/77 26,4 20/4/718 35,2 h
13/6/77 1,3 7/4/78 7.4 19/7/76 13,0 22/5/79 16,7 21/4/78 36,3
26/9/77 3,8 26/5/79 7,1 18/9/77 12,4 12/6/79 19,6 20/7/7% 44,0
13/6/78 3,3 21/8/R0 5,7  21/B/79 14,6 15/9/79 21,2 21/7/79 106,1
15/6/80 1,7 27/5/8% 9,6 9/4/80 10,7 30/5/8L 23,7 24/7//9 27,4
n/B/81 2,5 31/8/81 6,5 21/8/81 14,6 28/8/81 22,4 20/8/79 70,4

S R
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Table 6.4 Synthetic monthty flows generated for
hypothetical semi-arid catchmen?
{see following pages)

-~
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Table 6.4 (Continued)
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Table 5.4 (Continued)
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Table 6.5

Statistics of 101-year synthetic flow series compared with 6-year Ecca

observed flow record.

Statistic Synthetic Ecca Dimensions
series record
Mean annual precipitation 41} 487 o
{Range) 207-735 347-649 mm
Longterm runoff coefficient 1,87 4,59 %
Arnual flow totals
Mean annuz) runoff 562,5 1690,8 103m3
(Range) 0-6447 30-8563
Standard deviation 1266 3375 103m3
Skewness coefficient 2,91 -
Mean annual runoff {logarithms) 4,32 5,97
Skewness coefficient (logarithms) 0,20 -
Nonthly flow totsls
Standard deviation 343,3 662,2 103m3
Range of residual mass curve 14098 8027 103m3
Index of seasonal variability 20,8 61,4 5
Maximun monthly total 4928 4417 103m3
Hean deficient flow period 19 17 months
Maximum deficient flow perfod 8 28 months
Daily flow totals
Standard deviation 0,53 0,66 m3/s
Haximum daily peak flow 52,3 21,1 wd/s
Second highest peak flow 37,8 12,8 /s
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modelling. Firstly, the synthetic streamflow sequence representing
the output from the hypothetical catchment is free of the effects of
landuse or upstream diversions. Secondly, the rainfall and potential
svaporation inputs to a model that is being nvestigated with the aid
of the synthetic flow-sequence are 100 percent accurate estimates of
the hypothetical catchmant inputs and conditions - a sitvation
impossible to achieve in real catchments. Thirdly, as with rainfall,
there are no measurement inaccuracies in the streamflow "record” -
always & serjous problem in practice. Fourthly, known non-
stattonarities, trends, gaps in both rainfall and flow records and
other inaccuracies can be super-imposed on the iuputs and outputs of
the hypothetical catchment and their implications for rainfall-runoff
model1ing assessed.

6.3.2 Experimental pracedure

ta) Model calibrations

Hodels PITH and PITD were selected for this study as exemplifying
the type of model for which quantified guidance on parameter stabitity
and optimal calibratios period length is required, both for the
general case of semi-arid catchment modeiling aad far the specific
case of the Ecca modelling investigations. In the case of the monthly
model, PITM, the study was hased on calibration periods of 3, 6, 10,
1% and ZD-year lengths, respectively, with 10 samples per calibration
period, For a iDl-year Tlow series, this meant the 3,6 and 10-year
samptes could be chosen to be Sndependent, but that overlaps of 33%
and 50% hetween successive calibration periods had to be accepted in
the case of the 15 and 20-year samples regpectively.

The investigation of parameter variability in the daily model was
executed in two phases. In the first phase parameter estimates were
based on reproduction of the monthiy flow series; in the second phase
the reproduction of the daily flow series dictated the parameter
estimates. QOptimizing 2 daily model such as PITD mainly on menthty
flow reproduction as in the First phase enables conparison to be made
of its reliability of calibration with that of a manthly model such as
PITM, Tf data availability and computer run-time are not serious
constraints, such a comparison may offer useful guidance on the
preferability of either type of model in water resources apprais }




217

studies where the focus usually is on monthly flow series.

For the first phase, calibration period ifengths of 3, 5, 7, 10,
15, 28, 33 and 50 years were chosen, while the second phase samples
were 3, 5, 10 and 13 years in length. (Computer run-time limitations
necessitated a smaller sample length in the fifth category of the
second phase}. Smaller increments between the five calibration
categories were used in the case of PITD than for PITM because it was
expected that PITD might very well turn out to have an optimal
calibration length shorter than 10 years. Ten samples per calibration
period were used in a1} cases except the 25, 33 and 50-year lengths;
in these three cases only non-overlapping samples were used.

The semi-automatic calibration procedure set out at the end of
Chapter 5 was pursued for the 50 and 109 individual calibrations of
PITM and PITD respectively. For PITM the Rosenbrock algorithm was
combined with abjective function MCE and the calibration achieved by
maximizing the one-to-one fit (MCE) of monthly “observed” and
simulated values, while minimizing the errors in simutated MAR and
monthly SD. Only the seven most sencitive parameters of the model
were optimized, and in all cases the optimizer was set to aliow a
maximum of 300 parameter iterations. The most acceptable combination
of one-to-one fit and mininal errors in MAR and monthly SD was always
achieved before optimizer run termination. Table 6.6 depicts the
optimurt status of the three calibration criteria for each calibration.
It can be seen that monthly SO often had to be “sacrificed” in
exchange for more acceptabie values in the other twe criteria and
sometimes reasonable one-to-one fits without systematic error were not
possible at all, as some of small the coefficient of efficiency {MCE)
values indicate. The consistent negative errors in 5D are due to the
fact that the model in most cases overpredicted basefl ow.

For PITD the Rosenbrock algorithm was combined with objective
function MCE in the first phase and with WOCE in the second phase. The
unweighted fumction DCE was attempted in the second phase but
convarged on reasonable MAR and monthly SD errors in none of the 15
calibration runs tried, as Table 6.7 clearly illustrates. Only the
six most sensitive parametars were optimized and in a)} cases the




optimizer was set to terminate the search after 250 parameter
iterations. In the first phase convergence was decided not orly in
terms of maximum MCE value and minimum MAR and monthly SD error, but
also in terms of the highest DCE value that corresponds with a good
combination of the other three criteria. In this way, it was hoped,
some allowance for reasonabie daily fits could be made. In the secoend
phase convergence was declared in the vicinity of the best WDCE value
achieved, which automatically implied relatively Tow errors in MAR and
monthly SD and a fairly high MCE; however, more than one search fron
different starting parameter sets were often required to ensure that
convergence was not declared prematurely. Tables 6.8 and 6.9 depict
the optimum status of the four calibration criteria for each
calibration in the first avd second phases respectively. As with
PITM, the monthly SD often had to be sacrificed in exchange for more
acceptable values in the other two criteria. More imporiant, however,
is the fact that high OCE values were only infrequently achieved; even
in the second phase study where g weighted DCE was the objective
function. This was mainly due to the fact that PITD consistently
overpredicted daily baseflows, causing a systematic error which no
amount of legitimate parameter "juggling® could amend. Possible
reasons for the apparently poor daily fit achieved in this instance,
are explored in section 6.6 where the overall resuits for nmodel PITD
are discussed.

(b ftode? verification

Utilizing the parameter sets associated with each triplet of
criteria in Table 6.6, the Full 101 years of monthly streanflow totals
were regenerated with model PITM, using the 102 years of monthly
rainfalls, the 1878 monthly A pan totals for the Ecca and a warm-up
year at the start. A similar procedure was followed with model PITD,
employing the relevant daily input time series and outputting both
daily and monthly flows. The equivaltente of each of the 159
reconstructed flow series to the original synthetic flow series was
measured by means of the array of fitting criteria and statistical
tests contained in statistical subroutines AFIT (monthly} and BFIT

v
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Table 6.6

|
. ‘ Optimum values of Fitting criteria for optimization runs, using calibration
v f samples of varying Tength : model PITH
{
|
i

Calibration Calibration run number
period in 1 2 3 4 5 6 7 8 9 10 HMean
years

3: MCE 0,775 0,194 0,225 0,715 0,982 0,388 0,440 0,19 0,120 0,876 0,453
sMAR 0,7 -8,1 -6,1 12,1 7,4 0,5 -6,4 10,9-8,5 4,7 0,7
o ASD 13,2 -30,4 -28,1 25,0 -0,7 -33,0 -16,7 65,1 -38,5 -2,1 -25,4

;. HCE 0,983 0,207 0,252 0,559 0,998 0,270 0,980 0,430 0,846 0,896 0,652
aMAR 3,2 7,3 2,8 2,0 2,3 -0,3 11,8 7,8 59 1,0 4,4
&80 -2,6 41,3 -26,3 -16,2 0,2 -37,6 -4,2 -29,4 -10,4 -2,2 -17,0

10: MCE 0,984 0,827 9,556 0,393 0,997 0,117 0,919 0,872 0,503 0,793 0,696
WMAR 2,5 4,1 2,8 0,9 2,7 0,9 52 -8 59 0,3 18
sSO 2,4 -84 -10,8 35,7 0,2 -56,3 2,5 -10,9 71,9 -7,2 -15,1

15: MCE 0,911 0,754 0,573 0,326 0,994 £,290 0,917 0,790 0,511 0,689 0,676
sMAR 3,7 3,1 5,3 4,8 2,8 7,3 2,0 3,8 L4 3,0 3,7
oSD 13,5 -12,1 -7,0 -32,3 0,0 -38,3 1,7 0,3 -27,5 -14,5 14,5

20:  WCE 0,908 0,905 0,343 0,300 0,296 0,667 0,842 0,849 0,759 0,635 0,660
aMAR 2,0 2,8 -0,7 2,6 3,0 4,5 1,8 0,8 0,1 0,8 0,3
aSD 13,6 -10,1 31,9 -37,3 -40,1 -20,3 -4,4 2,8 -17,3 -15,9 -19,4
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Table 6.7

Optimum values of fitting criteria for optimization runs, using calibration
samples of varying length and daily coef. of efficfency {DCE} as objective
function : model PITD*L.

Zalibration Calibration run number

period in 1 2 3 4 5 Mean

years

5: DCE 0,98 0,94 0,77 0,87 0,59 0,83
HCE 0,78 0,75 0,52 0,78 0,80 0,73
2HAR 81 64 34 44 -8,2 42,8
25D 4,8 9,7 -1,3 0,0 -3,1 ~3,6

10: DCE 0,70 ¢,92 0,63 0,59 0,48 0,66
HCE 0,85 0,78 0,65 0,77 0,61 0,73
aHAR 30 40 60 -6,4 -23 20,1
25D -2,0 3,9 -23 -39 -37 ~20,8

i5: DCE 0,3 0,83 0,61 0,58 0,83 0,63 ¥
HCE 0,74 0,96 0,62 a,79 0,69 G,74
sMAR 47 =31 126 -21 -29 18,4
489 -9,4 -16 -9,5 -4,8 -37 -24,0

*1

Hote that the large MAR and manthly SD errors associated with
convergence hy OCE n the optimization routine, caused this objective
function to be abandoned in favour of WOCE (see Table 6.93.
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Table 6.8

Optimum values of fitting criteria for optimizaticn runs, using calibratien

samples of varying tength : medel PITD (monthly fit}).

Calibration Catibration run number

period in 1 13 3 L3 5 6 7 8 9 10 Mean

years

3 KCE 0,94 0,80 0,90 0,93 0,99 0,77 0,61 0,92 0,82 0,98 0,87
OCE -3,5 0,69 0,90 -1,0 0,19 0,76 0,66 0,87 0,58 0,47 0,06
aMAR 4,3 0,2 9,3 -0,6 -3,8 4,8 w -/,5 4,4 9,7 1,84
25D -3, 9,7 0,8 -0,7 -5,1 -6,1 -14 0,6 -3,1 -8,5 -5,03

5t HCE 0,79 0,98 0,99 0,9t 0,9 0,55 0,99 0,9 0,90 0,95 0,90
ocE 0,69 0,93 0,32 0,92 0,34 0,59 0,54 0,66 0,27 0,39 0,62
altAR ~,8 -1,9 2,4 -3,8 2,8 8,5 2,0 -1,5 3,1 3,6 1,16
28D 19 -1,5 41,0 -3,5 -3,0 -21 0,3 -0 18 12 -8,97

7+ MCE 0,97 0,93 0,97 9,80 0,99 0,99 0,99 0,88 0,99 0,77 0,%
DCE 6,24 0,43 0,62 0,8 0,3% 0,53 0,36 0,53 0,33 0,34 0,47
aliAR -3,5 -7,2 -7,4 8,0 2,7 3,4 -2,4 6,3 2,0 7,0 0,49
250 -6 -1% 0,3 -5 2,6 -1, 1,5 -0,8 -4,9 3,9 0,49

in: HCE 06,97 0,99 0,78 0,8 9,99 0,65 0,97 0,93 0,87 0,77 0,88
oCE 0,25 0,82 0,5¢ 0,91 0,39 0,18 0,31 0,24 0,27 0,22 0,42
SMAR 0,8 3,8 3,5 3,6 2,2 4,3 -3,4 54 7,8 6,1 1,47
4SD -16 -4 -33 -10 4,6 -31 -3,7 -8,7 -16& 5,0 -11,3

16:  MCE 0,97 0,79 0,°8 0,9¢ 0,99 0,71 0,94 0,37 0,87 0,8 0,89
4 0,26 0,3% 0,82 0,83 0,35 0,45 0,25 0,31 0,27 0,37 0,43
SMAR 41 n1 4,4 54 -2,7 7,5 0,5 -1,9 8,8 6,7 2,32
a5D -t -18 -9, -1,5 -8,5 1R -2,2 -20 -17 -2,7 -10,7

25:  MCD 0,97 0,99 0,85 0,R2 0,91
DCE 0,27 0,73 0,26 0,39 n,41
AMAR 3,6 6,2 2,3 4,1 0,95
250 A1 3,5 -8 2,6 -7,0




Table 6.9

Optimum values of fitting
samples of varying Tength :
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criteria for optimization runs, using calibration
model PITD {daily fit}.

Calibration

Calibration run number

period in 1 2 3 4 5 6 7 8 9 10 Mean
years
3 DCE 0,57 0,41 0,74 0,16 ©,46 0,567 0,25 0,82 0,51 0,50 0,50
MCE 0,84 0,43 0,62 0,70 ©,97 0,27 0,26 0,74 0,57 0,51 0,60
aMAR 5,8 A8 -0,9 9,4 51 1,0 14 -0,1 0,1 4,8 4,6
450 -2z -6,2 -12 -28 -9,9 -21 13 26 -14 -8,2 -16,0
5 DCE 0,65 0,65 0,74 0,79 @,40 0,31 0,81 0,70 0,58 0,50 0,61
MCE 0,72 0,56 0,98 0,85 0,99 0,13 0,98 0,92 0,38 0,65 0,77
aMAR 7,5 4,8 2,3 1,4 4,6 3,8 3,2 49 4,8 26 2,3
aSD -1z -45 -9,9 -17 -3,0 -28 -10 13 -/,4 89,2 -12.9
7: DOE 0,53 0,5¢ 0,37 ¢,70 0,38 0,50 0,47 0,57 0,41 0,32 0,48
MCE 0,9 0,71 0,88 0,76 0,99 0,97 0,98 0,97 0,61 0,57 0,84
aHAR 2,7 5,2 8,5 1,0 2,3 3,6 -3,7 3,7 4,3 5,2 2,6
aSD -3,6 -31 -9,9 18 -2,7 <11 -9,4 -9,9 i1 -9,6 -11,6
10:  OCE 0,5 0,61 0,58 0,68 0,28 0,08 0,50 0,62 0,41 0,39 0,47
e 0,99 0,72 0,96 0,69 0,86 0,86 0,94 0,97 0,76 0,57 0,83
AR 4,0 5,1 7,2 18 7,5 A3 4,9 50 3,8 3,1 4,6
50 -9,7 -38 12 -23 -33 -9,4 -G,3 -9,8 -9,4 -5,1-15,2
13: NCE 0,85 0,57 0,55 0,74 0,37 0,36 0,57 039 0,48 0,50 0,51
MCE 0,98 0,67 0,95 0,07 0,98 0,74 0,96 0,24 0,70 0,71 0,85
aMAR -2, 5,0 6,2 3,0 3,1 -,z 3,9 3,0 1,5 66 2,8
aS0 ~8,2 -3 -13 -13 -i0 37 6,4 -12 29 -7,9 -17,5
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{daily}, included in Appendix B. The most informative results of
these verification tests are discussed in the next sections.

£.4 RESULTS AND DISCUSSION : MONTHLY MODEL PITM

6.4.1 Parameter varisbiiity

Fig. 6.1 depicts the decrease, with increase in length of
cuifbratir~ merfos, in variability of the optimum values of two key
parameters o semi-arid calibration. ST is the maximum capacity of
the sc!l meisture store and ZHAX is the maximum catchment absorption
rate. A third key parameter not shown, ZMIN, the minimum catchment
absorption reo shows a variability pattern similar to that of ZMAX.
The other four ,..dmeters included in the optimizaiion runs showed
much Jess variability.

It may seem somewhat alarming that the variawility in optimum
narameter values does not decrease more rapidiy with }onger
cajibration periods. However, Table 6.10 provides evidence to suggest
that the veriability of the streamflow statisti ., resulting mostly
from the variability of the key paremeters, converges much faster with
increase ia calibrati o samrnle length, This convergence is equally
oronounced for certain monthly statistics and the one-to-one fit of
«vthiy values. Further investigation showed that because of varying
amounts of interdependerce among ST, ZHAX and ZMIN alternative
configurations of the<e three parameters can lead to eguivalent
streamfiow statistics. fonvergence of variability in these statistics
is therefore possible with longer calivration pericds while
variability of the parameters themseclves remains high. It is of course
alse possible that some of the apparent parameter variability is
caused simply by imperfect madel calibration.

It is likely that parameter interdependence makes complete
parameter stability, {.e. psrameter uniqueness, with tong calibration
periods, an unrealizable ideal. 1t may also be an unnecessary ideal in
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“3ses> where the model is being used ¢rly for streamflow time series .
extension (i.e. no undue significance attached to the physical meaning ‘ B
of parameters), as the rapid cenvergence of the statfstice of S
reconstructed streamflows indicates. Furthermore, in a paramcter

transfer study on three monthly models which included Pitman's, Hughes

{1982} shows that in practice one is well advised to calibrate monthly

conceptual catchment models in a regional context, rather than against

a single streamflow record. This should make coping with unavoidable

parameter variability a lot easier.

A practica: way to reduce the variability of interdependent
raraneters s to bold one or more of the affected parameters constant

ie determining optimum values for the remaining parameters {(Chapter
‘v at that paint are the held parameters brought back into play
Mowaver, this technioue brings a level of subjectivity into the
. optinization procedure which, aithough very useful in practice, was
BN corsidered unacceptable in the present study. It was deemed important
' to kesn the parameter search objective to avoid biasing the mode?l g
performante in any way, either favourahly or adversely.

A

6.4.2 Errors in streamficw stati

Figs. §,:{a8), fn}, (c) and 6.3(a) depict changes in ervors of
some pIptrtant yeconstructed streanflow statistics with increase in
Tength .f =al:bration perjod, Hotable is the fact that for the three
annuel st-tistics in Fig. 6.2 there is little further convergence
teyend 15 years nd that for MAR and annual SD an arithmetic mean
wrror close to zers f1s possible at any period longer than 10 years.
- The consistently pcsitive error in annual Cs can be related to the

. overprediction of haseflows by the model, thus skewing the freauency
distributien of anrual flows excessively to the left.

Errors in the range (Aitken, '973) of the residual mass curve !
(RMC) calculated Vrim *ie monthiy flow series is of imporiance if the
model is ta be used in storage-yield analyses, as range i3 indicative
of the theoretical votume of storage required for complete regulation
of flow. Fig. A.3(a) shous consistent convergence in errors in the PMC
range up to the 15-yeir calibration period, with a bias towards an

overprediction of the range for the longer periods.
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6.4.3 One-to-one fit

Two different criteria of one-to-one fit were employed. The
coefficient of efficiency (MCE) measures the fit of monthly
streamflows, whereas the RMC coefficient (RMCC) measures the one-to-
one fit of the individua) values in the residual mass curves. The RHMCC
is an important model test in the context of storage-yield analyses
(Aitken, 1973). Figs. 6.3{b} and (c) illustrate the steady improvement
in both RMCC and MCE achieved with increasing length of calibration
period. Again, little improvemen* is obtained by calibration samples
longer than 1K years,

It is worth noting in almost all cases the mean absolute errors

in annual and monthly statistics may be reduced by 30 to 50 percent by
merely increasing the calibration sample length from 6 to 10 years.

6.4.4 Frequency analysis of annual streamflows

It was found that the loparithms of the “observed” annual
streamflows approximatec the normal distribution. Consequently,
frequency analyses of all 50 regenerated annual flow series were based
on the Tog-normal distribution and plotted on suitable probability
paper. Fig. 6.4 depicts the outcome of this undertaking for the 6-,
10-and 1%-year cases. Fiq. 6.5, based on plots such as in Fig. 6.4,
may be more instructive on this point. The latter diagram shows the
spriead of the reconstructed return periods about the “observed™ value
for 1C-apd 100-vear return periods. Again, convergence in the spread
of estimates is very slow for calihration samples longer than 15
years.,

f.4.5 Seasonal distribution of monthly streamflows

The use of a conceptual model in a catchment where streamflow is
highly seasonal in character dictates that the model should be aple to
reprodute the longterm seasenal distribution of streamflow fairly
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Table 6.10

Yariability of key model parameters (expressed as coefficient of
variation*1} and consequent variability of some annual generated
streanflow statistics.

Calibration

roriod ST ZMAX  IMIN  Mean HMAR sn Cs Mean
6 year 3.0 51.3 38.8 42,0 52.8 46.8 25.0 4l1.5
10 year 24,1 37.8 27.0 29.6 28,7 22.7 19.2 23.5
18 year 23.9 42.6 2.0 29,5 16.9 18.3 7.2 14.1

*1 Coefficient of variation = {standard deviation/mean) x 100 (%)
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Table 6.10

Variability of key model parameters {expressed as coefficient of
variation®l) and consequent variability of some annual generated
streanflow statistics.

Calibration

period ST IMAX  ZMIN  Mean MAR sD Cs Hean
6 year 36.0 51,3 3B.8 42.0 52.8 46.8 050 41.5
10 year 24.1 37.8 27.0 29.6 28.7 22.7 1%.2 23.%
15 year 23.% 42.6 22.0 29.5 16.9 18.3 7.2 14.1

*1 Coefficient of variation = {standard deviation/mean) x 100 (%)
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well, In the Eastern Lape, eg. the hypothetical catchment used in
this study, the seasonality of streamflow is not well-defined becadse
of the 65:35 division of rainfall between summer and winter, on the
average. Nevertheiess, it was thought worthwhile to investigate the
improvements, if any, in prediction of the longterm monthly
distribution of flow that can be associated with longer calibration
reriods.  Fig. 6.6 i1lustrates that there is a consistent though
“ieinishing improvement of the error boundaries of the predicted flow

itribytions with increases in caiibration lengths. A safe
nsion wouid be that increases in catibration period up to at
errt U years would benefit predicted seasonal distributions most of

i 'S AND DISCUSSION : DAILY MODEL (PITD) CALIBRATED ON MONTHLY
OOMESS-OF-FIT (MCE) {first phase}

Parameter variability

The variability of the six optimized parameters due to different
sTitration perieds is shown in Fig. 6.7, where each dot is associated
«1th 2 specific calibration period. It is gratifying to see that two
.+ narameters, 8T and IWAXN, converye strongly with Tonger
Yibration periods. Other parameters such as ZMINN and TL are
~obably too insensitive in terms of monthly flow totals to allow
sraper optimization by an automatic routine. On the whole, it is
tegr that tonger calibration periods do not eradicate parsmeter
Laviability completely. Table 4,11 lists the coefficients of
iatinn of the key parameters against those of the annual streamflow
rtatistics. In contrast with the case of PITM (Table 6.10} the
narameter varfability converges at about the same rate as the
variability of the annual flow statistics. The variability of PITD
vatues in Table 6.11 for the 15-year calibration period is tower, in
aeneral , than the variability of egquivalent PITM values in Table 6.10.
35 mgy imply greater stability of key parameters in model PITD than
in model PITM far longer calibratinn periods.




6.5.2 Errors in streamflow statistics and one-to-one fit

Errors in streamflow statistics and improvements in the one-to-
one fit associated with increased calibration period Tengths are
plotted in Figs. 6.8 and 6.9 {note that the RMCC axis is demarcated by
two different scales). There is a usefw convergence both in errors
and in fitting statistics from the 10 to the 15-year cases, bui very
Tittie difference among the 5, 7 and 10-year cases. This may be 2
fortui tous result caused by combinations of parameter interdependence
and imperfect calibration, however, taken at face value, this may
imply that in situations where the user is “unhappy" with an existing
calibration sample that is seven years or shorter in length, he couid
expect to effect meaningful improvement in model reliability only if
he coutd more thanp double the calibration period. Fig. 6.17,
depicting the reproduction of the saasonal distribution of flows,
provides further evidence regarding this point.

Inenection of the results for the longer calibration samples in
Figs. 6.8 and 6.9 Jeads to the conclusion that a calibration sample
size of anpwrotimately 15 years represents a point of "diminishing
returns" in terms of Toprovement in regenerated flow statistics and
reduction of errors. The range of values for the non-overlapping
samples af 25 vears and 33 years is not much smaller than that for the
overiapping i5-year samples. The two 50-year samples produced very
sinilar results (and almos® identical parameter sets).

A strong bias towards overprediction of annual! statistics and the
range of the residual mass curve is evident from the plots in Figs.
6.8 and 6.9, This may be related to sometimes excessive
overprediction of baseflows by model PITD - a fact confirmed by visual
inspection of the ragenerated montly flow series. Fig. 6.9 reveals
that the mean coefficient of determination and the mean coefficient of
efficiency converge with longer calibration periods; this implies a
decreasing systematic error with larger catibration samples.

6.5.3 Comparison of models PITD and PITM

As stated in section 6.3 Tt may be useful to compare relative
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Variability of key model parvameters (expressed as coefficients of
variation in %} and consequent variability of some annual generated

streamflow statistics :

modet PITD {first phase)

Lalibration ST IMAXN ZMINH  Mean MAR so Cs Hean
period
3 yeo 5,3 38,0 .3 36,0 53,3 50,0 34,4 459
5 year 24,9 28,1 26,6 25,2 w0 T 14,7 19,1
7 year 19,7 23,0 29,9 24,2 43,9 40,4 21,3 352
10 year B,6 22,9 27,4 23,0 37,9 28,6 18,6 28,4
15 year 10,6 11,5 24,5 15,5 14,4 13,4 7,7 11,8
o
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di fferences in calibration reliability between models PITD and PIT in
terms of their pogential as "tools” for water resources appraisal. The
first notable point is that the expected difference in the optimum
calibration Tength did not materialise. Both models seem to need a
calibration period length of about 15 years for optimal reduction in
regenerated flow series errors and errors in one-to-one fit. Secondly,
comparison of coefficients of variation jisted in Tables 6.10 and 6.11
discloses that at least for the three parameters most important for
the use of each model in semi-arid catchments, mode} PITD seems more
stabte than PITM. Thirdly, PITD seems to be slightly superior to PITM
in tems of reproduction of seasonal flow distribution and achieving
one-to-one fits on monthly flows (this may, however, be partially the
result of PITD having a structure that is marginally closer than
PITM's structure tu that of FURD, which generated the synthetic flow
series), A fourth point, which is in favour of PITM, is that PITH
showed much less bias than PITD in repre duction of annual streanflow
statistics, resulting in lower mean errors.

f.6 RESULTS AND DISCUSSION : DAILY MODEL (PITD) CALIBRATED ON DAILY
GOODNESS-OF-FIT (WDCE] {second phase)

6.6.1 Variahility of parameters

There is little reduction in the variability of all six
parameters optimized for calibration lengths greater than 7 years, as
Fig. 6.11 clearly i)lustrates and the overall degree of variability
vemaing fairly high. Tabie 6.12 provides further evidence of this
phenomenon. 1t 1s difficult to say whether this variabiiity is the
result of imperfect calibration or whether it refiects the inherent
instahility of model PITD when calibrated on a semi.=vid daily flow
series, Calibrating PITD during this phase of the stud; was much more
difficutt than the first phase calibration on monthly flows. On
sverage, three optimization runs per calibration sample, each with a
different starting parameter set had to be attempted hefore e decision
on convergence could be made. The relatively Tow DCE values in Table
6.9 indicate that convergence often had to be declared even though the
fit of daily values was less than good.
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Perusal of the annual rr;ax'imum daily peak flows produced by the
model revealed that the model easily reproduced small to medium peaks
but that the 15 highest peaks (out of 101} were not matched in a
single case. The consistently negative errors in mean annual peak
flows ( aMPh, plotted in Fig. 6.12, mirror this deficiency of the
modet and/or the caiibration procedure. This fact, combined with
persistent overprediction of daily baseflows, are probably the main
reasons for the low DCE values. The large MAR ervors in Table 6.7
provide a cliue to the reasens for the last-mentioned fitting-problems.
Table 6.7 shows that the only way the optimization procedure could
arrive at high DCE values, i.e. match the peaks of large events, was
by deriving parameter sets that produced very large hydrographs,
thereby causing the large MAR errors. The reason for the inability of
PITD to reproduce larye peaks can be found in the way it calculates
the hourly distribution of daily rainfall inputs, i.e. by a simple
linear regression equation (see Chapter 4}. This equation could
attenvate the hourly intensities of an extremely intense rainstom
from which FORD synthesized any specific original flood peak. It
seems therefore that the parameter variability of PITD could be the
resutt of both imperfect calibration (because the optimizer would be
deceived by apparently low DCE values) and of model structure probiems
{because PITD tended to sttenuate extreme rainfall intensities).

£.6.2 Errors in flow statistics

Fig. 6.12 illustrates improvements in selected reconstructed
daily flow statistics with increase i calibration period. Although
the variabilities do not decrease much there is a general trend of
improvement in the daily fit with larger calibration samples,
especially in the cases of DCE and aMPF. This trend alse exists in
the case of other daily statistics, to a Tesser or greater degree. It
does seem, therefore, that in terws of improving the reliabiiity of
calibrations based on daily fit, a point of "diminishing returns" does

not exist below calibration period t- 13 years.
The annual and monthly ste - “hich selected values are
shown in Fig. 6.13, show a differen. however, The errors in
P
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MAR and the relative mean persistence (RMP)} show 1ittle improvement
for calibration sample size increases above seven years; even the MCE
and CD values improve on average only slightly (although the
variability of these statistics does decrease notably). A pessible
conclusion from the last-mentioned two figures s that in general a 7-
year sample shouid enable calibration of a daily model to home in on
paremeters that ensure an approximate annual and monthly water
balance, but that for a reasonable daily water balance about double
that tength of calibration period is required in a semi-arid catchment
application. Such a doubling of calibration sample could improve the
overall daily fit by over 50%.

6.7 GEMERAL CONCLUSIONS

1. In the semi-arid case and for application to water resources
analysis it is well worthwhile to increase the calibration sample
Yength when using monthly and daily models such as Pitman's PITH and
PITD. At a ceiibration period of approximately 15 years a point of
diminishing returns seems to be reached, in terms of the accompanying
reduction in errors in reconstructed streamflow statistics.

2. In the case of monthly model PITH, doubling the length of a
calibration period that is iritially well below 10 years may decrease
the error in most regenerated monthly and annual flow statistics by 30
to 50%. However, the daily mode) reveal=d less dramatic equivalent
improvements for eauivalent cali' ration sample increases.

3. The daily model PITD, - .a calibrated in tems of a daily
one-to~gne fit {as may be required for 2 run-of-river project), seems
to have an optimum calibration length of not much more than seven
years if only monthly and annual flow reproduction is considered, but
a calibration sample size ahout double that is required to improve the
overall daily fit substantially. Improvauerts of over 50% in dafly
fit seem possible with such doubling of the calibration period.




Table 6.12

Changes in variability (expressed as coefficient of
variation in %} of key model parsmeters associated with
changes in calibration period tength : model PITD {second phase) o
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Calibration

period sT IMAXH ZMING Yean
3 year 12,4 25,3 11,7 16,5 s
§ year 25,8 16,2 30,8 24,1
7 year 14,8 23,2 20,4 22,5
10 year 12,6 19,1 N 17,7
13 year 10,3 22,7 18,0 17,0

|
|
|
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Figure 6,11 Variability of model parameters :
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4. Significant parameter variability in "optimum" parameters
seems unavoidabie, even at long calibration periods, because of
factors such as parametér interdependence, and an urknown degree of
imperfection of calibration.

§. The effects of parameter uncertainty were less alarming than
expected, as evidenced by an encouraging convergence of regenerated
monthiy #nd annual flow statistics with increase in calibration sample.
Tength.

6. There is faint evidence *hat for use in weter resources
appraisal of semi-arid catchments daily rmodel PITD may be preferable
to monthly model PITM. When calibrated on a montMy flow total basis,
PITD seems to bhe s}ightly more stable in terms of key parameters. When
calibrated on a daily basis, it seems to need a shorter calibration
period. It also seems to produce better one-to-one fits of monthly
totals.

7. The inplications of the resuits of this study for the Ecca
modelling studies are twofoid. Firstly, the Torgest possible
calibration period should be used for more reliable parameters. As
only 6 years of data are available this may mean a calibration sample
of 5 years. Secondly, because of the short calibration period (by the
standards of the foregoing study), a fair smount of uncertainty in
parameter estimates can be expected - this should Be borne in mind
during mode) verification assessments.
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CHAPTER 7

COMPARISON OF PERFORMANCE OF SELECTED CONCEPTUAL
RAINFALL-RUNOFF MODELS

7.1 INTRODUCTION

A comparative assessment of the performance of South African
conceptual rainfall-runoff models under semi-arid conditions is a
pivotal aspect of the research described in this thesis. Preceding
chapters, thoual geared to specific aims, serve an essential purpose
to set the scene for the model comparison study. In Chapter 2 the
availsble data set is described and analysed, with specific reference
to its suitability for ronceptual model testing. In Chapters 3 and 4
the selected models are descrined, as well as any modifications
thought to be necessary. Chapter 5 comprises a search for a robust
and reliable approach to model calibration, specifically focused on
the type of data, i.e. semi-arid. to ne used in the model

intercomparison. Chapter 6 provigdes C to “optimal” calibration
period lengths that should be - o modelling semi-arid
catchments,

The comparison of model performance is intended to provide
guidelines to model selection, specific to the semi-arid enviroment.
This is done by determining whether or not models of compiex structure
and/or fine time-interval reauirements for rainfall inputs provide
superior output with respect to statistical criteria commonly used in
vater resources engineering. The complexity of a wodel, in terms of
both structure and input requirements, dictates data preparation time,
the time required for adequate calibration and the computer time of
each operation of the model. The %ime invoived in and the cost of
generating streamflow series at an acceptable level of accuracy are
key considerations for the practising engineer or hydrologist. These
model users often have to deal with computer facilities of Timited
sophistication ar may be paying commercial rates for computer time.

The research was executed in two phases: an early, exploratory
phase during which a Yimited number of models were manually calihrated
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i phase during which a Yimited number of models were manually calibrated
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and compared, and later complete investigation involving all the
models and calibration according to the semi-automatic procedure
described in Chapter 5. 1In a sense, the questions raised by the first
phase study gave rise to much of the work described in Chapters 2 to
6. How could the models tested be improved? How adequate was the
manual calibration procedure? How suftable was the calibratfon period
chosen? What statistical criteria should be used to assess model
performance? It was felt that answers to these and rela*ed questions
shouid be sought before a meaningful model intercomparison could be
done. Nevertheless, the exploratory camparison of model performance
based on manual calibration is extremely useful {n its own right, as
the following secton will show.

7.2 AN EXPLORATORY MODEL COMPARISDN BASED OM MANUAL CALIBRATION

7.2.1 Introduction

1t seemad prudent that the format of the exploratory model
intercomparison sheuld be designed to meet the information needs of a
potential user searching for a time-efficient model to use in semi-
arid water resources znalyses. In such analyses storage-yield
determinations based on monthly runoff data are of prime importance.

The hourly, daily and monthly models developed by Pitman (1973,
1a76) {Pitman and Basson, 1979) and the Stanford Watershed Model were
chosen for the expioratory study. The Pitman rodels were only
stightly modified to allow use of the particular input data set chosen
and are therefore prefixed by "HRU" in this section to distinguish
them from the modified versions described in Chapter 4, viz. PITH,
PITO and PITM. The complete data set for the Ecca catchments A, B and
E, as described in Chapter 2, was used in the study. In terms of the
chesen format and models this study can be regarded as an extension of
work initiated by Pitman {1977, 1978), who compared his own three
models with the Stanford model. He used four years of calibration data
from three temperste catchments, hut particular inadequacies in
instrumentation and data consistency hampered nis study. No
verification data set was used hy Pitman. In the present study the
mnodel comparisan is done by an independent user, relying only on
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published information about the four models, using data of generally
higher reliability, consistency and areal representativeness than
Pitman's, and employing both calibration and verification data sets.
In fact, all four requirements for meaningful model comparisons
suggested in section 1.4 are met in this study,

A brief summary of the characteristics or the models used in this
study is given in Tale 7.1. The range of complexities covered by the
four modeis is well illustrated by the fact that the total amount of
camputer time needed for the calibration of the Stanford and the HRU
hourly models was arder of magnitude greater than that needed for
calibration of the HRU daily or monthly models.

7.2.2 Model calihration and verification procedures

After some initial experimentation it was decided to foliow a
“three-stage" calibration/verification strategy in this study. The
year 1975, for which no runoff data exist for any of the thres Ecca
catchments, was used as a "warm-up® year for all four models. Data for
the vears 1976 to 1980, inclusively, were used as a calibration sample
in a1l cases and the year 1981 as a verification sample. A fair number
of runoff events occurred in 1981, which therefore represented a
reasonable verification sample on its own. In this way it was hoped
that robust model parameters could be ensured by the largest possible
calibration sample and that an extraordinary seauence of very high
rainfall in 1979 (649%m for catchment A} which included two muTtiple-
day winter rainstorms of large return period, fallowed by a very dry
1980 {347mm for A} which produced only one runoff event towards
December, would especially strengthen the model calibrations.

Calibration of the models was undertaken manually. Manual
calibration is deemed the most 1ikely approach by a potential
conceptual model user in a non-research enviroment, hecause of the
canputer time costs associated with automatic optimization.

The general manual calibration strategy was to focus on
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Table 7.1

Comparisen of model characteristics

\ Model Nurber of HNumber of Input/ Execution Average no.
5 concepiual  parameters output  time*l calibration
' storages (s) runs per

catchment

HRU monthly 2 12 1 month 7 33
i HRU daily 3 13 1 day .41 18
HRU hourly 4 15 1 hour 169 49
Stanford 4 1Y 1 hour 204 3

K : *1 Py time on ICL 1904 computer For a b year calibration run.
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subjective comparisons of simulated and observed monthly totals and,
sometimes  ndividual hydrographs, while all the time attempting te
keep certu r objective criteria of model performance within an
acceptable re. « of theis optimum values. These objective criteria
were {see Appendix A for definitions):

{a) % error in mean annual runoff (aMAR),

(b} % error in variance of monthly totals (aSD),

{c) coefficient of efficiency based on individual monthly means
{Garrick, Cunnane and Nash, 1978} (MCE},

{d) residua) mass curve coefficient (Aitken, 1978} (RMCC).

The procedure used for gach model was to choose initial parameter
vaiues for catchment A according to guidance provided in the relevant
model dacumentation. Once an approximate fit was achieved on A, the
new paraneters were transferred to B and £ and approximate model fits
on these catchments were sought. Final calibrations on all three
catchnents were then attempted more or less simultaneously for edch
model. Tt was hoped that the above procedure would make maximum use of
any possible internal consistency of each model's parameters among
such "similar® catchments and that such a “feed-back” Toop hased on
the similitude of the three modeiling situations would ensure sound,
if not optimim, final parameters.

The verification test was dene by running each model with the
full seven years of input dats using the above final parameters and
assessing the models’ performance separately for each of the
calibration period, the verification period and the total runoff
period. In this study a set of eleven statistical criteria that
measure the sbility of the models to reproduce the observed flow
series were utiiized, calcutated on the basis of simulated and
observed monthly totals, These ¢riteria are described in Appendix A
and are 1isted below. A1l are calculated by statistical subroutine
AFIT which is provided in Appendix B.
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(1) Percent error in mean annual runoff {alAR)
{i1) Percent error in monthly variance {aVAR}

{111) Two related, but different, criteria of one-to-one fit - the
coefficient of efficiency based on individval monthly means {MCE}
(Ga-rick, Cunnane and Nash, 1978) and the maximum equivalent
"constant”" error, (MECES (Weeks and Hebbert, 1980}.

{iv) Two different criteria to measure persistence in model
residual errors - the residual mass curve coefficient (RMCC} {Aitken,
1973) and the coefficient of persistence (CP) suggested by Wallis and
Todini (1975).

{v) Two different indexes relating to storage requirements fiow
regulation - perceat error in the range of the residual mass curve
{Rz} and percent error in the index of seasonal variability (Is).

{vi) A simple measure of low flow simulation - percent error in
naximum deficient flow duration (aMDFP) i.e,, the maximum continuous
dyration of flow smaller than the mean monthly flow.

(vii} Two furiher measures of the existence of systematic or
correlated errers in the simulated time serjes - the one sampie runs
test or "sign test“{ST) (Aitken, 1973} and the Durbin-Watsen d-
statistic (DT} {Sorcoshian and Dracup, 1980).

7.2.3 Comparison of model performance

A visual impression of the nature of the observed flow record
used for the calibration and verification perfods, respectively, as
well as the one-to-one fit achieved by the four models, may be gained
by inspection of Figs. 7.1 and 7.2, These diagrams show the typically
erratic nature of the semi-arid runoff regime and highlight the
magnitude of the 1979 winter flows compared to the rest of the
available record. A1l the models seem to fi% various parts of the
calibration record for catchment A Fig 7.1) with varying degrees of
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success. (This observation also holds for the other two caichments).
However, Fig. 7.2 shows distinct differences in the catibrated models’
individual abilities to predict runoff for the verification year.
Based on visual comparison for all three catchments it may be
concluded that for the calendar year 1981 the HRU hourly model {as
calibrated) shows the least predictive ability, with the Stanford
madel performing stightly better that the HRU daily and manthly
versions.

The numerical criteria of goodpess-of-fit of a1l the
madel/catchment combinations for the complete flow record period are
shown in Table 7.2. Selected criteria for the verification peried ave
given ip Table 7.3. As the relative performance of the models
according to the criteria for the calibration period is 1ittie
different from that for the tots) flow-record perod, only the Tatter
period’s criteria are shown for reasons of space economy.

Judging by the mean values in Table 7.2 of the respective
criteria for each model, it can be seen that the performance of the
Stanford and HRY daily models are more or less equivalent, while tne
HRU hourly and monthly models are comparable, The numerical goodness-
of-fit values for the Stanford and HRU daily models are generally
"better" than those for the other two, but the nominal differences
between the two sets of values for the two peirs of models are not
dramatic. Table 7.2 shows that op average all the models reproduce the
overall water balance well enough. However, the HRU menthly model
tends to underestimate the monthly variance and the Stanford model
exaggerates the monthly variance. The MCE and MECE vajues indicate a
high overall one-to-nne correspondence for 2l) the models on
catchments A ana B but a much Jower quatity of fit for the HRY hourly
and monthly models on catchment E. At this juncture, it should be
pointed out that the MCE and MECE values may be disproportionately
influenced by the closeress of the one-to-one fit on the high winter
flows of 1979, mentioned earlier.

The small persistence in model residual errors suggested by the

high RMCC and low CP values in Table 7.2 is deceptive, as the residual
mass curve plots in Fig.7.3 show. These diagrams reveal error

iy,
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Table 7.2

Resuits of statistical tests™! on monthly flows for the combined

calibration and verification periods.*?
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Model Catch MCE MECE RM- CP aRg als oMD- ST or
-ment MAR VAR cc FP  significant
% % % % % k3 at 0.05
A 3.5 9.6 0.98 1.2 0.97 1.7t -7.0 -5.3 0.0 o no
HRU B -1.6 -1.9 6.94 59 0.99 1.01 -3.2 -1.8 0.0 yes no
monthly E 7.1 -14.5 0.69 10.1 0.92 1.39 -19.4 -17.3 -28.2 no no
mean -4.1 -8.7 0,87 5.7 0.96 1.37 -9.8 -8.1 -9.4
A -2.2 3.7 0,8 0.7 0.99 1.08 -1.4 5.2 39.3 res no
HRY 8 -3.7 7.9 0.95 5.3 0.9% 0.86 -3.9 5.8 0.0 yes no
daily E 8.8 -3.5 0.86 6.9 0.97 0.36 -13.4 -19.6 -35.9 no no
mesn 1.0 2.7 0.93 4.3 0.8 0.77 -6.2 -2.% 1.1
A 3.7 -1.6 0.94 1.9 0.97 1.11 -4.8 -1.0-14.3 yes no
HRU 8 1.4 5.3 0,8 2.5 0.98 1.07 1.7 -4.2 0.0 no fio
hourly E 11.4 -2.7 ©0.73 9.5 0.92 0.56 -7.9 -27.9 -5.1 no ne
mean 3.0 0.3 0.84 6.6 0.96 0.91 -4.8 -11.0 -6.5
Stanford A -7.4 6.4 0.92 7.2 0.89 0.61 -3.5 11.2 0.0 no ne
8 -8.0 14.1 ©0.91 6.9 0.99 0.8 -5.6 14.9 0.0 yes no
E B.6 12,3 0,97 3.1 0.9¢ 071 -1.6 7.5 0.0 yes no
mean -5.1 8,2 0.93 4.1 0.99 0.72 3.5 11.2 0.0 i
*1 See Appendix A for explanation of symhols
*Z 1976-1981, inclusive
P T )



258

persistence in at least the HRU hourly and monthly model simulations.
All the models consistently undercstimate the range aR; of the
residyal mass curves, but show 1ittle consistency and a Jow success
rate in estimating the index of seasonality aIs. The three HRU models
all produce one or more serious errors in estimating the maximum
deficient flow period MDFP. A presence of systematic errors is
indicated by the sign test for at least one catchment in the case of
all the models, but the Durban-Watson d-test could not detect any
systematic errors.

The apparently poor predictive performance of the models {as
calibrated} depicted in Fig. 7.2 is further substantiated by Yable
7-3. The three HRU models grossty overestimate tota) runoff, variance
and range of residusl mass curve, while the Stanford model shows
random variation in errors among the catchments. Tne best single
prediction is achieved by the HRU daily model on catchment A, but the
earlier sugaestion that the Stanford model shows better prediciive
ability for 1981, based on overall performance, is further underlined
by the values in Tahle 7.3.

7.2.8 Discussisn

in the light of the apperent adequacy of the performance of all
the mgdels on most of the catchments supgested by Table 7.2, the
generally poor predictions for 1981 are somewhat surprising, if not
puzzling. Some or all of the following arguments and counter-arguments
will constitute an explanation of the verification results.

(a) The calibration of the models may have been hiased towards
the reproduction of high runoff events by the presence of the winter
1979 flows in the calibration record, while 1981, the verification
year, was a "normal” rvunoff year: This {mplies that the calibration
sampie was too small or too dominated by & fo extreme events. The
predictive performance of the Stanford model seems to regate this
explanation, but perhaps the study reveals that the HRU models need a
longer calibration period than the Stanford model for the same quality
of optimization on semi-arid data.
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Table 7.3

sted statistics of model performance for the verification period*

Model Catchment aMAR a VAR MECE aRa
% 3 % %
A -24.,9 ~23.9 23.8 7.9
HRU B 39.4 226.1 134.4 i2z.0
monthly £ 166.4 333.4 207.7 127.7
mean 60.3 178.5 121.9 85.9
A 19,3 -0.7 12.8 8.8
HRY B 41.6 2431 .4 100.1 75.1
daily E 562.3 1021.2 313.8 204.5
mean 207.7 420.6 142.2 96.1
A 108.8 §36.0 51.1 260.4
HRU B 159.0 1510.1 273.0 364.7
hourly E 1204.1 9162.4 820.2 1084.5
mean 490.6 3736.2 381.4 569.9
A -35.9 ~12.4 20.2 -30.2
Stanford B 3.6 18.4 82.4 16,6
E 32.6 ~72.2 97.4 -53.5
mean n.1 ~42.1 86.7 -22.4

* Calendar year 1981

PUBRINSES




261

(b} The calibration itself may have been inexpertly executed,
resulting for some catchment/model combinations in non-optimum
parameter sets: The verification experience with the Stanford, HRU
daily and HRU monthiy models on catchment A appears to refute this
point. Also, the calibration procedure described in the previous
section does seem fntuitively sound,

{c] The verification sample may include rainstorm types poorly
represented in the calibration somple: OF the bigger runoff events of
1981 the ones earlier in the year were the resuit of widespread
fronts? rainfall while the events later in the year were caused by
high-intensity convectiona) thunderstomms. Although these storm types
are bath wel) repregented in the calibration sample it was noted that
Yacalised thunderstorm runoff was poorly simulated by all the wodels
at some points during the calibration period. The verification plots
{Fig. 7.2) suggest that the HRU hourly model was calihrated o be
hypersensitive and the HRU monthly and the Stanford modeis to be
insensitive to high-intensity rainfall.

{d) The models may inherently be inadecuate for the simulation of
rainfall-runoff processes in the semi-arid eavironment: A1l
medel/catchment combiaations yielded ona or more dramatic simulation
failures for specific storm events. Also, the three HRY models tended
to sustain baseflow for too tong while the Stanford mode? produced too
Tittle hasefliow.

7.2.5 Conclusions

(i) A comprehensive set of statistical tests on simulated monthly
fiows for a combined calibration and verification perjod of six years
indicated that there is no areat difference in performance of the
simpier HRU monthly and daily input models as compared with the more
complex HRU hourly and Stanford models. In fact, the HRU daily madel
along with the Stanford mocds}, can be regarded as yielding the best
overgll resuits.

PO
<
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{11} A1} the models showed a serjous divergence in values of
seiected goodness-of-fit criteria moving from the calibration to the
verification period. For the verification period {calendar year 1981)
the Stanford mode) showed the highest predictive ability, followed by
the HRU monthly and daily models.

{ii1) The large errors yielded by the verification tests may be
attributed to any one or & combination of factors such as calibration
sample too small, inadecuate calibration causing poor ability to
simulate runoff from high-intensity rainstorms, and inherent model
inadequacies.

(v} tione af the four models was entirely comvincing in simulating
the vastly variable renge of runoff-generation conditions in semi-arid
catchments, and 811 model/catchment combinations yielded one or more
dramatic simulation failures for specific storm events. However, the
general performance of the relatively simple HRU daily model is
encouragina.

{¥) The results provided some evidence that it may not be wise to
Blindly adopt the most complex available model for a water resources
study where, for example, storage-yield determinations are based on
monthly flow data,

There was enough uncertainty, however, as to the reasons for the
paor performance af the models during the verification period (see
(i11}) to warrant suspension of the study until these factors had heen
investigated in depth. This decision gave rise to much of the wark
reported 1n Chapters 3, 5 and 6, at the completion of which the model
intercemparison was resumed. The rest of this chapter comprises a
description of this final comparison of model performance.

et
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7.3 A COMPLETE MODEL COMPARISON BASED ON AUTOMATIC OPTIMIZATION

7.3.1 Format of the study

The set of szven models outlined in Chapter 4 was employed for a
conplete intercomparison of perfoimance using the entire Ecca data set
as described in Chapter 2. it will be recalled that these models
cover a ranga of complexities, comprising three hourly-input models
{FORD, PITH and PITR}, two daily-input models {PITD and BALT) and tweo
monthly-input models (PITH and DALM).

The investigstion of the effect of the choice of calibration
period on reliability of mode} calibration, described in Chapter 6,
Ted to some findinos which are very important for the mndel
intercomparison under consideration. In section 6.2 it is concluded
that ".....Parameter instability is not so much dependent on
calibration sampie length as on whether or not the sample includes
major runcff events®, The gerera) conclusions in section 6.7 strongly
underline the nced for fairly large calibration samples to ensure
representative model parameters. falibratics perivds upwards of 10
years seem to be necessary for reliable paranete estimation in monthly
and daily models.

In the Tight of these findings and given the fact that the Ecca
data set comprises anly six years of concurrent rainfall and
streamflow records it was decided to conduct two separate model
intercomparisons:

{1) A study based on the most representative calibration sample
possible, 1.e. the data For the five-year perfod 1976-1960,

(i1} A study hased on a calibration in which the goodness-of-fit
of simulation of the most extreme runoff events are ignored byt which
i5 nevertheless based on a vepresentative range of small to medium
runoff events, i.e. the data for the four years of 1976, 1977, 1978
and 1980, The first study would represent the most complete
intercomparison of model performance possihle with the availahle data
set. The second study would, it was hoped, provide some insight into
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whether or not certain models were more “robust” than others with
respect to parameter estimation from “limited” data, i.e. from records
that do not contain any extreme runoff events.

7.3.2 Special considerations regarding the models and their
calibration

The main characteristics of the seven models used in the
intercomparison are given in Table 7.4. It shou)d be noted that in
all ceses only a portion of the total number of parameters of each
model was allowed to change during the calibration. A1l parameters
which had physical mea.ing {eg. FORD and PITD) or were found to fhe
insensitive during the model sensitivity studies were held at constant
values detemined at the start of the study. A1l inactive parameters
are identified in Tables 7.5, 7.6 and 7.7.

In the case of models DALT and DALM some initial experimentation
with the four conplexity levels that are pessible with these models
{see section 4.4} showed that at least the "DALT2" version of the
nodel was needed for reasonzhle simulation. At this level the model
consists of a single linear storage, an evapotranspiration funstion, a
base fiow function and a deep percolation loss function. It was also
clear that a higher Tevel version of the model such as DALTY could
provide impravements ip mode] output accuracy but the range of
improvement was thought not to justify the extra twe paramters
recuired for such a modification {scction 4.4}, At this jevel the
model has six active parameters which hrings 1t into the range of PITD
and PITM, with seven and six active parameters respectively {Table
7.4). 1In terms of the objectives of the study it seemed prudent to
use DALT and DALM at a Tevel of complexity just sufficient to produce
reasonable output under semi-arid conditions, i.e. at the “DALTZ"
Tevel,

A three-stage calibration/verification (“split-sample") stretegy
was used in hoth phases of the model intercomparison. The data set
was divided into a "warm-up" yesr, 1975, for which no streamfiow
information was available, a calibration pericd of either five years
(1976-1980] or four ycars (1976 to 1978 % 1980} and a one-year
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Table 7.4

Comparison of model characteristics

Model  Number Total no. No.of Interation £xecution
of of active interval time*d
storages parameters parameters {s)

Hourly input/output

FORD 4 19 11 0,25 hour 204

PITH 4 16 11 1 hour 170

PITR 4 16 n 1 hour in
Daily input/output

PITDR 3 15 7 1 hour{raindays) A3

1 day(non-raindays)

DALTZ 1 4 4 1 day 26
Monthly input/output

PITM 2 12 & 0,25 month 7

DALHZ 1 4 4 0,25 month 4

*1 CPU time on ICL 1904 computer for a 6-year run.
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verification period, 1981. €ach model was calibrated following the
semi-gutomatic procedure outlined in section 5.8, in which the
Rosenbrock optimizing alaorithm proved extremely useful.

Some difficulty was experienced, however, with the chosen
procedure in the optimization of models FORD, DALT and DALM. The
complexity of model FORD often was the cause of sTow convergence
during the optimization search and necessitated freguent manual
interventions to redirect the search. Extreme fnterdependence of the
ALY/ DALM perameters SSR, the moisture storage level at which base
flow starts, POMER, the power of the base flow function, and S, the
maximum moisture storage level, also caused problems. These three
rarameters compensate very effectively for changes in each other's
values, lear ng to “false" declarations of convergence by the
rokimizer, This undesirable effect had to be circumvented by
catimizing the nroblem parameters separately.

Tonot statistical criteria of model performance

“ke comparison of model performances was based on the abitity of
*re models in the respective rainfall input categories to reproduce
the nbserved nonthty flow series - a1l three categories - and the ob-
sapved daily flow series - the hourly and daily input categories. (A
comparative study of the ability of the three hourly moedels to
reproduce the hourly hydrog: aphs of individual stormflow events is
igscribed in Chapter 3}, The correspondence between observed and
waftated flow series was meas. .d by means of statistical criteria
splected to focus on a variety of streanflow characteristics that are
of typical interest to engineering hydrology, as well as a variety of
recognized goodness-of-fit criteria. The criteria are listed below,
while thelr mathematicel definitions appear in Appendix A. Al are
calculated by statistical subroutines AFIT and BFIT provided in
Appendix &,
(n] Honthly fit

(i} Mercentage error in MAR {aMAR).
{11} Percentaon arror in monthly variance (aVAR].

R

o,




Table 7.5

Final parameter vatues : mode) FORD

| Parameter Catchment
f ‘ A B 3
g MoK 1,0 1,0 1.0
¥ IRy 0,0 0,0 0,0
Pyt 0,15 0,15 0,26
uZSH 0,95 0,86 0,93
LzsH 9,12 8,68 18,54
cs 0,0025 0,0040 0,0041 -
cc 2,01 2,32 1,86
X3 0,34 0,35 0,80
Ko 0,51 0,12 0,50
i *1 K2aeL 0,05 0,05 0,05
d 2L 2500 1800 2200
%2 ss 0,20 0,27 0,17
2 W 0,35 0,35 0,35
IRC 0,91 0,74 0,82
Kk2d 0,84 0,22 0,97
*RY 0,0 0,0 0,0
PONER 1,6 2,1 2,1
*L o UZSK WT 0,0 0,0 2,0
&St 0,86 0,83 0,76

*1 Regarded ag inactive parameters f
#2  Physical parsmeters

ey E
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Table 7.6

Final parameter values: models PITH and PITR

Parameter PITH PITR =
Catchment Catchment o
A B € A B E
L z,0 2,0 2,0 2,0 2,0 2,0 3
* st 0,0 0,0 0,0 0,0 0,0 0,0 ;
* AL 0,0 0,0 0,0 0,0 0,0 0,0
* FT 0,001 0,001 0,001 0,001 0,001 0,001
s$T 184,C 169,0 240,0 167,0 162,9 241,8
LAG 4 0 0 4 o 0
DIy 15,9 23,3 20,0 3,8 20,0 23,8
THINY 0,7 Q0,7 0,3 0,6 1,9 0,6
ZHAXN 10,7 10,5 10,1 16,6 10,4 6,8
PI 2,5 2,5 4,0 2,5 2,8 4,0
6L 3,2 3,7 3.0 2,7 5,7 4,9
TL 1,1 4,1 5,9 1,6 0,5 2,4
* R 0,01 9,01 0,01 6,01 0,01 0,01
pYi 1,5 1,5 2,7 1,5 1,5 3,0 B
TLI 11,1 13,1 17,3 9,1 8,2 14,3 . {
DIVE 2,7 5,8 7,2 2,9 5,5 7,0 :

* Regarded as inactive parameters

i
H
[
i

P e )
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Table 7.7

Final parsmeter values ; models PITD and PITM

Parameter PITD Parameter PITM
Catchment Catchment i
A B 3 A B E e
0
*1 POW 2,0 2,0 2,0 *1 POy 2,0 2,0 2,0
*L SL 0,0 0,0 0,0 *1 St o,0 0,0 0,0
1 FT 0,001 0,001 0,001 X1 FT 0,001 0,001 0,001
*) Al 6,0 0,0 0,0 *1 AL 9,6 6,6 0,0 [
ST 166,5 160,0 229,9 1R 0,01 0,01 0,01 =
THING nE 0,6 0,5 *1GH 0,001 0,001 C,301 ;
THAKH 58 63 7,3 ST 145 143 184
PI 2,5 2,5 3,5 AIN 108 97 117
LAG 4 a 0 THAK 334 330 327
DIV 6,45 0,68 0,74 PI 2,5 2,5 4,0 (R
Gt 1,5 5,0 45 =8 0,25 0,50 0,25 :
T 0,8 0,9 0,9 T 0,09 0,20 10,30
*R 0,01 0,01 0,01
*2 TRIB 317,3 21,2 42,3
*2 CHAN 5,0 3,0 4,0
*2 OBANK 21,6 1,7 2,7

*1 Renarded as fnactive parameters
*2  Physical parameters
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Tahle 7.8

Final parameter values : models DALY and DALM

Parameter DALT DALM
Catchment Catchment
A B E A 8 E
S 212,3 216,6 212,6 142,8 185,3 241,1
SSB 61,0 63,8 85,8 36,5 38,0 94,1
POMER 3,33 3,20 2,85 5,11 3,34 2,18
PERC 0,0 0,0 0,08 0,0 0,01 0,0
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(414) Coefficient of efficiency (MCE) ~ Garrick, Cunnane and Hash
{1978) version, replaced by ordinary coefficient of
efficiency (CE} {Ritken, 1973) during the verification tests.

{iv} Difference between coefficient of determination and
coafficient of efficiency - degree of systematic error (DSE).

{v) Residual mass curve coefficient (RMCC).
(vi) Relative mean persistence (RMP}.
(vi{} Percentage error in range of residual mass curve (aRg).
[viii) Percentage error in index of seasonal variability {alg).
{ix} Percentage error in maximum deficient fiow period (aMDFP).

(b) Dverall daily fit

{i) Percentage error in daily variance (aVAR).
[11) Coefficient of efficiency (DCE) (Garrick, Cunnane and Mash,
1978).
(111} Coefficient of efficiency af tagarithms [DCEL).
{iv) Coefficient of efficiency of daily flow duration
turves {CEDFC).
{v} Relative sum of absolute errors {RAE).

(c) Peak daily flew/month {for months with peaks > 2.mean daily
flow}

{i} Percentage error in mean peak daily flow/month {aMpF}.
(11} Coefficient of efficiency (CE}.
{{i{] Percentage error in maximum daily peak {aMDP).

{d) Low flow {a11 non-zero daily flows < 2.mean daily fiow)

(1) Percentage error in mean of low flows (sM.F).
{11} Coefficient of efficiency (CE).
{931) Percentage error in mean deficient flow period {aADFP) -
a low flow index based on continuous perjods of daily flows
Vess than Z.mean daily flow.

Most of the ahove criteria were 2150 used in section 5.4 for the
selection of the nost robust objective functions. The reader should

.
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note, however, that there are important differences in the overall
selection of criteria. These changes were thought to be necessary to
expand the range of streanflow characteristics under consideration and
also to eliminate & small degree of dupiication {where two different
criteria consistently produced similar rankings).

7.3.4 Presentation of results

The results of the model intercanparisen are mostly presented in
tabular form and appear as Tables 7.9 to 7.29. For each catchment
four performance tests were executed, two based on the calibration on
years 1976-1980 and two based on the calihration op years 1976-1978
and 1880. Each pair of tests consists of a series of goodness-of-fit
tests on each of the fuil data period, 1976-1981, and the verification
year, 1981, The performancas of the full range of models are
therefore reported in four tables per catchment, e.g. Tables 7.9,
7.16, 7.20 and 7.24 for catchment A.

For each goodness-of-fit criterion used the performances of the
seven models {menthly flows) or the five models (daily flows) are
ranked from best to worst on a scale of 1 to 7 or 1 to 5 as the case
may be, e.g. Tables 7.12, 7.13, 7.14. By surming the rankings for
each model in each of the monthly and daily flow categories as well as
the two categories combined, overal) perfomance in each category as
well as the total performance of each model can be assessed relative
to the other models in the case of each catchment, If these total
rankings per catchment are now added together in each category then
the combined overall performances over the three catchmenis can be
summarized in the case of each of the four individual performance
tests. For example, Table 7,15 summarizes the result of the perfor-
mance test on the full dat. period based on the 1976-1980 calibration.
The integrated results for all models, ali three catctments and ail
four performance tests are Tisted in Table 7.29.

A visual impression of the general performance of the models can
be gained from selected scattergrams of observed and simulated monthly
flows depicted in Figs. 7.4%to 7.10. AT values Tess than 1000 m
are plotted as 1000 md. The ability of the hourly and daily models to
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reproduce the daily flows in catchment A during the two wettest manths
on recard, July and August 1979, can be qauged from the plots in Figs,
7.11 to 7,15, The general ability of the models to reproduce daily
filows in catchment A is illustrated in Figs. 7.16 and 7.17 by a
variation on the flow duration curve concept. This method of
representation was chasen because a conventional flow duratien plot
does not allow enough distinction between individua) curves, as Fig.
i ; 7.18 clearly illustrates.

7.4 COMPARISON NF MODEL PERFORMANCE : CALTBRATION PERICD 1976-1980

7.4.1 General observations

Refore proceeding with the actual medel fntercomparison it is
necessary £o make a few general observations about the modelling
results., The values obtained for the goodness-of-fit criteria in the

: performance test reported in Tables 7.9 to 7.11 show thaf over the
full data period all modeis could attain a high level of one-to-one
fit on monthly fiows on catchment A and B. Furthemmore, systematic
errvors in simulated monthly flows were fairly small for these two
catchments. A1l models produced worse results on cztchment £ than on
the other two catchments. [n general, the statistics of daily flows
were reproduced fairly well, but there was a clear tendency towards
under-prediction of pesk flows and over-prediction of low flows. In
the latter case the simple medel DALT was an exception, with
consistent under-estimation of Yow flows.

As with the manual calibration model tests reported in section
7.7 al1 models showed a serious divergence in values of goodnes-of-fit
criteria moving from the calibration to the verification period -
- Tables 7.16 to 7.18, Of the verification tests run on the three
catchments those on catchment E produted the worst results for all the H
nodels. The generally inadequate performance of all the models during
the verification period after both a manual calibration {section 7.2}
and a semi-automatic calibration provides some evidence of model
inadequacy. The two single-storage models DALT and DALM consistently
and seriously under-estimated flow, while the five multiple-storage
models consistently over-estimated flow during the verification year,
- The contradicting nature of these errors implies that erroneocus data
cannot seriously be considered as an explanation for the

s ———————
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aforementioned model divergence. [t s wore 1ikely that the probiem
Ties with a combinatfon of imperfect model structure and "biased”
calibration. The major runoff events of July and August 1979
dominated the calibration period to such a extent that a model »at
calibrated to reproduce flow fairly accurately during these two monuns
had Tittle chance of returning reasonable goodness-of-fit statistics
on the full data period. Conseauently, simulation of smallish events,
such as those of 1981, was fnevitably laden with a high degree of
uncertainty.

7.4.2 Comparisen of the hourly models

The combined results, Tables 7.1% and 7.19, of the two
performance tests retevant to this section show that in simulating
both monthly and daily flow series FORD consistently gave better
results than its hourly counterparts PITH and PITR. Inspection of the
values obtained for the goodness-of-fit criteria {Tables 7.9 to 7.11}
reveals that the actual difference in performance hetween PITH and
FORD for the full data period simulation was stight. However, the
performance of model FORD during the verification period {Tables 7.16
to 7.1%) vas notably superior to that of PITH and PITR. In general,
the superiority of nmoudel FORD was more prominent in the reproduction
of the monthly flow statistics than in the reproduction of the daily
flow statistics. There is Yittle to choose between the general
s arformances of PITH and PITR.

7.4.3 Comparison of the daily models

The rankings Tysted in Tahles 7.15 and 7.19 show that the overall
performance of mode) PITD is far superior to that of its dafly
counterpart DALT. This is sspecially the case in catchments A and 8.
However, model DALT attatned much lower overall vankings thas PITD in
catchment E. In the case of the verification test {Table 7.19) these
Yower rankings are misteading for the following reasuns. Model DALT
produced almost zerc flow for the twelve month period, as the values
in Tables 7.16 to 7.18 clearly show. As -100% is a natural lower
Timit for negative simulation errors a model producing near-zero flow
may produce goodness-of-fit statistics that seem “better" than those

e ——— Mo,
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produced by a model that over-predicts flow. This is possible because
there is no natural upper 1imit to positive errors, f.e. errors well
ir excess of +100% are always possible whereas errors more negative
that ~100% are impossible. Comparisen of medel performance based on
absolute errors will therefore usually favour the model that produces
new-zere Flows.

Taspection of the actual values calculated for the goodness-of-
fit oriteria shown o Tables 7.9 to 7.11 discloses that there are
reilly only small differences between the perfommances of the two
modets seen pver the whole data perfod, However, a consistent
patters, oven in catchment £, is that daily flows are generally more
ately sislated by model PITD.

Qe

ison of monthly models

The impression given by the total rankings is Tables 7.15 and
‘L3¢ of the overall performance of monthly models PITM and DALM is
that the performance of the simple model is slightly superior o that
af ‘es more conpiex counterpart, This is a misleading impression, as
saop tiny of the actual goodness-of .fit vaives in Tables 7.9 to 7.11
and 7,16 to 7,18 will revesl  During the performance test on the fuil
dats period the two models gave Comparable results. However, during
the verification period model DALM produced near-zero flows in two
ca:chments vhereas PITH both under- and over-estimated flows. To a
zertain extent, the argument offered in the preceding section
regarding the performance of model DALT is valid here, namely that the
orerall statistics favour the model that seriously under-predicts. An
cajective comparison, while keeping the above arguments in mind, must
Tead to the conclysion that there is Tittle to choose hetween the two
vodels in terms of the two performance tests under consideration.

745 Comparison of daily with hourly models

The combined total rankings Tisted in Tables 7.15 and 7.19 show
vhat dafly model P1TD and hourly model FORD preduced by far the best
overall results of the five models under consideration. Mo Clear
pattern of increasing accuracy of simuletion with increasing

W



complexity of model input requirements is discernible, since the two
hourly models PLTH and PITR gave the worst results. In both
performance tests model PIT12 achieved the best rankings for simulation
of datly flows. Unfortunately, no clear evidence was forthcoming that
the simple model DALY was definitely canpetitive with the more compiex
models n the reproduction of daily flows.

7.4.6 Comparison of monthly with daily and fourly models

In terms of reproduction of monthly flows model FORD was by far
superior to the six other models, as the total rankings in Tables 7.15
and 7.19 clearly show. Although the simple model DALI appears to
deserve & second ptace, its low ranking in the verification test is
partly due to the effects of near-zero flows in catchments A and E.
However, the good performance by DALM during the "full-period" test is
encouraging. A representative ranking of the seven models based on
general perfamance {monthly flows} would he : FORD, PITD, PITM, DALM,
PITH and PITR. No clear tendency of increasing superfority of
perforsance with increasing complexity of model input recuirements is
discernible, but the foregoing mode! ranking suggests some evidence
that betizr performances may be associated with higher structural
complexity.

7.5 COMPARISOM (F MIDEL PERFORMANCE : CALIRRATION PERIOD 1976 to 1978
and 1980

7.5.1 General ohservations

The calibration sample consisting of data for the years 197§,
1977, 1978 and 1980 covers ¢ range of small to wedium flow events
caused by a variety of djfferent stom types, but exciudes the extreme
events of July and August 1979. This exclusion implies a Tess than
optimum calibration procedure but does aliow an assessment of model
robustness if verification tests are based on a data set that includes
such extreme events. Alternatively, if model verification is based on
a data set fairly simitar {o the calibration sample, such as is
available for calendar year 1981, it may be possible to explore the
reasons for the poor verification performances reported in section 7.4
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Results of goodness-of-fit tests *1 for the combined calibration

*2 : catchment A

and verification periods

Criterion FORD PITH PITR PITR 0ALT PIMM DALH
A11 monthly flows R
AMAR(%) A o 1,5 1,5 -5,8 -6,7 -7,9 3
oYAR{%) 1,0 L w6 0,0 2 -11 17
MCE 0,957 0,965 0,356 9y 0,967 0,056 0,974
DSE 0,001 0,014 0,018 0,0 v,M2 0,002 6,009 R
RHCC 0,988 6,929 6,913 0,997 0,%7 0,951 0,998
RMP(%) 0,6 1.7 1,6 6,4 0,5 1,0 0,7
sRy(%) 4,3 11 12 -3,7 9.4 -10 2,7
algl%) ~7,8 2,1 13 2,4 21 -3,8 21
aHDFP (%) -28 -10 -7,1 -36 39 0,0 39
A1 daily flows
aYAR(%} ~19 -6,9 -6,8 -7,6 =24
DCE 0,855 0,932 0,92 0,908 0,675
DLEL 0,47 -2,0 2,3 0,56  -0,18 £
CEFDC 0,202 0,938 0,865 0,988 0,718
RAE(%) 57 43 45 40 62
Peak daily fiow/month
aMPF{%} -22 -12 -18 ~8,3 ~41 i
[\ 0,857 0,953 0,948 0,959 0,825 i
. 34 9,6 -8,3 20 -39 |
Low flows i<2, mean daily flow)
saMUF(%} 246 9 34 3,6 -49 ;
CE -$,8 =29 ~12 -3,2 -0,5 H
AADFP{%) 125 33 79 ~30 170

*1  See Appendix A for definitions
*2  1976-1981, inclusive
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Tablte 7.10

Results of goodness-of-fit tests for the combined calibration and i
verification periods : catchment B. i

Criterion  FORD PITH PITR PITO DALT PITH DALM

A1l monthly flows

aMAR(%) -2,1 41 2,5 4,5 ~6,1 -0,9 6,9
aVAR(%Y 17 16 24 11 43 ~8,0 30,6
MCE 0,910 0,880 ©,887 0,975 0,882 0,927 0,890
DSE 0,013 0,016 0,023 a,004 0,050 0,0 0,031
PMEC 0,990 0,978 0,944 0,393 0,937 0,945 0,594
P 13 11 1z 5,7 7,6 12 10
aRg{%) 4.8 2,3 9,1 2,4 1 ~9,4 1.9
slg{%) 8.1 -8,5 7,8 -3,3 30 ~11 25
sMDFP 0,0 -14 a,0 -11 5D ~39 3,6
All daily flows
aVAR{%) 8,6 -1& - -2 -3,4 3,0
193 0,941 0,844 0,809 0,896 0,653
DCEL -1,08 20 -44 0,126 -D,79
CEFRC 0,866 0,952 0,981 0,933 0,721
RAE(%) 48 85 58 8 A4
Peak daily flow/month
F{%) -16 -3,8 -21 -8,8 -34
ce 0,970 0,842 4,810 0,980 0,919
a1DP{%) 4,4 -30 -35 -7,8 -19 i
N Low flows {<2. mean daily flow) ;
SMLF(%) 45 143 107 125 -53 i
CE -11 -53 -17 -12 -2,0
SADFP(%) 31 i3 112 ~1,2 187

o
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Tabie 7.11

Resylts of goodness-of-fit tests for the combined calibration and
verification periods : catchment E.

Criterion  FORD PITH PITR PITD DALT PITM DALM

A11 monthly flows

SMAR(S ) 8,8 2,2 9,9 9,9 -5,8 3,8 5,2 -
AVAR(S) 27 -15 12 19 15 -25 46
MCE 0,967 0,729 0,538 0,877 0,906 0,825 0,498 ~
DSE 0,018 0,002 0,022 0,002 0,012 0,003 0,137
. RMEC 0,98 0,930 0,853 0,983 0,957 0,88 0,980
RMP{%} is 23 35 13 4,8 19 8,0
aRal%) 7.8 a3 13 -9,5 -2, -15 23,3 ;
«Igl3) 2,4 23 29 -25 1 -15 £,1 ;
SMDFP(3) 10 5,1 5,1 -36 0,0 2,5 0,8
AN daily flows
SVAR(Y) -1 -7 22 -18 4
ocE 0,908 0,686 0,524 0,836 594
DoEL 46,4 3R 39 0,23 0,16
CEFDC 0,889 0,574 0,841 0,318 0,864
RAE(%) 48 7 @ 52 48
Peak_daily flow/month
aMPF(Z) 21 9,1 -13 3,6 -19
CE 0,952 0,887 0,704 0,971 0,930
. AMDP(%)}  -B,1 1,2 5,6 2,4 4,2
. Low flows (<2, mean daily flow)
AMLF(%) 172 518 826 481 1,0
CE -24 -a58 -9 111 -6,3
SADFPIZ) 14 11 12 60 61
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TabYe 7.12

Ranki ng* of models in terms of performance during the combined
catibration and verification perfeds : catchment A

Criterion  FORD PITH PITR PITO ALY PITH DALM

A1 monthly flows

MAR 64) 7(8) 1) ) 3(3) 4 [
VAR 2(2) 6{4} 7{5} {15 5(3) 3 4
MCE 5(4) 4(3}) 615} HL 3(2) 6 Z
0SE 2(2) 6{4} 7(5) 11} 5(3) 3 4
" RMce 32} 6{4) 7(8) 2{1} 4{3) 5 1
RMP 3(3) 7{8) 8(4) iy 2{2} 5§ L3
Ra 3zt 6(8) 15) 201} 43} 5 1
Is 443} Hn 5{4) 2(2) 6(5) 3 6
HOFP 4(3} 3{2} 2i1) 5{4}) 68y 1 6
Sub-total  31(25] 46{32) 48{35) 16(13) 38(23) 35 34

A1l daily flows

VAR 4 2 1 3 5
CE 4 1 3 2 5
OCEL 3 4 g 1 2
CEFDC & 2 3 i 4
RAE 4 4 3 1 5
Peak daily flow/month

MPF 4 2 3 1 5
CE 4 2 3 1 g
HDP 4 2 1 3 5

Low flows (<2. mean daily flow)
MF 5 4 2 1 3
CE 3 8 4 2 1
T T R S U |
Sub-total 44 28 31 17 45
TOTAL A9 60 66 30 74

*Rankings in brackets far haurly 2nd daily models only,

i
|
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Table 7.13

Ranking® of models in terms of perfomance during the combined
calibration and verification perfods : catchment B

Criterion  FORD PITH PITR PITD DALT PITM OALM

ALl monthly Flows

MAR 2(1] 751 32 413 5(4) 1 6
VAR 43y 2y ste) 2 7(5) 1 6
HCE 3z} &Y 613) 111) 6(4) 2 4
Dse 32y 431 514 241 7(8) 1 6 -
RNCC 3z 43y Bi4) 2(1) 7(5) 5 1
' RHP 7{5)  4{2) 5l4) 141) 2(2) 5 3
. Pa 43} 22)  5l8) 3{2) 7(5) 6 1
is 331 Ay 212) 141) 7(8) 5 6
MOF P 11} 5(4) 1) 443) 78 & 3
Sub-total  30(22) 40(30) 37{28) 20{14) 55(40) 32 36

A1l daily flows

VAR 3 4 5 2 1
e 1 2 4 2 5 &
PCEL 3 4 5 1 2
CeFnc 4 2 1 3 5
RAE 2 3 4 1 5 :
Peak daily flow/month :
10F 3 1 [} 2 5 i
ce 2 4 5 1 3 ]
Hop 1 4 5 2 3 N
Low flows [<2. mean daily flow)
" 1 5 3 4 2
CE 2 5 4 3 1
wee 32 4 18
Sub-tatal 25 37 4 22 37
TOTAL 47 87 72 36 n

*Rankings in brackets for hourly and daily models only.

e
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Ranking* of models in terms of performance during the combined
catchment £

calibration and verification periods :

Criterion  FORD PITH PITR PITD DALT PI™ DALM
A1l monthly flows

HMAR 5(3) 1} 5(3} 5(3) 4(2) 2 3
VAR S{B) 2(2) 1) 4(4) 2{2} 5 7
MCE H 5{4) 6°5) 313) 2{2y 4 7
GSE 5(4) 118 6.} un 443) 3 7

HMEC 2(2) 5{4} 745 4(3) 1 6 3
RifP 4(3}) 6{4}) 7(51 32} 1y 5 2
Ra 312} 54} 5{4} 4(3) 1) 7 2
I Uy 5(3} 745) 6{4) 321 4 2
MOFP 64) 4(2) M2 1§ 1) 3 1
Sub-total  33(25) 34(25) 48(35) 37(28) 19U15) 39 3

A11 dafly flows

VAR 2 3 5 4 1

e 1 4 |3 2 3

DCEL 3 4 5 H 1

CEFOC 2 1 4 5 3

RAE 1 4 5 3 1

Peak daily flow/month

HPF 5 2 3 1 4

e 2 4 L 1 3

MDP 5 1 a 2 3

Low flows {<2. mean daily tlow)

HMLF 2 4 5 3 4

CE 2 4 5 3 1

wepo 31 & 4 5
Sub-total 28 32 48 28 26
TOTAL 53 57 a3 56 41
*Rankings in brackets for hourly and daidy models only.

,,,,,, IR
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Ranking® of models in terms of performance during the combined

catibration and verification periods : catchment £

Criterign  FOAD PITH PITR PITD BALT PITH DALM

A1l monthly flows

HAR §(3) 11} 5(3} 5(3} 42} 2 3
VAR 6(51) 22} i} 4(4) 2(2}y 5 7
MCE un 5{4) 615} 3{3) 2(2) 4 7
OSE B{4} (1) 6{8) Hu 4{3) 3 7
RUCC 2(2} 5(4) 7(5) 4(3) 1) 6 3
Rup 4(3} 6(a) 7(5) 3(2) (1} 5 4
Ra 3(2) 5(4) 5(4) 413} (1} 7 2
1s 1) 5(3}) 7(5} 641 32} 4 2
MDF P 6{4} 4{2) 442) 7(8) 101) 3 L
Sub-total  33(28) 34(25) 48(35) 37{28) 19(i5) 39 34
A1) daily flows
VAR z 3 5 4 1
DCE 1 4 5 2 3
DCEL 3 4 3 2 1
SEFDC 2 1 4 3 3
RAE 1 4 5 3 1
Pea; daily flow/month

HPF 5 2 3 1 4
CE 4 4 5 1 3
Ll 5 1 4 2 3

Low flows (<2. mean daily flow]
HLF 2 4 5 3 1
CE 2 i 3 1
w3 4 s
Sub-total 28 32 28 26
TOTAL 53 57 56 41

*Rankings in Lrackets for hourly and daily models only.

o

-
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Table 7.15 P

Rankings*! of overall perfomance during the combined calibration
and verification periods*Z 1 all three catchments.

! FORD PITH PITR PITD OALT PITM DALK

Monthiy A 31(25) 46(32) 48(35} 16(13) 38(28) 35 34
Sub~totals 8 30{22) 4030}  37{28) 20(14) 55(40) 32 36
E 33(25) 34(25) 48(35) 37(28) 19{15) 39 34

Total 94(72) 120{87) 133(98} 73(65) 112(84) 106 104

Daity A 44 28 31 17 a5
.
Sub-totals 8 25 37 44 22 37
S R T R )
Total 97 9 123§ 108
Combined total 169 184 221 122 192
fonthly rank. 2 [ 7 1 5 4 3
Daily rank. 2 2 3 1 4

P
—
S

Combined rank. 2

*1 Rankings in brackets for i urly and daily models only.
*2 1976 - 1981, inclusive. }

R -
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Table 7.16 ;

Resutts of goodness-of-fit tests for the verification period :
catchment A

Criterion  FORD PITH PITR PLTD DALT PITH DALM

AX1 monthly flows

+ MARIT) 13 72 5 " -98 230 -0l
2VAR(®) <34 336 167 140 100 i -7
CE 20,62 2,13 0,95 0,01 -0,25 0,35 -0,12
D¢ 0,45 2,86 1,24 0,79 0,44 0,56 0,31 -
RMCC -6,0 20,6 10,9 1,50 0,78 -7,3  -1,1
: RMP(%} b4 27 74 3,4 3n 25 28
sRgiB} 23 107 : 68 -95 % -78
algi®) 8,6 7 5,0 104 83 1z
SMOFPIB) 50 50 50 0 67 50 67
A1l _daily flows
SVARIZ) -84 659 437 18 100
e 0,08 6,85 -2,86 0,10 -0,08
DCEL 3,20 -1,3 0 <107 0,41 43,3 m
[ 1,5 0,543 0,388 0,430 0,51
RAE(%) 162 162 126 113 98
Peak daily flow/moath
SMPFI%) -84 147 e 4 -89
atop(z) .97 a7 EL -100 :
: Low flows (<2. ' »an daily fiow) i
aMLF(%) 704 82 i 28 -98
SMFR(BY 4l 106 pURES T 208 ;

SRR
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Table 7.17 H

Resuits of goodness-of~fit tests for the verification period :
catchment B -

1
i

i Criterfon  FORD PITH PITR P DALY PITM DALM

ATl monthly flows

aan(s) 57 203 26 84 -7 53 63
SVAR(Y) 98 2061 294 385 -100 596  -37
43 A0,67 15,8 078 1,62 -0,33 4,8 0,04 .
oSE 0,93 16,4 1,42 2,25 0,5 50 0,2 o
RMCC TS R 71 6,8 56  -1,6 32 4.9
¥ RHP(%) 290 535 181 19 215 86 259
aRy{%) 50 247 18 106 -9 208 -18 i
alg(n) 4,7 81 8 12 14 100 120
abOFp(s)  -33 50 50 0,0 67 50 67 :
A1l daily flows
AVARIZ) 30 1605 273 16l -100
DCE S04 -7 43,6 0,83 -0,08
DCEL A5 138 3300 1,68 <47
CEFTC 0,665 -0,453 0,575 0,508 0,14
RAE(%) 175 356 194 177 1)
- AMBE(Y) 44 169 28 9,1 -99 !
: atOP(4) -89 407 9 100 1
Low flows (<2, mean daily flow) ﬁ
aMLF(%) 221 99 -100 46 100 :

aADFP(%) ~50 138 139 -14 287
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Tahie 7.18

Resu s of goodness-of-fit tests for the verification pericd : . H
catchment £

Criterier  FORD PITH PITR PITD DALY PITM DALH

A1 _ponthly flows

SHAR(S) 28 912 1405 471 100 14 100
AVAR{S) 19 5605 9999 727 <100 .15 (00
i = 0,44 56 -3 -9,3 -0,11 -1,1 0,11
oSt 0,47 56 132 9.4 0,12 1,1 0,12
amce 23,3 216 525 2,7 2,7 9,5 2,7
RMP(%) 778 4654 7169 1000 25 735 25
ARal%) 47 820 1268 160 100 14 100
sTg(®) =72 29,1 9,1 .54 11 0,5 11
SMRFP(Y) 73 -18 -18 -45 -9,1 18 -9,1 :
A1 daily flows
SVAR{%} -95 4324 9999 322 -100
e 0,079 -37 -2 3,00 0,06
ACEL -20 462 -511 -6,4  -4,0 !
EFOC 0,02 -17,8 20,5 49,2 0,49
RAE(5) 268 a8 1z 5 100 :
Peak daily flow/month :
~HPF(% ) -92 77 176 56 -100 i
atopn]  -98 9 w38 -100 !
Low flows [<2. wmean daily flow)
AMLF(%) 786 100 -100 9999 -100 '
SADFPIBEY -4 1,1 -1,1 -9 50 :
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Table 7.19

Rankh\gs*1 of overail performance during the verification per\‘od*z
1 311 three catchments.

FORD PITH PITR PITD DALT PITM DALM

Monthly A 22{17) 50(38} 4L{30) 25{18) 41(29) 27 37
Sub-totals B 26{19) §5{41) 30(25) 31(24)} 32(28) 46 27
E 34(22)  47(31) B4f38) 43(27) 18{14) 23 18

Total 82058} 152(110) 125(93) 99(69) 91(67) 96 82

Daily A 26 31 28 16 29
Sub-totals o 20 39 32 17 - 26
B o» on ox 1
Total & M0 % 8 73
Combined total 124 210 191 128 140
Monthly rank. 1 7 6 5 3 4 1
Daily rank. 2z 5 4 1 3
Combined rank. 1 5 4 2 3

*1 Rankinas in bracksts for hourly and dajly modeis only.
*Z Calendar year 1981
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50%, if compared with the performance based on the five-year
catibration. This finding provides firm evidence that the generally
inadequate performance of the models reported in section 7.4 for the
verification tests was, at Jeast in the case of the five multi-storage
models, due to a calibration biased towards simultation of extieme
events.

7.5.2 Comparison of daily with hourly models

1% is evident from the combined rankings resulting from the two
performance tests under consideration here [Tables 7,23 and 7.28) that
models PITD and FORD can be regarded as the most robust of the five
general-purpose models tested. ATthough the total rankings of model
DALY are conpetitive with those of the aforementioned two models, it
has to be left out of comtention hecause of artificially low rankings
caused by near-zero flow estimation during the verification period in
catchment E {Table ".26). Models PITH and PITR are again the poorest
performers, except for two fnstances : a good performance by PITH in
catchment A during the performance test based on the full dats pericd
and 2 fatir performance by PITR in catchment B during the verification
period. In geperal, model PITD was again superior in tems of the
reproduction of daily flow statistics, with wodel FORD foilowing in a
close second position. Furthermore, there is some evidence that the
ahility of the simple model DALT to reproduce daily flows is
rezsonably competitive with that f the more complex models, judged by
the actval values of the criteria Visted in Tables 7.20, 7,21, 7.22
and 7.25.

7.5.3 Comparison of monthly with daily and hourly models

In terms of simulation of monthly flows tne general performances
of models FORD, PITD, DALM and DALT are mere or less on a par. The
overall results achieved by the simple monthly model DALM during the
performance test based on the full data period {Tables 7.20 to 7.22)
are far superior to those athieved by the other models, ail of which
are more complex in structure than DALM. Unfortunately, the perfor-
mance of DALY during the verification period was marred by the predic-
tion of near-zero fiows in catchiwents A and E.  The sane Tahle 7.20
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50%, if compared with the performance based on the five-year
calibration. This finding provides fim evidence that the generally
inadequate performance of the models reported in section 7.4 for the
verification tests was, at least in the case of the five multi-storege
models, due to a calibration biased towards simultation of ext:eme
events.

7.5.2 Comparison of daily with hourly models

It is evident from the combined rankings resuiting from the two
perfomance tests under consideration here (Tshles 7.23 and 7.28) that
models PITC and FORD can be regarded as the most robust of the five
general -purpose mode}s tested. Although the total ramkings of model
DALT are competitive with those of the aforementioned two models, it
has to be left out of contention because of artificially Tow rankings
caused by near-zero flow estimation during the verification period in
catchment £ {Yable ".26}. Models PITH and PITR are again the poorest
performers, except for two instances : a good performance by PITH in
catchment A during the performance test based on the full data perioad
and a fair perfomance hy PITR in catchment 8 during the verification
period. In geperal, model PITD was again superior in temms of the
reproduction of daily flow statistics, with model FORD following in a
close second position. Furthermore, there is some evidence that the
ability of the simple model DALT to reproduce daily flows is
reasonably competitive with that € the more camplex medels, judged by
the actual values of the criteria listed in Tables 7.20, 7,21, 7.22
and 7.25,

7.5.3 Comparison of monthly with daily and hourly models

1n terms of simulation of montily flows the aeneral performances
of models FORG, PITO, DALM and DALT are mcre or less on a par. The
overall results achieved by the simple monthly model DALM during the
performance test hased on the full data period {Tables 7.20 to 7.22})
sre far superior to those athieved by the other models, all of which
are more complex in structure than DALM. Unfortunately, the perfor-
mance of DALM during the verification period was marred by the predic-
tion of near-zero flows in catchments A and E.  The sane Table 7,20
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50%, 1f compared with the performance based on the five-year
calibration, This finding provides fim evidence that the generally
inadequate performance of the models reported in section 7.4 for the
verification tests was, at least in the case of the five multi-storage
models, due to a calibration biased towards simultation of extreme
events.

7.5.2 Comparison of daily with hourly models

It is evident from the combined rankings vesulting from the two
performance tests under consideration here (Tables 7.23 and 7.28) that
models PITD and FORD can be regarded as the most robust of the five
general-purpose models tested. Although the total rankings of model
DALT are competitive with those of the aforementioned two models, it
has to be left out of contention because of artificially Tow rankings
caused by near-zero flow estimation during the verification period in
catchment £ (Table 7.26}. Models PITH and PITR are again the poorest

performers, except for two instances - - angd performance by PITH in
catchment A during the perfonwance - ad on the full data period
and a fair performance by PITR in ¢ s during the verification
periad. 1In geperal, model PITD wa. ..in superior in tems of the

reproduction of daily flow statistics, with model FORD following in a
close second position. Furthermore, there is some evidence that the
ahility of the simple model DALT to reproduce daily flows is
reasonably cumpetitive with that of the more compiex models, judged by
the actual values of the criteria Jisted in Tables 7.20, 7,21, 7.22
and 7.25.

7.5.3 Comparison of monthly with daily and bourly models

In terms of simulatian of monthly flows the general performances
of models FORD, PITD, DALM and DALT are more or less on a par. The
overall results achieved by the simple monthly model DALM during the
performance test based on the full data period {Tables 7.20 to 7.22)
are far superior to those achieved by the other models, all of which
are more compiex in structure than BALM. Unfortunately, the perfor-
mance of DALM during the verification period was marred by the predic-
tion of near-zero flows in catchments A and £, The same Tahle 7.20
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o Table 7.20

Results of goadness-of-fit tests*l for the complete period of
record*? - 1879 excluded during calibratfon : catchment &

Criterion  FORD PITH PITR PITD DALT PIM DALH

AlY monthly flows

aMAR(%) -1% 27 =8 24 21 -25 6,4

aVAR(%) -19 74 73 85 83 =32 55

MCE 0,855 0,855 0,863 0,755 0,892 0,936 @,912

nSE 0,082 0,110 0,107 0,154 0,082 0,028 0,084
S RMCC 0,903 0,903 0,89% 0,899 0,924 0,943 0,957

RHPL%) 1,4 2,2 3,2 2,2 1,2 2,4 1,1

aRa{%} -24 30 32 30 27 -21 20

algl®) 6,0 6,4 4,2 12 8,3 7.7 22

AHDFP(2) 36 36 36 39 0,0 0,0 39

All daily flows

sYAR(%) 2,5 20 1,4 48 15

BCE 0,733 0,897 0,888 0,733 0,659

TEL 0,51 1,85 1,62 0,57 3,1

CEFDC 0,831 0,981 0,982 0,897 0,968

RRE{%) 62 50 57 62 63

Peak daily flow/month

&UPF{%) -14 =2,0 -13 -3,7 -21

[¢3 0,924 0,957 0,924 0,913 0,918

2 HDP{%) -22 -16 -27 21 -27

Low flows {<Z. mean daily flow}

AHLF{%) 76 76 121 ~31 38

GE -10 =11 -11 ~0,7 ~5,5

SADFR(%) n 23 60 25 79

*1 See Appendix A for definitions
*2 1976 - 1981, inclusive.

A
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ResuTts of goodness-of-fit tests for the complete pariod of record -
1979 excluded during calibration : catchment 8

Criterion FORD PITH PITR PITD DALT PITM GALM
A1 montnly flows
aMAR(%) -0,3 27 35 5,2 26 -22 2,3
sVAR(%) 6 98 127 20 108 ~33 38
MCE Q,867 0,733 0,664 0,950 0,730 0,905 0,869
0se 0,028 9,187 0,174 0,013 0,211 0,025 0,045
RMCe 0,988 0,882 0,797 0,895 0,860 0,918 0,951
RMP{%Y 16 17 20 8,3 12 27 14
aRai%) -2,5 30 43 2,5 3¢ ~23 6,1
algl%) 9,1 i1 11 1,5 15 1.0 13
AMDFPIE) 3,6 -14 0,0 -39 0,0 0,0 a0
Al daily flows

aVAR(%) 8¢ 34 53 1,2 48

43 0,73: 0,78 0,816 0,388 0,714

OCEL -1,27 -20 -17 0,081 ~1,58

CEFDC 0,635 0,952 0,233 0,946 0,959

PAE(%} 63 69 &5 42 86

Peak daily flow/month

aMPF(%) 22 -6,6 -2,2 -1,6 -19

CE 0,659 2,307 0,966 0,59 0,973

aMBP(%) 67 -16 14 ~1,5 =3,0

Low flows {<2. mean daily flow)

aMF{%) 32 63 96 84 69

43 -5 -25 -19 -11 -27
S POFP{%} 15 az 329 -6 41
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Table 7.22

Results of goodness-of-fit tests for the complete peried of record -
1979 exciuded during calibration : catchment £

Criterion FORD PITH PITR PITD DALT PITM DALM

A1 monthly fiows

aMAR(%) -38 93 az 26 49 -81 -3,8
sVAR(%} -64 2N 247 127 178 -95 46
MCE 0,782 -0,09 0,045 0,391 0,297 0,129 0,513
DSE 0,162 0,816 0,801 0,359 0,518 0,287 0,133
RHCC 0,784 0,20 0,269 0,8% 0,655 0,110 0,985
RMpIZ) 38 35 109 22 19 14 7,9
aRa{%) -48 79 79 27 54 -85 2,3
alg(®} -4,5 -1,6 -6,2 11 6,9 -22 4,0
AMOFR(3} 0,0 -13 8,0 0,0 0,0 2,6 0,0
A1l daily flows

aVAR(%) -37 334 200 155 134

oCE 0,793 -0,43 0,28 0,04 0,148

DCEL -0,91 -23 -1% 0,142 -3,8

CEFDE 0,510 0,852 0,139 0,793 0,975

RAE(%) 57 104 98 Lit:] 89

Peak daily flow/month

alPFLE} -18 w7 74 25 23

CE 0,948  -1,87 -0,07 0,04 Q,h18

aMDP(%) 2,2 74 103 101 65

Low flows (<2, mean daily flow}

aMLF (%) §,5 835 779 10 122

CE -5,0 -373 -408 ~14 -25

sROFPI%)  -B0 0,0 -1,0 -33 80
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Tabie 7.23

Rank1ngs*1 of overall perfomance during the complete record
period *2 {1979 excluded during calibration) : all three catchments i

FORD PITH PITR PITD DALT PIT™M  DALH

Montnly A 26(15) 41(27) 46(31) 52(38) 28{15) 24 24

Sub-totals B 26(18) 46(33) 51(37) 18(14) 46{30) 28
£ 23016) 46(33) 27(17) _34124) 49 11
Total 75{49) 97(69) 108{69) 63
Daily A 33 23 30 30 43
Sub-totals B 38 38 34 20 35
I R S |
Total 90 8 om0 w08
Combined total 139 203 209 149 175
Monthly rank. 2 6 7 3 § 4 1
Daily rank. 2 3 § 1 4
Combined rank. 1 4 5 2 3

*1 Rankings in brackets for hourly and daily models aniy.
*2 1976 - 1981, inclusive.
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Results of
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codness-o7~Fit tests *1 for the verification
perfod *2 (149 excluded during calibration) : catchment A

Criterion  FORD PITH PITR PITD DALT PITM DALM
A1l monthly flows
aMAR(%) -10 -17 -38 25 -61 ~90 -87
AVAR(%} 4,9 4,9 ~26 53 -74 -98 -85
CE 0,156 -0,07 8,17 (U2 0,038 -0,13 -0,07
DSE 0,19 0,21 0,20 0,28 0,20 0,31 0,26
RMCC -4,2 -2,6 -1,3 -2,5 -2,9 -1,1 -1,3
RIP(%) 18 18 18 7,9 18 20 28
aRa(%) 19 41 1 33 -36 -81 -73
afg(%} 33 71 7t 4,1 66 92 106
aMDFP{%) 0,0 50 50 0,0 50 50 67
A1 daily Flows
aVAR(%) ~37 63 24 4,9 -89
DCE 0,14 -0,32 -0,32 0,285 0,036
DCEL 0,041 -8,7 -9.,6 0,616 -14
CEFDL 9,182 0,573 0,482 0,440 0,739
RAE{(%) 98 107 i 100 95
Peak daily flaw/month
AMPF(%} -40 1% -4 -12 -86
atpP(%) -85 -35 -62 -58 -100
Low flows {<2. mean daily flow}
aMLF{%) 83 67 33 54 118
aADFR(%} ~17 106 106 ~16 97

*1 See Appendix A for definitions
*2 talendar year 1981

NGRS
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Tapie 7.25,

Results of goodness-of-fit tests for the verification period
{1979 excluded during cajibration} : catchment B

Criterion  FORD PITH PITR PITD DALT PITH DALM
A1l monthly Fiows
aMAR(S) 54 8% -98 100 -31 -28 -17
AVAR{4} 178 795 -160 466 40 69 165
CE ~1,0 -4,5 -0,4 -2,2 -0,41 0,57 -1,1
DSE 1,3 5,1 0,41 2,9 0,59 0,77 1,4
RMCC -9,4 -22 -1,4 -6,2 -8,5 -10,2  -12
RMP{%) 2R3 321 260 26 276 322 408
aRa (%) 69 239 -99 122 2% 44 69
algl(®) 9,7 79 -43 1l 86 101 102
sHGFP(%) -33 50 -17 0,0 50 50 67
Al daily flows
aVAR(T} 22 449 -160 188 -60
DCE 0,28 5,4 -0,07 -1,0 -0,09
OCEL -4,0 ~11% -127 -4,4 -18
CEFOC 0,888 0,033 -0,14 0,173 0,754
RAE{%) 159 258 102 190 133
Peak daily flow/month
aMPF(%} ~30 33 -100 14 ~79
aMDP{%) -B9 161 -100 -25 ~100
Low flows {<2. mean daily flow)
aMLF (%} 169 -97 -39 -35 ~94
sADFP{%) -34 137 630 -14 133
e ————
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Table 7.26

Results of goodness-of-fit tests for the verification period
(1979 excluded du. calibration) : catchment £

Criterion FORD PITH PITR PITO DALT PITM DALM

A1Y monthly flows

AHMAR(%) 112 655 541 98 -89 ~86 -106
aVAR(Y) ~34 - 2557 2464 9,1 -100 -98 -100
cE ~0,82 -25 -24 -0,72 -0,13 -0,13  -0,13
DSE 0,82 25 24 0,83 0,14 0,14 0,14
RHMCL -5,0 =73 ~69 -1,5 -2, ~3,3 -2,7
RMP (%} 581 2883 2764 289 29 487 25
aRa(%) -26 495 483 -8,1 -39 -86 -106
als{®) -65 -0, ~9,1 -54 6,1 0,5 11
aMOFP(%)} =73 -18 ~18 -45 -9,1 -18 -18
A1} daily flows ’
2VAR(%) -63 1826 1905 -48 -100
DCE -0,17 -17 -16 -0,14 -0,06
DCEL -3,7 ~380 -410 -9,¢ -57
CEFDC -B,2 -12 -2,% -8,8 -0,4%
RAE(%) 27 560 546 237 100
Peak daily flow/month
AMPF(%) =73 441 427 ~51 -100
AtRP{%) -85 8 126 ~81 -100
Low flows (<2. mean daily flow)
2MFI%) 3178 -100 -100 4284 -60
AADFP(%) -75 ~1,1 -1,1 -60 -1,48




312

Table 7.2/
Comparison of the average goodness-of-fit statfstics obtained for the
? two performance tests on tre verification period *1 211 three

catchments and all models

f
‘riterion §-Yegr calibration 4-Year calibration
AL monthly flows
MAR(S ] 13% 39
VAR[%} 942 290
CE 10,8 ~2,91 ~;
1SE 11,1 3,11
[MCC 44,9 ~11,8
RMP{%) 793 430
Pai®) 156 50
Tgt%) 40 32
HoFP(%) 18 1
A1l dajly flews
YAR(S)} 1160 272
pla -10,8 -2,F
DCEL -103 -77
CEFDL 5,8 -2,3
RAE(%Y 325 204
Peak dajly filow/month

HPELRT 130 24
P{%) 68 -37

Low flows (<2, mean daily flow)
HLF(%) 730 453 H
ADFP(S) 87 66 '

* Calendar year 1981

T
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Table 7.28

Rarking *1 of oversll perfarmance during verification period*2
(1979 excluded during calibration) : all three catchments N

FORD PITH PITR PITD DALT PITH DALM

wonthly A 19{17) 29(27) 32(28) 22(20) 33(31) 50 50
Su-totals B 32(25)  53(41) 24{19) 37(27) 24(22) 33 45
£ 42i28) 54(39) 47(32) 29119} 20(16) 20 25

Total  93(70) 136(107) 103(94) 88{66) 77(68) 103 120

Daily A 24 29 28 18 34
Sub-totals 8 20 38 32 21 23
P om0 o0®moa @
Tl 89 @ 8 0 7
Combined total 13% 207 187 126 145
Monthly rank. 3 7 4 2 1 4 &
Maity rank, 2 5 4 i 3
Combined rank. 2 5 4 1 3

*1 Rankings in brackets for hourly and daily models only.
*2 Calender year 1981
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Table 7.29

e Combined rankings * of overall performance in all four performance

tests : all three catchments

i FORD PITH PITR PITD DALT PITM DALM

Monthly A 1I5(74) 166(124) 167(12¢} 115(89) 140(104) 136 145
Sub-totals B 114(84) 190(148} 142(109) 106(79} 157(116) 139 136
£ 132(91) 186(126) 196{138) 135(91) _91(68)} 131 88

Total  361(249) 546(395) 504{371) 357(259) 388(288) 406 369

Daily A o127 m 118 81 151
Sub-totals B 103 152 142 80 121
I T S -
Tt 3 s a2 mE %4
Cambrined total 571 797 793 525 652
. Monttly renk. 2 7 5 1 4 5 3
’ Daily rank, z 4 5 1 3 3
Combined rank. 2 5 4 1 3

* Rankings in brackets for hourly and daily models only.
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problem, i.e. near-zero flows in catchment E, ﬁes it difficult to
assessthe real merit of the low ranking model DALT attained in the
verification period test, Models FORD and PITD produced the most
stable performance with both a second and a third place each. As with
the performance tests reported in section 7.4 no clear trend of
improvement of performance with increasing complexity of model irput
requirements is discernible in the monthly simulation results
discussed in this section.

7.6 SUMMARY OF FINGINGS

The combined rankings of overall model perfamance in all four
performance tests in 2l three catchments appear in Table 7.29. The
final ranking of the models in terms of monthly goodress-of-fit
statistics is (from “best” to "worst"}: PITH, FORD, DALM, DALT, PITM,
PITR and PITH; in temms of daily criteria: PITD, FORD, DALT, PITH
and PITR: and in terms of combined monthly and daily statistics:
P1TD, FORD, DALT, PITR and PITH. 1t must be stressed that the low
rankings of model DALM and, to a certain extent, model DALY are
misleading and may be traced to the artificially beneficiatl effects on
goodness-of-fit statistics of near-zero flow estimations in certain
catchments during the verification period tests.

in spite of the last-mentioned problem a number of firm conciusions
can be drawn from the results reported in this chanter:

(i} HModels that require fine time resolutions for input data do not
necessarily produce more accurate estimates of daily or monthly flows
than models with coarser input reguirements. This finding is in
accordance with conclusions arrived at by Pitman (1977), Roberts
(1978) and Haef (1977,1981).

(11) ¥ith respect to the daily and hourly models used in this study
some correspendence was found between increased complexity of model
structure and superior performance of the model. This result is
contrary to conclusions by Roberts {1978} and Maef {1977,1981) but the
sample of models tested in each input category is too small to deduce
if this finding can be generalized.

(i11) None of the seven models was entirely convincing in simulating
the vastly variable range of runcff-generation conditions in semi-arid




catchments and all model/catchment combinations yielded one or more
simulation failures with respect to specific stom events.

(iv) The question of the adequacy of Pitman‘s three models for flow
generation in semi-arid catchments: Pitman's (1978) conclusion that
his monthly model could reproduce monthly flow series at a level
competitive with that of meve complex models requiring fnput of finer
time resolution, was only partially confirmed in this study. The
version of Pitman's monthly model used here, PITM, generally performed
better than the modified versions of his hourly model, PITH and PITR,
but was not competitive with the version of his dajly model, PITD, and
the Stanford Model (FORD}. 1In fact, PITD must be regarded as the
mode] most capable of simulating semi-arid rainfall-runoff processes
of all the models tested here - both in terms of performance relative
to other models and in terms of accuracy of actual flow estimates.
This finding confims the tentative conclusion drawn in this regard in
the "manual calibration” study. The performance of hourly models PITH
and PITR, though good for 3 few specific catchment/performance test
combirations, was generally disappointing. It is likely that these
two models wouls benefit by incorporation of a channel evaporation
function such as that used in PITD. An analysis of the behaviour of
PITH and PITR during the verification period (1981) sugwests that
their response to hiah intensity rainfall is highly exaggerated, This
exangerated response is to a certain extent counteracted hy the re-
infiltration function in PITR. The basic infiltration function used
in these two models s most 1ikely at the root of the problem, which
has only partially been soTved by addition of the re-infiltration
function.

{v} The two models of simple structure DALT and DALM achieved results
that were often most encouraging. It is worth nothing that especially
in catchment £, the catchment with very high Tosses and low
hydrolonical response {see Chapter 2}, the perfarmances by these two
models ware among the best {n terms of the two performance tests based
on the full period of record. As catchment E behaves more Yike an
arid catchment than like a semi-arid one, the impiication is that the
structure of the DALT/DALM model series may be highy suitahle for
arid catchment modeliing. The fact that the performance of model DALY
often was not excessively worse than that of PITD suggests that the
"DALT2" tevel of application may be just not conplex enough to ensure

e .
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consistently good results in the semi-arid enviromment. This finding
is highly useful in that it provides a clear “lower 1imit" answer to
the auestion of what Jevel of complexity in model structure-is
required for a general-purpose model to be used in semi-arid
catchments. The tendency of both DALT and DALM to produce nesr-zero
fiow during verification period tests provides a clue to changes
required in the model structure. These changes involve exaggerating
the soil moisture Tevel response to rainfall during dry periods so
that the soil moisture level exceeds the "baseflow" threshold more
often. This can be achieved by replacing the Yinear moisture store by
a non-tinear store such as the "bowl-shaped" container of Fig. 4.4{e),
i.e. by switching to Roberts's {1978} version of the model known as
DALT3. Unfortunately, such a change involves two additianal
parameters that have to be estimated during calibration. It must
furthermore be stressed that the severe interdependence of the two
baseflow parameters SSB and POWER and the soif moisture capacity SSt
is a serfous shortcoming of the DALY/DALM model series.

(vi) The performance test based on a model calibration procedure
which excludad the extreme events of 1979 revealed models FORD, PITD
and DALM as being robust. The verification period tests based on the
last-mentioned ¢~Vibration procedure confirmed that the poor
verification perfomance of ail the models reported in both section
7.2 (manual calibration} and section 7.4 {semi-aufomatic calibratfon
on 2 sample that inciuded the extreme events of 197%) was the result
of 4 calibration biased tawards reproduction of extreme runcff eventc.
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CHAPTER 8

TRANSFER OF PARAMETERS VALUES FROM GAUGED TO UNGAUGED CATCHMENTS

8.1 INTRODUCTION

The estimation of runoff from catchments for which no flow
records exist ("ungauged” catchments) is cne of the major challenges
of engineering hydrology. In earlier chapters it was explained that,
in theory, conceptual rainfall-runoff modelling constitutes a valuable
approach for dealing with the ungauged catchment “probiem” - on
condition that the model parameter values somehow are estimable for
the catchment under consideration. In this sitvation parameter values
can he estimated by three different techniques, if the circumstances
altow it.

{a) Parameter values can be inferred hy measurable catchment
tharacteristics. This approach presuppeses availabpitity of a model
that is physically-based to a very high degree. Such models exist,
but for practical reasons are out of consideration in a conventional
engineering setting {see Chapter §).

(b) Parameter values can be based on regionalized trends, Some
mode? developers have published regionalized sets of parameter values,
based on numerous calibrations of their models in cne or more regions
(Hydrological Research Unit, 1981-1982; Betson et a1., 1980). An
obstacle to the full utilization of such publications is that the
authors usvally omit §nformation on the degree of uncertainty jnvolved
in applying such regionalized parameters. Consequently, practising
engineers are unable to place confidence 1imits on runoff estimates
based on such regionalized parameters.

{c) Parameters can be estimated by calibrating the model on one
or more catchments that are thought to he physically similar to the
ungauged one and then assigning those parsmeters to the problem
catchment. this is in fact the First step towards regionalization,
hut {f practising enaineers can perform this step themselves, they can
at least form an impression of the uncertainties involved in such a

T
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parameter transfer operation.

Intuitively it may be expected that the parameter sets of models
that are structurally more complex should display a higher level of
transferability that those of simple models - based on the assumption
that more complex models simulate rainfall-runoff processes at a
higher ievel of physical representativeness. Similarly, medels
requiring a finer time resolution of input data may be expected to
give better results in a parameter transfer operation, because they
incorparate higher levels of input information. To the practising
engineer, who is considering a parsmeter transfer application of a
model, the issue of adequate levels of structural and input data
complexity is important. He may feel satisfied with the performance
of a simple model in a gauged catchment, but may be hesitant to risk
such a model in a parameter transfer operation. On the other hand,
the casts and time favelved in switching to a more compliex (and
presimahly more reliable) model may be unacceptabie.

Very 1ittle has been reported in hydrological literature on the
magnitude of errors involved in and the general feasibiiity of
parameter transfer operations. The research reported in this Chapter
is aimed at providing some guidelines to the South African model user
on the feasihility of paremeter transfer in the semi-arid enviroment,
In the process, the relationships beiween parameter transferability
and complexity of model structure and of model input requirements will
be explored.

8.2 EXPERIMENTAL PROCEDURE

The Ecca River research catchments are probably as “similar in
climate, vegetation, 1ithology and land-use as the practising engineer
can ever hope to find in a water resecurces study that may require a
parameter transfer aproach. Also, the auality of data derived from
the Ecca River gauging network is probably better that what is
available in most practical desian situations. Conclusions drawn from
2 parameter transfer jnvestigation using Ecca River data should
therefore be reasonably reliable.
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In a succinct discussion of the underlying assumptions of the
parameter transfer procedure Roberts {1978) points out that the
definition of the “"similarity" of two or more catchments is highly
problematic. He poses the guestion whether or not 'similarity' in
g rlimate, vegetation and Tithology (the usual definition) is in reality
] commensurate with similarity in hydrolegical response. Similar
hydrological response, according to Linsley (1976} who can be regarded
as the "father" of the parameter transfer procedure, is the key to the
success of the technigue. In section 2.4 a simple analysis of the
physical characteristics of the Ecca research catchments is described.
It was concluded that “...the halance of the physical evidence points
to the 1ikelihood of larger catchment losses and 2 wuch more dempened
hydrological response in catchment £ relative to the other two". This
concliusion is followed hy a comparison of the observed rainfall-runoff
behaviour of the ihree catchments. The comparison led to the
conclusion that catchmept £ does in fact display a meaningfully
different hydrological response from catchment A and B and that "...in
general there should be more risk in transferring parameters to £ from
A or B than between A and B",

The parameter transfer tests were structured to investigate the
last-mentiuned suggestion and proceeded as follows. For all seven
models the parameter sets derived by calibration on the 1976-1980
period of record were chosen for the experiment (see Tables 7.5 to
7.8). This calibration is regarded as the most reiiable because it
includes the widest range of runoff events. For each model two pairs
of parameter transfer tests were executed. Certain parameter values
estimated for catchment A were transfered into catchments 8 and E,
followed by a transfer of catchment B values into A and E. 1In the
first case the main catchment, A, can be considered to be the gauged
catchment and the sub-catchments, § and E, the "ungauged" ones;
similar considerations hold for the second case. Only parameters that
affect the overall volume of runoff estimated by the models were
transfered while lag, routing and physically-based parameters were
kept at the values originally derived in each catchment by calibration :
{see section 7.3.2). After each transfer a streamflow series for the H
period 1976-9181 was generated using the rainfall and evaporation
records of the catchment "receiving" the parameters. This was

'




3zt

followed hy the calculation of a set of goodness-of-fit criteria with

the afd of subroutines AFIT and BFIT. The success of each transfer [
aperation was assessed ip terms of the deterioration in the value of

each criterion compared with the performance test values given in

Tables 7.9 to 7.11. These results are tisted in Tables 8.1 to B.4. A

negative value signifies a deterioration and a pesitive value an
improvement.

8.3 FEASIRILITY OF PARAMETER TRANSFER

The-values in Tables 8.1 and 8.3 sugoest that, in general,
parameter transfer between catchments A and B is highly feasible in
terms of the reproduction of monthly flow statistics and marginally
less so in terms of the daily criteria. For mosi models the
deterjoration in goodness-cf-fit associated with transfered instead of
calibrated parameters falls inside tolerance levels acceptable to
ergineering practice. However, parameter transfer from either
catchmant A or catchment B into catchment E results for all models in
severe errors in estimated stremmfiow, as Tables 8.2 and 8,4 clearly
iDustrate.

This resutt tonforms with the prognosis made in section 2.4 and
mentioned earlier in this Chapter., The question arises whether or
not, on the basis of the analysis of catchment characteristics in
section 2.4, relevant model parameters could not have been adjusted
before transfer from either catchment A or B to catchment E to
accommodate the known differences in vegetation, lithology and crucial
physiographic indices {such as mean catchment slope and drainage
density}. Such adjustments, if possible to maske, could enhance
confidence in the representativeness of the estimated streamflows.
However, in most practical situations such parameter adjustments would
be highly subjective. The success thereof weuld be strongly dependent
on the modelier's "feel” for his technique and the thoroughness of his
analysis of the catchment characteristics. If parameter adjustments
were to have been made in the case of the Ecca parameter transfer
study, such adjustvents would have focused on three parameter types,
i.e. interception storage (small increase), depression storage (small

increase) and the principal moisture storage {large increasel.

re—————— .
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followed hy the calculation of a set of goodness-of-fit criteria with
the aid of subroutines AFIT and BFIT. The success of each transfer
operation was assessed in temms of the deterioration in the value of
each criterion compared with the performance test values given in
Tables 7.9 to 7.11. These results are )isted jn Tables 8.1 to 8.4. A
negative value signifies a deterforation and a positive value an
improvement,

8.3 FEASIRILITY OF PARAMETER TRANSFER

The values in Tahles 8.1 and 8.3 sugoest that, in general,
parameter transfer hetween catchments A and 8 is highly feasible in
terms of the reproduction of monthly fiow statistics and marginally
Tess so in terms of the daily criteria. For most models the
deterioration in goodness-of-fit associated with transfered instead of
calibrated parameters falls inside talerance levels acceptable to
engineering practice. However, parameter transfer from ejther
catchment A or catchment B into catchment E resylts for all models in
severe errors in estimated stre.nflow, as Tables 8.2 and 8.4 clearly
i1lustrate.

This result conforms with the prognosis made in section 2.4 and
mentioned eariier in this Chapter. The aquestion arises whether or
not, on the basis of the analysis of catchment characteristics in
section 2.4, relevant modal parameters could not have been adjusted
before transfer from either catchment A or 8 to catcfment £ to
accommodate the known differences in vegetation, Vithelogy and crucial
physiographic indices {such as mean catchment slope and drainage
density). Such adjustments, if possible to mske, could enhance
confidence in the representativeness of the estimated streanflows.
However, in most practical situations such parameter adjustments would
be highly subjective. The success thereof would be strongly dependent
on the modeller's “feel" for his technique and the thoroughness of his
anzlysis of the catchment characteristics, If parameter adjustments
were to have been made in the case of the Ecca parameter transfer
study, such adjustments would have focused on three parsmeter types,
i.e. interception storsge (small increase), depression storage (small
increase) and the principal moisture storage (large increase).

e ————



322

g Table 8.1

R Deterioration in statistics due to parameter transfer from catchment A
] to catctment 8

Criterion  FORD PITH PITR PITD DALY PITM DALM

H AlY_monthly flows

SHAR(%] -12 -10 -9 -2 +1 -6 ~2
aVAR(%) -42 ~38 -15 -11 -3 4 ~8
Hce -0,19  -D,03 0 0,08 [\ -0,03  -0,02
DSE -0,08  -0,06 -0,02  -0,01  -0,01 -0,01 0,02
RMCC -0,02 -0,03 -0,01 3,01 0 0,03 -0,01
RP(3} -5 41 42 -7 "] -2 -1
aRal%} -§ -13 -5 +2 2 + ~4
algl{%} +1 +1 +6 +2 0 +6 -8
sMOFP{%} -50 0 -18 -28 ] 434 -36
A1 daily flows

aVAR{%} =74 -28 -3 -27 -4
e -0,19 -0,03 -0,15 -0,05 0
oceL -1,44 -1,2 o -0,03 -0,62

L CEFDC 10,07 40,02 40,01 -0,03 40,01
REL%) -25 -84 a -12 [

Peak daily flow/month

aMPF(%) -1 -1z 6 +3 +3

,, =3 -0,27 0,02 0,08  -0,03 0,01
AHDP(3} -51 +20) 119 +7 +

Low flows {<2. mean daily fiow)

aMLF(3) -12 +H5 -8 +51 +2
33 -15 4 -7 -6 0,1

sADFP{%) -24 [ +58 -18 +72
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Deterioration in statistics due to parameter transfer from catchment A
to catchment £

Criterion  FORD PITH PITR PITD DALT PIT™M DALM
AN monthly flow
SMAR(T) -94 ~121 -10 -93 -76 -8l -78
YAR(%} -234 -255 ~224 -185 ~226 -157 ~211
MCE ~1,04 -0,81 -0,47 -0,65 -0,93 -J,64  -0,63
DSE -0,88  -0,9 0,75  -0,62 -0,83 -0,58 -0,76
RMCC ~0,86 -0,65 -0,54 0,28 -0,56 -0,16 -0,38
RMP{%) <118 -158 -129 -3 -23 -11 -5
aRa{%) ~69 ~66 -64 -43 -18 -32 ~§2
sls(8) ~13 +2 +10 +5 411 -6 +3
sHDFP{%) -36 -33 -10 0 -3 -25 [
A1l daily flows
ANAR(S) -284 -218 -195 -76 ~186
8CE 41,08 40,5  -0,3%  -0,80  -0,61
DCEL 4,2 +18 24 -0,1 -2,0
CEFDC -2,08 -1,51 -1,60 «0,91 -0,01
RAE(%) -76 ~247 -22 -6% -55
c2ak daily flow/month

aPPF(%} -75 -83 ~74 -99 -25
CE S1,05  -,I8 8,54 -1,25 0,43
AVDP(%} ~68 -104 -101 ~98 -62

tow flows {<2. mean daily flow)
SHLF (%) -333 -9i7 -§52 -579 -373
CE ~82 ~1089 -1 560 -492 -142
AADFP{%) ~20 -28 -16 -7 4
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Table 8.3

Deterioration in statistics due to parameter transter from catchmwent B
tae catchment A 5

Criterion  FORD PITR PITR PITD DALY PITM OALM

A1l monthly flows

AMAR(3) 1 +6 -5 +1 -1 +5 +3
: AVAR(%) -27 +16 +24 -9 2 -1 +
H HeE [ 0,02 -0,02 O 40,00 -0,00 -0,01
. b5 0,020 0,0 0,00 0 0 20,00 0
RHMCC 40,00 40,03 40,01 [ 0 0,08 0
RMP(%) Q + 0 [ [ - [\
2Ra(%) -6 +10 +6 *2 5} -2 +2
alsly) -1 -1 41 -4 0 -15 +7
; aMOFP(%) 429 -4 -43 32 0 -39 0
: A1) aaily Flovs )
SYAR(%) -49 20 -39 22 -2
0cE -0,06 0,13 0,32 0,02 O
: 0cEL 0,15 0,3 6,5 0,1t -0,21
B CEFDC 0,21 -0,03 0,09 -0,03 -0,01
RAE(%) -4 13 -14 + 0
Peak daily flow/month
; SHPF(%) -26 21 23 -13 -2
: CE -0,12.  -0,13 0,12 0,07 0,02
i alDP (%) -14 -8 -25 -14 -2
: Low _flows (<2. mean dajly flow)
- aMLF{%) +10 24 w? 42 -2
CE 4,0 43,6 42,8 41,1 [}

SADFP{%) -9 +10 -3 +13 4
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Beterioration in statistics due to parameter transfer from catchment 8
to catchment E

Criterion  FORD PITH PITR PITD 0ALT PITM  DALH
AN monthly Flows
SMAR(E) 75 -9z -78 -87 -1 -94 -81
AVAR(Z) -137 -176 -188 181 228 21 212
HCE -0,48  -0,47  -0,31  -0,45 0,90  -0,47 -0,66
DSE -0,41  -0,60 -0,59  -0,47 0,78 0,44 -0,78
RMEC -0,27  -0,60 -0,48  -0,33 0,54 0,21 -0,37
/HP{E) .59 -82 -44 -45 -23 -43 -4
sRal%} -46 -48 -58 -51 -1 -30 -61
algl®) -13 43 +17 41 +11 -20 0
aMOFP{Y)  -14 -33 3 0 ) 54 0
A1l datiy flows
AVAR{%} ~liE -88 -73 ~11l -175
DCE -0,22 -0,14 0,18 0,28  -0,57
OCEL 43,2 #8 24 -0,3 1,6
CEFDC -l,24 -1,22 -1,53 2,2 0
RAE(%) -4 -36 -7 -51 54
AMPF(%) BY -26 -2t 57 21
CE 6,28 -0,16 40,02  -0,43  -0,37
sMDP(%) -37 -49 .50 -48 -59
Low Flows (<2, mean daily flow)
SHLF(3) -254 -856  -283 557 -357
CE -62 -1056 468 -302 -133
SADFP(Z)  -14 -32 +10 43 +1
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8.4 COMPARISON OF MODEL PERFORMANCE

For each criterion in Tables 8.1 to 8.4 the values were ranked
from 1 to 7 (monthly flows) or 1 to 5 {daily flows) on a scale
representing the Teast deterioration {or highest improvement) to the
worst deterforation. These rankings were summed in the case of each
transfer operation and formed the basis for a comparisen of overall
wmodel performmance given in Table 8.5. It must be stressed that in
this Chapter "model performance” does not imply goodness-of-fit of
stiutated flow series, hut is defined in terms of “transferability" of
parameter values,

8.4.1 Complexity of model structure

The overall rankings iisted in TabTe 8.5 are : for monthly
flows, PITD, PITR, PITM/DALM, DALT, PITH, FORD; for daily flows,
DALT, PITR, PITD, PITH, FORD; “or combined performance, DALY, PITR,
PITD, PITH, FORD. 1In all t! .+ :ategories no correspondence betweun
higher structural complexity amwi supericr transferability of parameter
sets is discernible. This finding couforms to a conclusion reached by
Roberts {1978}, The placing of models PITR and FORD is of interest.
Results in Chapter 7 showed that the ability of model PITR to
reproduce the observed fiows was consistently poor whereas the cutput
For mode) FORD was consistently good. Hence, §f the choice of a model
for a water resources study that requires parameter transfer is based
merely on highest parameter transferability as expressed in Table 8.5,
then an inadequate simulation may still result. If the model canrot
produce putput of acceptable accuracy in the gauged catchment it is
not Tikely to fare any better with transfered parameters.

The correct criterion would be to compare parameter
transferability amonq the “best” models according to the rankings of
Chapter 7 {eg. Table 7.18). In this context models PITD and DALM
{monthly #laws) and PITD and DALT {combined daily and monthly
performance) stand out as the best.
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{based on Yeast deterioration in goodness-of-fit statistics)

FORD PITH  PITR  PITD  DALT  PITM DALM
Montily A-R  58(41)  41(29) 31(22) 32023} 2207) 21 37
totals A-E  54(36)  56{39) 34{22)  21{13) 37(28) 24 24
8- 37(28)  23(19) 29(23)  29(25) 28(25) 50 26
B-E  31(23)  44M38) 29(22) 31{24) 42(31) 32 40
Total 180{128) 164{122) 123(89) 113(85) 129{97) 127 127
Dafly A-B 47 29 27 32 25
totsls A-E 38 43 29 35 20
B-A 39 3 a3 24 22
B-£ 28 = el A2 iy
Total 152 0 us 133 log
Combined
total 280 262 207 218 205
Hanthly
rank 7 6 2 1 5 33
Daily
rank 5 4 2 3 1
Combined
rank 8 4 2 3 1

*Rankings in brackets for hourly and daily models only.
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8.4.2 Time resoiution of model input reauirements

From the rankings in Table 8.5 no relationship between the
time-{nterval used for input data and the degree of parameter transfer
of the models s discernible. Is is noteworthy that Roberts (1978}
drew the opposite conclusion. He found that hourly models are more
suitable for parameter transfer than daily models and ascribed the
phenomenon to the higher level of infomation contained in the inmput
record of hourly models. However, he speculated that this difference
would decrease with increasing length of record for calibration {he
used a 15-month record). In the study reported here the twoe daily
models produced results that are convincingly campetitive with those
of the thrze hourly models with respect to reliability of parameter
transfers.

8.5 SUMMARY OF FINDINGS

By application of & varied set of models the feasibility of
transfering parameter vaiues from the gauged to the ungauged catchment
has been tested with data fram three apparently similar catchments. An
analysis of data on the physical characteristics of each catchment,
such as vegetation cover, surface geology and a range of physiographic
indeces, revealed subtle differences among the catchments (Chapter 2).
These differences can be interpreted in terms of differences in
hydrological response and are therefore impartant considerations in
the parameter transfer process. The two catchments deduced to be the
most "similar® physically allowed highly successful parameter transfer
between them. However, very poor transfer results were achieved in
the third catchment, deduced to he meaningfully different to the other
two in terms of physical characteristics. A point to note here is
that the “apparently similar" catchments could be identified as
potentially problematic with respect to parameter transfer prior to
the exercise by means of data that are within the reach of any
practising engineer, i.e. topographical maps, aerial photographs,
geological maps and some field observations. An analysis of such data
prior to a transfer operation seems fndispensable and should erhance
the prectising engineer's “feel” for his technique considerably.
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The parameter transfer study provided no evidence that models
with highly conplex structure necessarily produce better results in
the ungauged catchment than simple models. The_very simple daily
model, DALT, displayed the highest degree of parameter transferability
based on overall goodness-of-fit, while the most complex model, FORD,
was the Teast successful. Furthermore, no correspondence between
finer time resolution of model input requirements and superior
parameter transferability could be discerned.
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CHAPTER &
CONCLUSTIONS AND RESEARCH RECOMMENDATIONS
9.1 CONCLUSIONS

The long term need for guidelines far the sefection and
appiication of rainfall-runoff models in smi-arid catchments in South
Africa quided the planning and execution of the research project. For
this reason the set of models selected for examination and testing
with data derived from the semi-arid Ecca River catchments mostly
comprised models developed in South Africs. The inclusion of the
well-known Pitman models was regarded as especially important in the
Tioht of their widespread use fn South Africa. It is realized that
the data base used, i.e. six years of concurrent rainfail, pan
evaporation and streamfiow records, is perhaps too limited to allow
definitive model tests. However, a wide range of smal}, medivm and
extrame runoff events are contzined in the dats set. By virtue of
this fact and bdecause the selected models represent a range of
compiexities from a vary simple monthly-input mode? to complex hourly-
input models, the following firm conclusions are nevertheless
possible,

(i) Data errors: A simple error analysis of the Ecca River data set
disclosed numerous ways in which hydrometeorological data thought to
be suitable for research on rainfall-runoff modelling could be
contaminated with sizable errors. ONperation of the calibrated
Stanford todel (model FORD) with contaminated data showed that random
errors do not affect the mean annual runoff very much but individual
flow events may be substantially affected, even smal) systematic
errors cannot be expected to be neutraiized by random ervors,
simulation errors are much more dependent on systematic errors in
rainfall inputs than evaporation inputs and an unfavourable raingauge
configuration can affect the simuliation of individual events very
severely.

{ii) Estimation of parameters - optimization : A direct search
optimization algorithm (Rosenhrock} was found to he a powerful aid to
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model calibration in a research context if used with circumspection.
In automatic optimization the choice of objective function plays a
crucial role and a comparison of a number of objective functions
revealed that functions based on the sum of squared residuals
consistentiy provided the best results.

(i14) Estimation of parameters - choice of calibration sample : The
rasults of this study suggest that a calibration perfod Tength of
about 18 years may be optimal for the calibration of monthly- or
daily~input models in semi-arid caichments. Vvast improvements in the

‘ability of the models to accurately reproduce the long-term

characteristics of streamflow can be effected by expanding a
c¢alibration sample from, say, a six-year record to a fifteen-year
record,

(iv) Comparison of performance - model complexity : Some evidence was
feund of & correspondence between superiority of model performance and
frigher structural complexity of the models in the hourly-and daily-
input calegories. The results indicate a minimum level of model
complexity for the generation of daily and monthly flow series of
acceptable accuracy.

{v} Comparison of performance - time resolution of input : The
results sugeest that increased complexity (finer time resolution) of
model input requirements does not necessarily lead to improved
aceuracy of flow estimation. The implication is that for, say, a run-
nf~river scheme requiring a daily flow duration analysis an hourly-
input model need not be wore suitable than a daily-inpui model;
equally se, for 3 water resources appraisal based on monthly flow
totals a monthly-input model may be quite adequate. However, there is
an important proviso to this finding : that the daily or monthly model
selected should meet the minimum structural requirements refered to
under (iv) above.

{vi) Parameter transfer - feasibility : In general, parameter
transfer hetween iwo of the three apparently “similar" catchments was
highly successful hut between these two and the third produced poor
resilts. This findina can be explaired hy subtle but measurable
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differences in physical characteristics among the catchments, Such
physical differences could be signals of crucially different
hydrological response characteristics and can be quantified before
parameter transfer is embarked upon.

{vii} Parameter transfer - model performance : No evidence was found
that either increased siructural complexity or more complex input
requirements of the models corresponded with superior transferability
of parameter values. In tems of general overall performmance during
both the performance tests and the parameter transfer study the two
daily-input models, PITD and DALT, in that order, can be regarded as
the most successful of the sever models tested.

{viii} Pitman's models : A medified version of Pitman’s hourly-input
model, PITH, produced a performance comparable with that of the
Stanford ¥odel in a flood simulation mode. In the simulation of daily
or monthly flows, however, the Stanford Model was far supérior to
PITH. A further modification to PITH, i.e. introduction of a re-
infiltration function to attenuate model sensitivity to intense
rainfall, was only partially successful. In the general model
comparison study Pitman's daily-input model produced the best overall
results of the seven models tested but his monthty fared less well,
being ranked fourth,

{ix] MNone of the seven models was entirely convincing in simulating
the vastly variable range of runoff-generation conditions in seni-arid
catchments and a1l model/catchment combinations yielded one or nore
serious simylation failures with respect to specific runoff events,

Conceptual modelling emerges as an approach that §s viable for
semi-arid water resources studies but which regquires careful and,
often, subtle a priori decision-making. It is hoped that the
conclusions outlined above can be empioyed by the prospective model
user as guidelines in the search for an adequate modelling approach.

9.2 RECOMMEHDATIONS FOR FURTHER RESEARCH

The encouraning performance of relatively simple models such as
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PITD, DALT, PALM and PITM suggests a direction for further rasearch in
the Ecca catchments. Comparison of the performance of these
conceptual models with that of multiple regression rainfall-runaff
models, as well as with stochastic flow-generation models, is a
Yogical extension o the Ecca research programme. Furthermore, the
question of adeaquate calibration periads for statistical streamnflow
models using data from semi-arid catchments is relatively unresearched
and there is a real need for guidelines relating to the reliability of
the calibration of statistical models, specific to the semi-arid
enviroment.

In the Ylight of qrowing concern about the effects of land-use
changes on the hydrolegical regime of a catchment, both in terms of
water quality and quantity, much emphasis is currently being placed on
the development of distributed-parameter rainfall-runoff models based
on "partial and variable source area" concepts (Kirkby, 1978). 1t is
heljeved that distributed/scurce area modelling is required to
overcome the high degree of empiricism of rainfall-runoff models
currently in general use. In order to be useful in catchment studies
water ouality modeis require reliable rainfa)l-runoff models as
"carriers”. The “signals” of the diffuse effects of land-use changes
are usually Fairly weak, therefore the vainfall-runoft models used as
“carriers" must have a high l-vel of physical representativeness. The
exsisting monitoring network and research infrastructure fn the Ecca
catchments provides a firm basis for the fnitiation of research into
Aistributed/ source area modelling under semi-arid conditions,
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APPENCTX A
DEFINITION OF STATISTICAL CRITERIA

A.l Notation

aa o

— x

@

area of positive or negative residual rum

number of positive or negative residual runs

departure from the mean for the residual mass curve
mean of the residual mass curve

tatal number of flocd events

nurber of hours in one flood event

range of the residual mass curve of overall mean monthly
flow distribution

index of items included in either observed or simulated
flow series, or residual mass curve series, or sample of
flood events

index of calendar month, f,e. j =1 to 12

total number of data in record

index «f nositive or negative residual run

peak flow rate for event i

range of residua) mass curve

standard deviation

variance of observed flow series

variance of simulated flow series

volume of Flond event §

observed flows

mean of observed ﬁ'ows of a specific category

mean of ohserved flows for calendar month j

simuiated flows

mean of simulated flows of a specific category




A.2  DBEFINITIONS
Notation used in the equations below are detailed in section
A.l. The arrangement of the statistical criteria is alphabetical

{usually in terms of the abbreviationsj.

A.2.1 Stetistics used in flood modelling (Chapter 3}

{1) Mean peak error = [100.{ey - Px}/Px1/F (%)

{2} Hean volume error = [i00.{Wy - Wx)/Wx}/F (%)

L FH
(3) overall HCE =15ty - 0% Liix - xp2
F B
where M =¥ Hand B = (LB
¥
£
(4)  Pesk-volume 0.F. =3 [(Py - Px)? + 26.(Fp - Kn)2]
H H
where ¥p = @)/H and Xp = (Lx)/H
A.2.2 ANl other statistics
{1 SADFP = Error in average deficient Flow L. riod (%)

where “deficient flow period” = po. of consecutive
monthly or daily flows < mean monthly or daily

flow
{2y co1 = (1 - MCE) + [1 - R4CC)  {objective function)
{3) ooz = (L~ 0CE) + {1 - mMCC) (‘objec:ive function)
(4)  com3 = {1 - CEFDC) + (1 - MCE) (objective function}

(5) comMa = {1 - OCE) + {1 - MCE}  (objective function}




(6)

n

(8)

(9}

{10)

(11}

(12)

(13}

(14)

(15)

CEFDC

€0

cp

LLE

OCEL

DSE

T

aMAR

u

1

[

u

"

u

"

"

“

"

A3

coefficient of efficiency (one-to-one fit)
¥ N
1-3 iy - 02/ Yx - 2

coefficient of efficiency of daily flow duration
curve

coeffisient of determination {one-to-one fit}
(correlation coefficient)?

coefficient of persistence (systematic error)
B
(5 a2y)/ssres

daily coefficient of efficiency based on the mean
daily flow for each calendar month {cne-to-one
fit)

L} [}
1 —Z {y - x)ZIZ {x - ij)?

OCE based on logarithms

difference between ceefficient of determination
and coefficient of efficiency (systematic error)
Cb ~ CE

significance of sign test, hased on the number of
runs of residuals of either positive or negative
sign : Chi-square two-tailed test

error in index of seasonal varistion (see A.1)
{%)
100.{1yg - Ixg)/Ixs

error in mean annual runoff (%)
100, {MARY - MARx}/MARX




{16}

{17}

{18)

{19)

{20}

(21)

(22}

{23)

MCE

atDFe

HECE

© NN

<

sMLF

PEE

RAE

“

0

"

1

"

"

[

"

w

¥

a

Ad

monthly coefficient of efficiency based on the
mean flow for each calendar month (one-to-one fit}

N N
LTty - 0% Xx - Ggg¥?
error in maximum deficient flow period (%}
where "deficient flow period’ = no. of consecutive
monthly or daily flows < mean monthly or daily
flow

maximum equivalent constant error {one~tu-one fit}
wihich is calculated from

MECE.[Cy2 (N - 1)/K + 110:25 where

(SSRES/NID»8/% and

vx/%2

errors in mean daily "low flow" (%)

whera “Yow fiow” = all daily flows < some
predetermined threshold, eg. 2. mean daily flow
1004y - R)/X

ervor in mean peak daily flow/month (%)
for months where the peak daily flow > some
predetermined threshold, eg. 2. mean daily flow

nroportional error of estimate {one-to-one fit of
small to medium flows)

#
(3 Uy=x)/x1210,5

error in range of residual mass curve (%)
100(Ry; = Rxa}/Rxa

relative absolute error {one-to-one fit)

1
=y ly- x{ /%




{24)

{25}

(26}

(27

(28)

{29)

(30}

(31}

{32)

RMCC

RMP

250

SMRAT

where z

SSRAT

SSRATL

SSRES

SSRESL

ST

vhere d

and e

A5

= residual mass curve coefficient (systematic error)
N N

=1 - (dy - /Y {6k - F02

= relative meao persistence {systematic error}

B
= (Y a2m0.8/R2
= error in standard deviation
= 100(SDy - SOx}/S0x

= sun of mean ratio and standard deviation of
ratios of simulated to observed daily flows (ore-
to-one fit}

= 7+ Shz

= yix

= sum of sauared ratios of simulated to observed
fiows {one-to-one fit)

N
=) tym

= SSRAT calculated on logarithms {one-to-one fit of
Tow to medium Flows)

= sum of savared residuals {one-to-one fit)
#
=3 iy - 02

= SSRES calculated on Jogaritims (one-to-one fit on
Tow to medium lows)

= gignificance level of Durban-Watson d-test, based
on the avto-correlation of the series of residuals

N N
=3 (et - eI Y e?
i=Z i=1

sy -x




(33)

(34}

aVAR = error in variance of flows (%)
= 100.{vy - vx}/vx

A6

WinE = weighted daily coefficient of efficiency (one-to-
one fit biased by the error in MAR and SD)

= DCE.{1 + ZMAR).{1 + ZSD)
where ZUAR = (aMAR - 5)2/10
and 7SD = (aSD - 10)2/10




|
: (33)
(34)

aVAR

WOCE

error in variance of flows (%)
100.4vy - ved/vy
weighted daily coefficient of

A8

efficiency {one-to-

one fit biased by the arror in MAR and SD)

OCE.{1 + ZMAR).(1 + 75D}

where ZMAR = (aMAR - 5)2/10
and 25D = (a0 - 10)2/10
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SUBFILE:FORD LC=B20U LENGTH: 179 HRA&G

R R R L R R i L L R T R N R L L

LIST

PROGRAM (FORD}

IRPUT $=CR4

INPUT 4=CRY

INPUT 5=CRG

INPYUT BaCk2

INPUT 9=CR3

OUTPUT 6=LPD

OUTPUY 7=LP

LOMPRESS INTEGER AND LOGICAL

TRACE U

END

MASTER FUKD

STANFORD WATERSHED MODE{ =« WEATHER BUREAU,ANDERSON VERSION
THIS VERSION SET UP FUR tNF FULLOWING

1 RAINGAUGE

1 FLOWPO T

1 POTENTIAL EVAPOTRANSPIRAT{ON SYATIONM
10 ELEMFRT RISTOGRAMS = 1 1OUR 1§ THE MINIMUM YIME INTERVAL
48 HOURS OF TRANSLATEOC FLOW 2RE RETAIMNED
THAT IS MAXL MUST BE (,LE.48)

Eox ok ¥ & ko w ok ok ¥ ok

THROUGHOUT PROGRAM 0 MEANS wf HEAWS YES WHMEN APPRORPRIATE
LR R )

FURTRAN [DENTIER Fap®Ay REMARKS

INFRD & ) 2044 GENERAL RUN INFORMATION

LR R A S A 2 I

fASIN () Z0A4 BASIN NARE

LI I e . 4

LEY] 15 FIpsT HONTH AND LAST 2 DIGITS OF

YR1 15 Of THE RUn

Mu2 137 SAMg FOR LAST MONTH OF RUN

YKZ 15

P

oUTHR 1) WUTPUT HOUpLY FLOWS ABDVE PRESET BASE
AVEPE 13 USE MEAN mONTHLY PE IF YES

YFORE 15 INPUT UATA IS SET UP FOR FORECASTING
PUNER F5.1 EXPONENT OF THE INFILTRATION CURVE
S1XHR 15 AVERASE 6 WR. RRECIPITATION RATE USED
CNEHR i5 SRECIPITATION USER AS INPUT
TKSOUT 15 TED FLOW QUTPUT AT END OF
THSIH 15 INPY: TRANSLATED FLOW FGR 1ST MONTH
STORE 15 STorcy CHANNEL INMFLOW ON DATA SET
ROUTE 15 ROD:<; DNLY IF YES = CHANNEL INFLOW
BELT 15 DRy ~-T WHERE CHANNEL INFLOW

VAREP 15 Vae- 1€ OF PE IF YES

UISNWE F5.2 WY, TR [N EQUATION UISNTS

BUART 15 s I%JTE PRECEP USED EF YES SIXHR
L A A )

PEADS 1 ) 12§53 Moo iy PE ADJUSTMENT FACTOR

Kok ok Kk ok ok kA kR ko

GAGEPEL ) F593 RAInGasE PE ADJUSTMENT FACTOR

L I I L R )

FyApn{ 3 128593 AYERAGE MONTHLY PE -~ ONLY IF AVEPE=]
L A I T A

Sbep F592 ST#NDARD DEVIAYION oF PE In PERGENT




L R L L R R T R L L R L L L R T R e L L i

tPBIAS
IXEP

F992
e

Bk ok W ok ok ok k¥ R ok k%

RGNC D
K3
IMPY
EXPH

X ow e x ow

*

SAb

F592
£5,2
F5,2
F5.%
£5,1
F5.2
F5.2

LI I R N S SRR
SHX,10FS5.2  CHANNEL TIME DELAY HISTOGRAM
* e ox ok

TIMFARL )

Bk ek x e oW oW %

PREVFL

PXARRY

B2

PE BIAS IN PERCENT If
5TarTING 0PD INTEGER FOR RN, VAREP=1

RAYNGAGA NAME

LAND

VOLUME

Lanp
TINING

PARAMETERS

LAND
INITIAL
STORAGES

ANTECEOENT PE INDEX

FLOW=POINT NAME

ARSA=SQUARE MILES

CHANNEL ATTENUATION PARAMETER
VARIABLE K IF YEY

VARIABLE LAG IF YES

ROUTING INTERVAL ~ HOURS

NO, OF E€LEMENTS IN TIME=DELAY

VYA, K INTERVAL ~ VARK=1l
VAR, K CURVE

REMAINDER OF CURVE

VAR, LAGJINTERYAL = [FSs VAgL=2
VAR, LAG, CURVE

=1 1F 0BSERVED $IX HOUR Flopw
CRSERVED MEAN DAILY FLOW If YES
PLAT MEAN DAILYS If VES

PLOT MOURLY UR 6 HR, FLOWS
PREGET BASE FOR OUTRUT OF

MAY, ORDINATE MEAN GAILY PLOT
MAX, 0RO HOURLY 0% & MR, PLOT
OUTPUT MON,FLOWS & DD MON,

STAT ANAL.1ONLY USABLE ON 4

SET OF COMPLETE 1<-MON,YRS

INYTIAL PREVIOUS FLOW ~CFS, TRSIN=1

5




A AR A A A A AR AR A AN AR AR A AANRAA AN AAAM AN ARA

SAeRAAmANaAct ma A

TRANSLL
* EE S I
TRANSLC )
RS B B A
EEE L I I

EVAR( )

ACTFLWC )
T
nisp

DSK

SKIP
R
PR Y

EEE I A

FLOWY

IR N A A A

PRI I I N R
CARD FURMATS
R * %
DAILY 1NPUY
IVENTIFICAY ON 7X
YR

»0

N

LU REA

P T
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10F?,0 INITIAL TRANSLATED FLOW ~CF$
LR Y
10%+10F7.0 FORM FOR AODITIONAL CARDS
* ok A o
* ok ok ok
NEXT GROUF nF CARDS IS BY A WATER YEAR OR PART WATER YEAR BASIS
parLy DATLY PE GATA = ONLY IF AVEPE=C
INPUT OBSERVED MEAN DAILY FLOW
LR S
15 ONLY IF ROUTE=D
5 DATA SET NUMBER FOR PRECIP IF STORED
15 NO, OF RECORDS ON TAPE OR DISK TO
LR
SUM CARD PRECIP DATA
LER 1
HOURLY OBSERVED HOURLY FLOW FOR SELECTED
ok
PR
P
12 LAST TWO DIGITS OF YEAR
12 HONTH
11 =1,DAYS 110 =2,DAYS 19~20 =3,02YS
11F6,X OBSERVED VALUE
R
£ARDS

SwWh pRECIPITATION
SwM CAN HANDLE 6-
IV EACTR CASE CARD
STATE
IDENTIFICAYION 7X
Vi

U
ne
on
RECHXC )

KOUK,HOURLY OR 15-MINUTE PRECI® DATA
FORMAT 1§ THE SAME:-

12 WEATHER BUREAU STATE NUMBER

13 LASY TwO DIGITS OF YEAR

13 MONTR

13 DAy

12 CAuD NO,=-VALUE IS BETWEEN 1 & 8
14,1115  OBSERVED PRECIP IN 1/10 #M

FOR &~HOUK DATA THE 4 VALUES FOR EACH DAY ARE CODED IN THE FIRSY
4 PLALES OF THE FIRAT CARD(CN=1), FOR HOURLY DATA TWO CARDS ARE

USED FUR A DAY'S INFO (exZ1 & 2),

FOR 15~MINUTE DATA ALL 8 CARBS

ARE USkD, EACH COVERING A 3-4OUs PERTOD,
EVERY LASE A CARD IS ONLY REGD. IF PRECIP IS>0 FOR THAT CARD
R e FTa R I T LR L R S AR TR A A A ]

HOURLY Flow

STAT 12 USGS STATE NUMBER
IDENTIFICATIDN 7x
HMONTH
DA X5 DAY
YR 13 YEAR
(13 14 =1 HOURS 1-6 =2 HOURS 7-12
=3 HOURS 13-18 =4 HOURS 19-24
HRFW( ) 6F10,0 NBSERVED HOURLY FLOW «CfS=~ SELECTE

I Rt e T e e e L L e S A

SIx HOUR FLOW
ST

USGS STATE NUMHER

IDENTIFICATION 7X

uA
YR
KECFW( )
f

HONTH
15 bay
YEAR
?x,r10 0 OFLNW IN CFS AT 6 A,M.sNOON,6 Pty sMID
13 24 HOUR CLOCK TIWE FOR FlLoOW
_ - < b
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< P1 F7.0 FLOW CF§ OTHER THAN THOSE
¢ Te 13 24 HR, CLUCK TIME MENTIO
c P2 7.0 FLOW CFS RECFW( )

< AR KRR TR AT R R AR AR AR IR AR R AN KRE AN

£ MAIN PROGRAM VARIABLES

INTEGER TITLE1»7i'LE
REAL INCHES(12).3GW1,RES1,LZI81,SRGX1,UZ§1,SCEPT
€ MAIN,INITL AND READER PROGRAM VARKAH{ES
INTEGER YRZ,COMPAR,RASE,CTEST,OUTHR,
APTEST,PLOT,PLOTHR CXTEST, HRTEST,
20SR0,CNGHR, TRSOUT,STORE,ROUTE,
INUM(12) ,LASTDALR,12),YRT,
LMD1,M0Z, TFORE/ MO, INIT/NFWRY, YEAR, FINALALEAPYR/N
REAL MINFu,MOCHARC12) s
1SSE(12),SAF{12) 4AREA,
4BASIN(ZD) ,RGNAMF(S) L INFROCZD)
CUMMON/MIR/YR2,COMPAR/BASE,CTEST,LOUTHR,
1PTEST,PLOT,PLOTHR,CKTEST, HRTEST,
2ZDSRO,CNGHR,TRSOUT,STORE,ROUTES
3INUM,LASTDA,YRT,
4MU1,ROZ, 1FORE,A MO, INIT/NFEWWY,
SHINFW,MOLHAR,
GINFRO,LEAPYR,N,YEAR,FINAL,
TSSF,SAF.ARER,
BRASIN,RGNANE
€ MAIN,INITL,READER,HOURLY AND OAILY VAKIABLES
IRTEGER FIRST,CHECK
COMMON/MRD/FLOMY (T44) s PHRAX, FPNARNE (7} ,PLOTHX,
1ACTFLWI12,31),SIMFLW(12,31),FLRST, CHECK
€ MAIN,INITL,REANER/LANG AND CNANNEL VARIABLES
INTEGER ELE,ELEMTS,
1RTEINT/AVEPE, VARK,
2VARL,VAREP
REAL LMPV,LZSH K3, K24L,K2AEL KV, LKKA,
IDAYF(TE, 31, LIRCLILISI XS /KEIVI2U) SK2A1,5AFX(12)
CUMMOK/ BCL/ERIISTI(24) JEPYM, UISN, (B CCoSRCADEC,
1U2ST,56WL,GUST, REST,SROXT-SUEPE, REPT,
2CFSH, PREVFI,TRANSI(S8) JEVAP L1231}
IFLOW(784) ,RO(744) +EVAPM(12), 5RO, SROS, SIMPV,SINTF,
LSGVWF, SRECH,SPRSPE,SET,TIMEARUINISPEADI(1ET,
SGAGEPE/POWER, BASEK,BASEL, IMPVLTSN K3, K24LAK24ELAKY,
GUKKAPLIRCASLZSTKST  KSTY, MAXLAMINL,LAG(10)
71E,MHRAMOHRY , MORR2,ELE,FLEMTS,VAREP, SDEP, EPBIAS, IXER,
BTEST1, TEST2, RYEINT/AVEPE,VARK,VARL UZSNUF/
GAEPI,MSTAT
< MAIN,LAND CHANEL VARIABLES (11D
INTEGER  PX(31,96),4UART
INTEGER §IXHR
REAL RI,4SI#¢100),808SC1N0),XSIM(12),X0B5(12)
CUMMON/ HLLS /KOHLERSPESS1Y,KILLASTAEDA, IHR/MONTH, 14 SIXRR,
1QUART P X
C INITIALISE VARIABLES AND READ IN BASIC RUN INFORMATYION
100 CALL INITL
END OF RUN-RAINGAGE AND FLOW-POINT INPUT DATA
1051 MONTH=MOY

YEAR=YRT

LX=1
[ START UF MONTHLY LOOP
¢ TNITIAL MONTHLY VALUES

105 LEAPYR=D
TE (CYEAR=G*(YEAR/GL)).EG.D) LEAPYR=]




4

106

122

120

113
114

1211
1210

1258

1255

1256

LAST= LASYDA((LEAPvae1).uoNTH)
UL51=ULS

L281= Ltsx

SEWT=S6WL

RES1sREST

SRGX1=5RGXT

SCEPY=SCEPY

SRO=0,0

sRos=0
SIMpY=0,D

SINTF=U,0

§GWEsU, D

SRECH=U,0

$PR=0,U

SPE=0,U

$€7=0,U

INPUT OF MONTHLY DATA

CALL READER

1¥ (1FURE,EQ,0) co 10 120
READC5,989) NST

TECINSTR,GT,1) READ(SrUﬂQ) NSTR

a

1f (RUUTE.EQ.U) 60 Y0 113

60 TO 114"

CUMPUTATION OF SIMULATED CHANNEL INFLOW AND STREAMFLOW
CALL LAND

CALL CHANEL

IF(HMSTAT,EQ, 126010 1257

MUNTHLY SusMARY

IF (STURE,Eq,D) 60 TU 1211

WRITE (DSKO) RO

60 TC 1210

TF (ROUTE,€q,0) 60 Ta 1210

60 vo 125%

WRITE(6,923) BASIN

WRITE(6,524) MOCHAR(MONTH)/YEAR
WRITECS,425)

WRITE(6,940)

WRITE(S,926)

QYTPUT LAND STORAGES AND FLOW CoMPONENTS
WRITE(S 927) RGNAME,SRO,SROS,STnwpV,
1SLNTF#SGWE,SRECH,SPR,SPF,
2SET

WRITELO,P41)

WRITE(6,942)
BAL=(LZS1+UZSI4+RESTI+SROXT-L781=y28]
1=RESH~SROXT)* (1, 0=1MpV)+56UT+SCEPT
256W1-SCEPI4SRO+SET+SRECKH-SPR
WHITEL6,943) RGNAME,U251,1281s86Wl/GWSL, REST,SRGX1,SCEPT, ABPI-BAL
TE(TRSOUT,q,0) 60 To 1257

WRITE(6,983) MOCHAR(WOHTH) ,YEAR
WRITE(6,980)

T=maxt

IF (1,67,20) 60 10 1255

WRITECG,981) PREVFI,(TRANSI(IE),1E=1,1)
G0 10 1257

WRITE(H,961) PREVFI,(TRANSI(1E),1E=1,20)
TF (I,0T.40) 80 TN 1256

WRITE(6,982) (TRANSI(IE),TE=21,1)

&0 YO 1257

WRITECO,952) (TRANSI(1E),1E=2T,60)
WRITECH,982) (YaANSI(IE) , TE€241,1)




¢
1257

12

b

12

=

o ean

1391

1392

140

1 137

12

<

B6

CUMPUTE MLAN DALY SIMULATED FLOW
SEF(MONTHI=D,0

bu 128 IPA=1,LAST

12C10A=1)*24

TERPFL=D,D

DU 127 IHR®1,24

MHR=I+1HR
TEMPFLETENPFLAFLOM(MHR)
TEMPFLRTEMPFL/24.0

SIMFLWINONYH, 1DA)STEMPFY,
IFILX,LE, 1226070 128
BAYF(LX«12,IDA)=TEMPFL/ 35,3147
SSF(HONTHITSSF{NONTH)Y $TENPF)
QSEA(LX)=SSFIMONTHI*B6.4/35.3147
QUBSCLX)=SAF(MONTH) #86,4/35,3147
SAFX(MUNTH) =SAF(MONTH)

LHECK 1F MONTHLY FLOWS AND STATS OUTPUT REQUIRED

IF(MSTAT, EQ,1060T0 1361

OUTRUT HOURLY SIMULATED FLOWS AROVE PRESFET VALUE
IF CQUTHR,EA,0) 60 To 137

TITLE=D

YITLET=D

DU 14U IDA=1,LAST

1F (SIMFLW{MONTH,ID4) LT BINFW) 60 TO 140
IF (TITLE,ER,1) GO To 1391

TITLE=1

WRITE(O,900)

WRITEL6,903) HASIN
WRITECO,924)MOCHAR(MONTHY FYEAR
WRITE(0,945)

TF (TITLET1,EQ,.1) GO T 1392

TITLEY=Y

WRITE(,946) FPNAME,MINFW

MOHR2=1DA*24=12

MOHRT=MOHR2-11

WRITE(0,947) IDA,(FLOUW(MHR) , HHR=KOHRT ,HOKR2)
MOHR1=MOHRT 412

MUHRZZHORR2+12

WRITELO,948) (FLOW(MHR) ,MHR=MUKRY ,MOHRZ) ,
TSLHFLWIMONTH, IDA)

LONTINVE :

QUTPUT MEAN OAILY SIMULATED AND ACTUAL FLOWS
WRITE(H,900)

WRITE(6,903) BASIWN

WRITE(6,924) MOCHAR(MONTH) 4YEAR

TF(CTEST, EQ,1) 60 10 131

WRITE(6,928)

WRITE(6,929)

WRITE(S,903)

bU 129 1DA=1,LAST

WRITE(6,930) IDA,SIMFLW(MONTH-IDA)
WRITE(6,935) SSF{MOVTH)

60 TO 1362

WRITE(6,933)

WRITE(S,934)

WRITE(D,903)

bb 136 10A=9,LASY

WRITE(6,651) IDA,SIMFLW(MONTHAINAD AACTFLUCHONTHR, TOA)
WRITEL(H,936) SSFMDNTH) SAF(MONTH)




€
1362

|
|
)
! ¢
; 1363
¢

812

813

81

rs

815

8uu
801

<
1381

PLOTTING OF HOURLY FLOW
TFCHRTESTLERLO) AND, (CKTEST,EQ,0)) GO TO 1363
IF{PLUYHER,EQ,Q0) GO TU 1363

CALL ROURLY{INFROW,MONTHLYEARZFLOW)
WATER YEAR SUMMARY SECTIONM

TE (MUNTH,NE,9) GO TO 13641

WATER YEAR SIMULATED FLOW SUMMARY TABLES
WRITE(6,052) FPNAME

WRITE(6,953) YEAR

WRITE(H,954)

WRITE(6,955)

WRITELG,$54)

N=2g

IF (LEAPYR,FR.1) N=29

b0 812 1bA=1,
WRITEL(6,857) IDA,(SIMFLU(MO,IDAY,MO=10,12),
AESIMFLW (RO, 1DAY, HO=1,¥ ]

IF ((IDA=S*(1DA/5)),E0.N) WRITE(6+956)

CUNTINUE

N=N+1

U H13 104=N,30

WRITECO,958) LDAL(SIMFLUCND, J0A) ,MO=10, 12 ,SIMFLY (T, 1DA),
TCSIHFLW (MO, 1DA) 2 N0=3,Y)

CUNTINUE

1DA=31

WRITECE,959) IDA,SIMFLW(10,31),SIMFLW(12,37),
TSIHFLWAT31),SIAFLW(3,31) ,SINFLW(S,31) , .
2SIMFLW(T7,31),5IHFLU(R, 31} '
LONVS26.9%AREA

WYFLOWS0, U

0o B14 MO=1,12

TEMPEL=SSF{n0)

INCHES(MO) =TERPFL/CONY

WYFLOWSWYFLOWHTENPFL

WRITECS,960) (SSF(MG),M0510,12),(SSFIMC),H0=1,9)NYFLOW
WYFLOW=WYFLOU/CONY

WRITE(6,961) (INCHES(MO) ,H0=10,173/ CINCHES(MO),MO=1,9) /WYFLOW
WYFLOWSHYFLOW*CONV*] (D84

WKITEC6,762) WYFLOW

IF (CUMPAR.€Q,0} GO TO A10

WYFLOW=5,0

0 815 MO=1,32

TEMPFLESAFX (MO}

INCHES (MO =TEMPFL/CONY

WYFLOWSWYFLON+TEMPTL

WRITE(6,963) (SAFX(M0),n0=10,12), (SAFXK(HO)/MO=1,9)  /WYFLON
WYFLOWEWYFLOW/ CONY

WRITE(6,967) (INCHES(MO) MO=1U,12), (INCHES(MO) ,M0O=1,9) ,UYFLOW
WYFLOWEWYFLOWNCONY*T 986

WRITE(E,962) WYFLOW

PLOY UF SIMULATED VS OBSERVED MFAN DAILY FLOW-~BY WATER YEAR
IF (PTEST,ER.0) GO TO 1341

YF (FIRST,ED,1) GO YO 80D

FLRST=Y

IF (PLUT.EG,0) GG Ta 801

CALL DAILY(INFRO.MONTH,YEAR)

CUNTINUE

INCREMENT To THE NEXT MONTH

T (LYEAR,En,YR2).AND.{MONTH, EQ,M02)) GO TO 130
MONTHEMONTH 1

Lx=Lxel

e B



B8

1f (NUNTH LE,12) 60 70 405
HONTH
VEAR:V&AR+1
60 7D 105
130 CUNTINUE

WRITE MONTHLY FLOWS AND INVOKE AFIT

372 NMRC(YRLAYRT41I432
0O 1373 M=13,NM,12
ME=H+1%
MYEYR1=1+ME/12
FYC=pLU
XYC=0,U
PO 1374 J=r,NME
K=J=H+1
XSIM(KISRSTM(S)
GSIM()=12)=0SEH ()
¥OBS(K)=QuUBS (J)
QUBS (4=12) =agBS ()}
XYC=XYL+XOBS (K)
1374 FYCRFYL+XSIM(X)
WRITE(6,1375)IMY, (XSIMIN) -N=4,12),FYC
1375 FORMAT(//1B,12F8,1.F1U,1)
WRITE(6,15765 (XOHS (N /N=1,12) /XYL
1376  FORMATI2X,'0BS,¥,2%,12FR. 1,F1U,1)
1373  CUNTINUE
NM=NH-T2
CALL AFIT(ROBS,QSIM,NMs1)
LY¥=yYR1+1
CALL BFITUDAYF NM+1,LYY)
IF (FIRST,E0.1) WRITEL?,990)
¢ PROGRAM FORMAT STATEMENTS

900 FURMAT (1H1)

903 FORMAY (1R ,20X,20A4)

923 FURMAT €J/7/71R1,19BHONTHLY SUMMARY FOR,1X,204%)

926 FORAAT (14O, AL, 34 19,12)

925 FORMAT (THO,53X,16HRAINGAGE SUMMARY)

926 FORMAT (1KD,6X,13HRAINGAGE NAME,10X,8HTOTAL RO,3Xs
TTUHSURFACE RN-3X,7HIAPY RO, 3X/9UINTERFLOV, 35X 7HGY FLOW,3X,
2ZBHRECHARGESIX, OHPREC TP+ TX12HPOTERTIAL=ET,3X,FHACTUAL-ET)

FURMAT (1M ,6XoSA6,F10,3,F12,3,4F11,3,F9,4,2F15.%)

920 FURMAT (180, 33HSTMULATED MEAN DAILY FLOW SUMMARY)

929 FORUAT (1HO,5H DATE,AX,ANHFLOW(LFSD))

93U FURMAT (1K ,15,5X,10810,1)

935 FURMAT(IHO,44HSTHULATED anND ACTUAL MEAN DAILY FLOW SUMMARY)

934 FORMAT(IHO,SH DATE, 10X, 3OHSIAULATED(LFSDY  ACTUAL(CFSD))

P31 FORMATUIH ,15,10X.F10.1,6%,F1U, 1)y

936 FURMAT (THO,5HTOTAL,TUX, £10.1-6X,F10,1)

935 FURMAT(1HU,5HTOTAL,SX,10F10,12

P40 FURMAT (1HD,34X,55HRUNUFF, PRECTPITATION AND EVAPUTRANSPIRATION €O
TRPONENTS)

9461 FORMAT (140,52X,18KSTORAGE COMPONENTS)

962 FURMAY (1HO,13HRAINGAGE NAME, 6%, SHUZS, 4K, 3HUZS 44, 3HSGW, 4X,
13H6US A%, 3HRES »3X, GHERGX, 3X, 4 HSLEP, 3X, 4RAEP T, 4X, PHRALANCE)

943 FURMAT (1H ,5A4,6X,8F7,2,F10,5

945 FURMAT (THU,43¥,29HSIRULATED HAURLY FLOW SUMMARY)

946 FURMAT (THU, TAL, 10X, 41HmiNIMuM vEAN DAILY FLOW CAUSING OUTPUT 18,
1F4, 0,44 C1S)

GAT FURMAT (THD, F3,5X,2HAMSAFT 1, 58%X,6FY 1)

P48 FORMAT (1H ,6X,2HPH,6FY.1,4X,6F0 1,F10.1)

N
~




BY

952 FURMAT (1h1,19X, 24 ATER YEAR SUMMARY FOR=-,7A4)
953 FORMAY (1H0,37%,13, ,ATER YEAR 19,12)
954 FURMAT (1HO,26HMEAN DARLY DISCHARGE SUMMARY)

955 FORSAT (1HU,3X,3HDAY,5X,3HOCT,6X, 3HNOV6XsSHDEC ,6Xs3HIAN, OX,BHFER,
VLK sSHHARCH, LX 2 SHAPRIL76%, 3HMAY SN ANJUNE 5%, 4HIULY » 3%, OHAUGUST /5% s

ZAHSEPT,7Xs6HANNUALY
956 FURMAT (1H0)
957 FURMAT (1N ,15,12F9.1)
958 FURMAT (1H ,15,4F9.1,9%X,7F9.1)
969 FORMAT (1H ,15,F9.3,9%Ks2F9.9,9%,FY01,9%,FY.1,9%,2F9,1)
960 FORMAT (1HO,SHYOYAL,12F9.0,F10,0,5H CFSo)
§61 FORMAY (1R ,5X,12F9.3-F10.2,7H INCHES)
962 FORMAT (18 ,113X,F10,0.8H ACRE~FT)
$63 FORMAT (//1HO,5HACY, »%12F9.0,F10,0,5H CFSD)
980 FORMAT (1H0,6X,SHPREVF 47X, 15SHTRANSLATED FLOW)
P81 FORMAT (14 ,3%,57,0,2X,20F6.0)
982 FURMAT (i ,12X,20F6,0)
983 FORMAT ({1H1,31HCHANNEL TRANSITIONAL VALUES FOR,TXKsA4,3H 19,12)
B FURMAT(1215)
990 FORMAT (3X,2H9D)
END OF MAIN PROGRA4
S¥Gn
END
RLOCK DATA
MALH,INITL AND READER PROSRAM VARIABLES
INTEGEAR YRZ,COMPAR/RASE,CYEST/OUTHR,
1PTEST,PLOY,PLOTHR-CXTEST, HRTEST,
20SRN, CNEHR,TREOUT, STARE ,ROUTES
INUM(T2),LASTOALZ,12),YRY,
4M01,N02, TFNRES MO, INIToNEWWY, YEAR, FINALSLEAPTR,N
REAL MINFW,MOCHAR(42),
18SSF(14),SAFC12) L AREA,
4BASINCLO) ,RGNAME(5),INFRO(20)
COMMOR/MIR/YRZ,COMPARBASE,CTEST, OUTHR,
1PYEST,FLOT,PLOTHA,CKTEST AHRTEST,
2D5RO,CNGHR,TRSOUT,STORE,ROUTE,
3NUM,LASTDA,YRY,
4E01, 0L, LEORE, MO, INTT A NFWWY,
S5®INFW/MOCHAR,
GINFRO/LEAPYR,NSYEAR, FINALS
7SSF,SAF,ARER,
8BASIN,RGNAME
DATA MUCHAR/IHSAN,SHFEB, SHHAR, JHAPR, SHMAY A AHJUNE, 4HJULY, IHAUG,
16HSEPT/3HOCT,3HROV, INBEC/
PATA LASTDA/31,31,28,29,31,31,30,30,31.31,30,30,31,31,31,31,30,30,
139:31,50,30,3V,31/
DATA NUB/1,2.344,5,6,708,9,10011,12/
END
SUBRQUTINE INITL
INITIALISATION AND READ-IN OF GFNERAL RUN INFORMATION
INITL SUBROUTINE VARIABLES
INTEGER TRSIN
REAL LrNN,TRC/KK24
MAIN,INITL AND READER PROGRAM VARIABLES
INTEGER YRZ,COMPAR,BASE,CTESTAOUTHR,
1PTEST,PLOYT,PLOTHR,CKTEST, HRTEST,
2PSRO,CREHR, TREQUT ,STARE,ROUTE,
INUM{12),LASTHACZ2,12), YR,
401 L MUL, TFORE /MO, INEToNFUWY, YEAR, FINALLALEAPYR,N
REAL  MINFU,MOCHAR(1Z),
TSSF(12),5AF(12) ,AREA,
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4LBASINCZO) ARGNANE (S, INFROC20)
LOMMON/MIR/YRZCOMFAR/BASESCTEST,OUTHRY
1PTEST/PLOT,PLOTHRACKTEST, HRTEST,
20RO, CN6HR, TREOUT,STORE,ROUTES
INUM,LASTDA,YRT
LMD, MO, TFORE/ DA INTT/NFUNY,
SHINFW,MOCHAR,
SINFRO,LEAPYR,NsYEAR,FINAL,
7SSF,SAF,ARER,
BBASIN, RGNANE
MAIN,INITL,READER,HOURLY AND DATLY VARIABLES
INTEGER FIRST,CHECK
COMMON/MHD/ FLOWY (744) 2 PHRAX, FPNANE(7) ,PLOTHX,
TACTFLWA12,31) PFIRST, CHECK
MAIN,INITL READERALAND AND CHARFL VARIABLES
INTEGER ELE,ELEMTS,
ARTEINT 7 AVEFE,VARK,
QVARL, VAREP
REAL IMPV,L7SH,K3,K24EL,KVsLRKE,
TLIRCA,L281+KSIVIZD) K81 ,K24L
CUMMON/MCL/EPDIST(24) «EPXM,UTSN,CH/CC,SRCPDECS
1UIS1,56WlGUSI REST,SRGXIASCEPL,REPL,
2CFSH,PREVFT,TRANST (48) VAP (14,390,
IFLOW(7O4) »RO(TL4) #EVAPM(12) ,SRO,SROS,SINPYASINTF,
ASGWE,SRECH,SPRASPF,SET,TIMEARCIM) ,PEADI (12D,
SGAGEPE/POWER,BASEK,RASEL, IMPV, LT SN,K3,K24L,K24EL, KV,
SLKKG,LIRCA,LZST,KST,KSTV, MAXL RINLALAG(10),
TIE,MBR/MOHRA ,MOUR2,FLE, ELEMTSVAREP,SOEPLEPBIAS , IXEP,
BTESTT,TESTR2, RTEINTAVEPF, VARK,VARL/UZSNUF,
FAEPI, MSTAT
MAIN,LAND,CHAMEL VARIABILES (11)
INTEGER  PX(31,96),0UARY
INTEGER SIXHR
REAL K1
COMMON/MLCS/KOBLER,PECE1) »K4,LAST/1DA, THR/HONTH, 1, SIXHR,
1QUART A PX
INITIALIZATION OF DATA
INIT=0
FIRSYSU
NEWYY=(
CTEST=U
PYEST=U
CKTEST=0
HRTEST=D
00 10 1=1,24
EPDIST(D)=0,0
EPDISY(7I=G, 019
EPRIST(K)=0,061
EPOLISTL9)=0, 067
EPDIST(10)=n, 088
EPPIST(11)20,102
EPDISTI1Z2)=n, 17
EPDISTL13) 20,17
EPDIST(14)20,11
EPDIST(15)%0,105
FPDIST (16320, 095
FPOISTLI7)=0, 0814
EPDISTC15) 20,055
EPDISTHI) =N, U7
RUN,RAINGAGE AND FLOW-POINT INPUT DATA
RASIC HUN INFORMATION

=

R Nodoung P it

810




- 811
i READ(5,901) INFRO
READLS5,901) BASIN
WRITE(6,900)
WRITE(6,90%) BASIN
WRITE(6,902) INFRO
l WRITE(b,004)
READ(S,DUS) MOI,YRT.MOR,YRZ
J READ(5,950) OUTHR,AVEPE,IFORE,POUER, SIXHR,CNEHR, TRSOUT, TRSIN,
ASTORE,ROUTE, 08RO, VAREP,UZSNUWE,,QUART
IE (DSRO,GT,0) REWIND DSRO
H IF (STORE,%Q,1) ROUTE=C
i 1E (CHOHR,EQ,1) SIXMR=Y
READ(5,965) PEADJ
READI5,965) GAGEPE
IF (AVEPE,£6,0) 60 TO 1003
REAB(S5,965) EVAPM
- DO 1004 1=1,12
1004 EVAPR(I)=EVAPMCIIAPEADICT)
1003 LEAPYR=D
IF (VAREP,EG.1) READ(S,9971) SOEm,EPRIAS,IXNEP
IF ((YR2w=&w(YR2/4)).EQ,0) LEAPYR=D
LAST=LASTDAC(LEAPYR+1) #m02)
WRITE(6,P06) MOCHAR(MO1I,YR1,MOCHAR(MOZ) ,LAST,YR2
WRITE(O,936)
1003 WRITECO,908)
< BASIC RAINGAGE INFORMAVION
READ(H/909) RGNAME,X1,IMPV, FPXM, YISN,LISNLEBL T, K3 /)K264L, K24EL
JEAD(57939) LoSSHNN,IRC,KFZ4,KY
SRC=1020,UvSRRT (55D 1 (NN#L)
DEC=D, UDOBRe{ (NN*L/SURY (581 ;4%0, 6)
LKKAET ,Qu {kk24N"(1.0/96,0))
LIRCAST (O~ (IREA*(1.D/96.0))
READ(5,910) UZSL,LZ81,S6W1,GWSL,RESI,SROXI,SCERI,AEPT
REPI=0,0
WRITE(6,911) RGNAME,K1sTHPY, EPXn, ULSN,LISN,CBrCC K3 K2EL,KRAEL L,
1SS NNALRL, KK26,KY
H MRITE(6,979) POWER,U2SNWF
. MRITE(E,937)
WRITE(E,912)
WHITE(O,913) RGNAME,ULST, LIS/ SGWI,GHWST, RESY,SRGXI,SUEPT AEP]
1022 URITECH,¥38)
WRITECO,914)
< BASIC FLOW POINT INFORMATION
READ(S-915) FPNARE,AREA,KS1,VARK,VARL/RTEIRT,ELEMTS
YE (YARK,EG.N) GO TN 138
READ(5,984) BASEX, (k$V(I),I=1,10)
READ(5,986) (KSIVID),X%11,20)
K§1=1,0
150 IF (VARLLEQ,D} 6O TO 1449
READ(5,988) RASFLALLAB(IIAT=1,10)
1249 READ(5,976) CHECK,COMPAR,PLOYAPLOTHR,MINFW,PLOTMX,PHRMX,
*MSTAY
ELE=ELEMTS
TF (COMPAR.FALY) GO TU 1247
PLOT=U
GU TO 1243
1241 CTEST=1
1245 1F (PLOT,EQ,00 6O TO 124
PIEST=T
JE {CHECK,EN,T) 60 YO 1248
IF (CHECR,FO,2) GO TO 1247

~
=




1246

1247
1248

10462

1041

2uo

210

1044

1045
1043

10

=

1036
1035
1032

908

B12

PLOTHKED

GO TO 1248

CRTEST=1

GYU 1O 1248

HRYEST®Y

REARD(5,917) (TI#FARCIE),1E=1,ELF)

CFSM=20,9%24 JU*AREA

WRITE(6,918) FPNAME,AREA,KS1,RTEINT COMPAR,CHECK, (TIMEAR(IEY,
11E=1,ELE)

1F (VARK,&8,0) 60 To 1042

WRITE(6,985) BASEKs(KSTv(l), 121,20}

TF C(VARL,EQ,0) 60 Yo 1041

WRITE(O,967) HASELs(LAG(I) ,121,10)

PREVFI=0.0

THARTEINT,GE,060TD 200

INTRE=T*RTEINT

KRX=ELEMTS« ( (ELEMTS/INTR)®INTR)

ELE=ELEMTS/INTR

TF(KRXGT, U)FLE=ELE+Y

GUTO 210

FLEZELERTEINT

HLAG=L

TF (VARL,ER,0) G0 TO 1043

0U Q4% =110

IF (LALCI), 6T MLAG) RLAGRLAG(D)

CONTINVE

DU f(4L E=Z,1U

TEO(LAGCI).EQ,U) RO TU 1045

MINL=T

GV YO 1043

CUNTINUE

MAXLSELE+MLAG

ELEXECELALAG

DO U4 TE=1,FLE

TRANSILIEY =0, 0

IF (TKSIN,EG.0) 60 TO 1n32

NEMAXLIT0+Y 3
o0 1055 12,8

FINAL=1410 !
RASE=FINAL=D ]
T (1,EQ.N) FINAL=RAXL

|

IF (I.0T.1) 60 7O 1030

READCH794Y) PREVFL, (TRANSIC(IE) JTESBASE,FINALY

U TO 1035

READ(S5,964) (THANSI(IE), JE=RASE,FINAL)

CUNTINUE

WRITE(6,¥72)

WRITEC6,973) (NUM(I,1=1,12)

WRITE(6,974) (PEADJ(I) 127,123

WKITE(6,975) GAREPE

FORHAT (TH1)

FURMAT (20A4)

FURMAY (1HD2,2084)

FORMAT (1H ,20X,2044)

FURMAT (1HD,53X,29HRASIC RUN INFORMATION)

FORMAT (715,513)

FURMAT (11O, TOHRUN REGINS, 1%, AL, 5H 1,19,14,5X,BHRUN ENDS,1X, A4, 1%/
114,3H279,12)

FURMAT (1HO,A8X»43HRAINGAGE NAME,1UX,2HK1,3X,4HIMPV,2X,
VEHEPXM, 5K AHULSN, 3K GHLT SN o 4Xr 2RCBA4 X, 2HECA LN AU LX P ANRZAL  2X,
25HKZLEL, AX s THL S S XA 2HES y S 2HNNS GV 2 SHIRC, AXs AHKKZE 16X, 2HKY)

s ———
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FURMAT (1 5,3F5,2,2F5.1,5F5,2)

910 FORMAT (zuX,8F5,2)

911
912

913
914

FUQMAY CTH L, 6KeSARSSFOLZ,2FT CrkT o3, 2F06.2,2F7c2,FT.0,F6,24
Fa,2,¥7, )

FORMAT 11HQ?15HRAINrAGE NAME,, 16X, 5HUZS 24X/ 3HLLS /4 X 3HSGW 46X,
13HEWS A 4X, SHRESS 3X A GHSREX,3X, 4HSCEP,3X, AHAEPY)

FORMAT (1H ,5A4,6Xe8F7,2)

FORMAT (140, 6X.15HFLOH~POXNT NAMEFTTXAGHAREA, 3X, 3HXST 22X,
1‘HRlNT;ZX‘7HC0MPA"E:Zx‘SRC“FCK,?X/10HNKSTUGRAHS)

FORM,Y (7AL,2XsF10,2,F5,2-415)

FURMAT (3UX,40F5,.2)

FORMAY (14 ,B6X,7R4,F8.2,F6.2,15,217,5X 9HTINEDELAY,10F5,2)

FORMAT (1H ,7¢X,BHGAGEAREA,IXr10ID)

FORMAT (1H ,72X,BHADDFLOWIL1X,1015)

FURMAT (1H ,72X,8HADNFLONZ.TXs1015)

FURMAT (THU,53X,23HLAND SURFACE PARAMEYERS)

FORMAY (THU,53X.  6MINITTAL STURAGES)

FORMAT (1HD,53X,21HFLUW-POINT PARAMETERS)

FURMAT (2UX,F5.0,3F5.4075.5,F5,2)

FURMAT (2Xx.FB,.0,10F7,0)

FURMAT (315,F5,9,815,F5.2,15)

FURMAT (10%,10F7,0)

FORMAT (12F5,3)

FURMAT (1HD,43X,4DBPOTENTIAL EVAPOTRANSPIRATION ADSUSTHMENTS)

FORMAT (1HD,1IHSEASONAL ADSUSTMRNT, 10X, SHAONTH,6X+1215)

FORMAT (1N ,27X,10HADJUSTMENTA4%,12F5,2)

FORMAT (1HU,1YHRAINGAGE ADJUSTHFNT,11X,F5.2)

FORMAT (30X,415,3F8.0s15)

FURMAT (160, 10X, 34HINFILTRATION CURVE POWER FACTOR 1S,F5,1,10X,
116HULSN WT, FACTOR=,F5.3)

FORMAT {F10,N,10F5,2)

FORMAT (1R ,3X,17HVARIARLE « BASE=,F6,0,5X,2RK=,20F5,2)

FORMAT (1DX,10F5,2)

FURMAT (1H ,3%X,20HVARIARLE LAG BASE=/F6.0, 3X 4HLAG=21015)

FURMAT (F10,0,1015)

FUORMAT (2F5,2,110)

FORMAT (30X,3015)

RETURN

FND

SUKROUTINE READER

SUBROUTINE INVOKED EALH MONTH Tp READ IN DATA

READER SUBRODUTINE VARIARLES

INTEGER WY, BISP,STATEADSN/YR,T1,7T2/SKIP,CN/DA/RECPX(12) PASIXC4L)

REAL RECOBS(33),HRFW(6) ,RECFWLL),RECPL(12)

MAIN ,1NITL , AND READER PROGRAM VARIABLES

INTEGER YRZ,COMPAR,BASE,CTEST+OUTHR, PTEST/PLOTAPLOTHRACKTESTY,
1HRYEST/DSRO,CNGHR,TRSOUT, STORE, ROUTE,NUMCI2) A LASTRA(Z,92) YR,
ZMOT, M0, JFORE MO, INTTANEWWY  YEAQ, FINAL/LEAPYR/N

REAL MINFW,MOCHAR(12)+SSFU12)282F(12) /AREA,BASIN(ZD) ,RENAME(S),
1INFRO(ZD)

CUMMON/MIR/YRZ,COMPAR,BASE,CTEST ,OUTHR,PTEST,PLOTPLOTHR, CKTEST,
1HRTEST,DSRO,CN6HR, TRSOUT,STORE,ROUTE,NUM,LASYDA,YRT,M01,102,
2ZEFORE/MO, INTT/NEWHY, MINFW MOCHAR, INFROJLEAPYRSN,YEAR,FINAL,
ISSF,SAF AREA,BASIN,RONAME

HAIN,INITL,PEADER HOURLY AND DATLY VARIABLES

INTEGER FIRST/CHECK

CORMON/MHD/FLUWT(T44) #PHRMX, Fr AMEL(T7),PLOTHX,
FACTRLWUIZ,31) /SINFLW 12,313, FIRSTACHECK

MAIN,INITL,READER/LAND, AND CHANEL VARLABLES

INTEGER FLE,FLEMTS,RTEINT/AVEPE,VARK,VARL /VAREP

REAL IMPV,i 7SN, K3,K24L X 240EL KV, LKKA,LTRCE,(25T,K81,K81V (20)

r——.




1311
1312

131
Cansnn

138
Chk i
c

137

133
Couxn
934

4
1331

1341
1342
1343

Crunt

115

814

CUMMON/MCL/EPDYST(R4) /EPXM,UZSN,EB,CCHSRC,DECS
TUZS),SOWL, GUS L REST SRGXT,SCEPT,REPL,
2CFSM,PREVET, TRANSTCAR) »EVAP (1,310,
3FLOW(T44) ,RO(T4L4) +EVAPM(12),8R0,5R05,SIMPV,SINTF,
LSGWF,SHECH,SPRASPESSET,TIMEARUIN) »PEADIL12) .
5GAGEPE,PONER,BASEKSBASF' , IMBVALTSN,K3I,K24L,K2AEL,KY,
G6LKKG,LIRCA/LZSI KST K JMAXLAMINL,LAG(10),
TIE,MHR/MOHRY ,MOHR2,ELE, o LEMTS#VAREP,SDEP,EPBIAS, IXEP,
BYESY),TEST2,RTEINT A AVEPF./ARKAVARL,UZSRUF/AEPT/MSTAT
MAIN,LAND, CHANEL VARIABLE3 (11}
INTEGER PY{31,56),0UART
INTEGER SIXHR
REAL K9
CURMONIMLES /KOKLER PECI1) /K1, LAST A IDASTHR,HONTH, 1+ SIXHR,QUARYSPX
TF C(YEAR,EQ,YR1),AND. (MONTH,EQ H01)) GO TO 1311
66 1O 131
pY 1314 MO=1,12
SSF (MBI =n,0
DU 131¢ 1DA=1,3
SIMFLWRO, IpA)=
WY=YEAR
GUTO 138
TF(MONTH,E® 1)60TO 157
* NEWWY HAS REEN CHANGED FRO¥ 1 Y0 ZERO
HEWYY=U
LEAPYR=0
TF ({WY-4x(wy/4)) €0, U) LEAPYR=1
READ ALL INPUY DATA RY MONTH
DAILY FOTENTIAL EVAPOTRANSPIRATION
1F (AVEPE,F0,1) GO T 1331
DU 137 I=1,3%
REAN(4,931) MO, CNA(RECOASCIT)NIT=,11)
FINAL=CN®10
BASE=FINAL=9
TF (CN.EQ,3) FINAL=LASTDACCLEAPYR+1),M0)
NEBASE-1
DU 733 YDA=RASE,FINAL
EVAR{NMU, 1DAY=RECOBS (1DA-N)
CONTINUE
SKIP B LINEG WLYH DATLY fAIN INPUTS ON EVAPS FILE
READ(64954)
FURMATLS /)
ACTUAL MEAN DAILY FLOWS [N THUUSANDTHS OF CUB,MET,
1f (CTEST,Eq,0) 60 7O 25
IF (CUMPAR.EG, 1) 60 TU 1342
PO 134T M0=1,12
SAF(HOI=D,0
Gy 1381 10A=1,34
ACTFLUW (MO, 10A)=0.0
60 Y0 25
OV 13435 Mum1,12
SAF(MGI=0,0
READ(E,932)M0, (RECORS(KK) (KK=1,33)
00 135 [DA=1,31
CHANGE METRIC T0 BRITISH
RECOBSLIDAI=RECOBS (1DA) ¥ 0355447
IFLRECUBSCINA) ,LELOLIGNTD 135
SAF(MO)=SAF(MO)+RECORS (TDA)
ACTFLWIRD, TpA)XRECORS(INA)
16 (RUUTE,E0,0) 60 T 1320
READ (BSRU) ab

1
0.0
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< INTERCEPTION STORAGE ~ SCEP IS INTERCEPTIUN STORAGE VOLUME
¢ ~ EPX 1S INTERCEPTION STORAGE CAPACITY
210 EPX=EPXM-SCEP
TF (EPX,LT.0,0) EPX=0.0
TE (PR,GE,EFX) 60 TG 274
SCEP=SLEP+PY

216 P3EPH=EPX
SCEP=SCEP+EPY
4 PS5 1S MAIN REACHING THE GROUND
¢ UPPER LONE CALCULATIONS
SLMPY=ESIHBY+PS*AT
4 PS*AT IS IMPERVIOUS aREA RUNOFF VOLUME
212 LNRATSLIS/LISN
PUspI+NES
4 P4 IS P3I PLUS SURFACE DETENTION §TORAGE
PIFW=CH/ ({LNRAT)**POWER)
D4F=0),d5+D3FV
PATIO=CL* (2, N**L NRAT)
IF (RATIOLLY,1.0) RATI0=1.0
IF (P& GE\DLFIGD TO 220
SHRLPGAPLI (2, 0%D4E)
GU T 221
240 SHRAD=PL=( 54D4F
22% INFIL=P4-SHRD
< IVFIL IS INFILTRATION VOLUME
TE (Pa.GE,(DAF*RATINDD 60 TO 227
RAX=PO*PL/ {2 UsDAFXRATIN)
GU Ty €23
222 RXX=pa~D,5+04FRRATIO
¢ PXX I THE POTENTIAL INCREASE TO OVERLAND FLOW AND SURFACE DETENTION
22%  ROXX=SHRD~RYX
£ RGXX IS THt POYENTIAL INCREASE 7O INTERFLOW DETENTION
ULSNT=UZSNYUZSHUF*AEPIY
If (ULS,6E.(R.0%UZSNTI) 60 TQ 224
IERES (N, S (ULS/UZINTI=1,0)41,0
U, S*UZSIUZSNTI# 0T,/ (1 (407 1) I #al2y
60 TU 225
€24 ULT=2 UxABS ((U7S/UISATI=T,0)~T, 0241, 1
PRE=,U-(1,0/(1,04UZ1)3wsUZ]
€ PRE IS THt PERCENT OF RXX AND RGXX WoT RETAINED IN UPPER 20NE STORAGE
22% RLAXARUXXVBRE
€ PGX 35 THE VOLURE TD INTERFLOW DETENTION STORAGE
RA=RAX*PRE
€ RX IS THE VOLUMF TO OVERLAND FLOW AND SURFACF OCTENTION
2252 UB4S=2ULS+SHRP=KGX-RK
€ UZS 1S UPPER 20MF STORAGE VOLUMF
& DVERLAND FLOW
TH (8X.LE,RFS) GO Tn 224
DEZGELHCIRA=RES) ¥ 0, 6)
€ bE OIS SURFACE DETENTTON AT FOUILIBRYUM
Gu T 227
24 NES(RFS4RK)I2,0




205
204

2032

202

206

208
207

233

219

2129

21
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SEW=SGWT

GWSZGWS]

RES=RESY

SREX*SRGXL

SCEP=SCEP)

REP=REP]

AEPIT=AEPL

INITIAL VALUES OF PARAMETERS
AT=1MPV

REGINNING OF HOUR AND DAY LOOP
VALUES OF POT, EVAP, AN PRECIPITATION

IF (IHR,NE,1) GO TQ 204

IF (KUHLER,£R.1) 60 TO 204

IF (AVEPE,E0,0) 60 TG 205
EPEEVAPM(MONTH)

GU TO 2032

FP=EVAP(MONTH- 1DAIXPEADI(MONTR) /25,4
60 TO 2032
EPSPECIDA) ¥READL (MONTHD /25,4

1¢ (VAREP,EQ,D) €¢ YO 207

SD=EP*SDEP

CALL IGAUSS (IXcP,50,EP/TV)
EPSTVYEPBIASHER

TF (EP,LT,0.0) £P20.0
EP=EP*GAGEPE

SPESSPE+ER
AEPIT=(AEPIT*D,9) +EP

IF (QUART,EQ,0) 6O TO 297
15~MINUTE DATA
ND=(IHR=1) %4

DU 218 Ts1.4

IN=HD+]

PCIYZPX(LIDALIN)#KT

G0 TO 219

SIX-HUUR DATA

IF (SIXHR,EQ,0) 60 TO 20R
I8=LINR45) /6
PRA=PXLIDAL1S) /6,0

G0 YO du7

HUURLY DATA
PXI=PRCIDA, IHRY

PX1=PXI K1

D0 233 1=1,4

PLL)=PX1+0,25

PX1 IS HOURLY PRECIPITAT{ON==PR IS 15 MINUTE PRECIPITATION
RU=0,0

BEGINNING OF 15-MINGITE {OOP
DY 209 115=1,4

CUNVEKT 1/10 ¥4 TO INCHES
PHEP(115) /254,

SPRESFR4PR

IF (PK,GT,0,0) 6O Ta &1i
1F (RES EGL0.0) 60 YO 411
P5=0,U

GV T 212

TE O(SROX,20,0,0) 60 TU 213




404
409

407
408

o
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FLOWT (MHR) =HRFW (D)

50 1@ 403

1F (CKTEST,EG,0) RETURN

SIX MOUR FLOWS

YF (CHECK,NE,1) RETURN

bo 407 srah

FLOWI(I)=0,

READ(5,970) STAYE,M0,DA,YRARECFU,T1,P%,T2,P2

IF (STATE,EQ,79) RETURN

BASE=(DA~1) %24

00 40Y 1=1,4

MHR=BASE+(1%6)

FLOWT (MHRYSRECFY(I)

IF (T1.EQ,0) GO TO 408

WHR=BASE+T1

FLOWY (MHR) =RY

If (T2.ER,0) GO TO 408

MHR=BASE+TZ

FLOWT (MHR) =2

GU TO 408

FORMAY (12,7X,313,12,12F5.1)

FORMAT (9X,12,11,11F6.2)

FORMATLIX, 13, (11F5,0))

FURMAT (12)

FORMAT (12,7X¢313,2X,4F10.0,15,F7,0,13/,F7.0)
FURMAT (12,7X,313,12,0F10.0)

FORMAT (315}

END

SUBROUTINE (AND

LAND SURFACE RUNOFF SUBROUTINE

LAND VARIAHLES

REAL LZS,INTF,ENFIL,LZL,LOS,LNRAT,P(4)
BAIN,INYTL,READER,LAND AND CHANFL VARIABLES
INTEGER ELE,ELEMTS,RTIEINT,AVEPE,VARK,VARL,VAREP
REAL IMPV,LISNsK3,K24LaK24EL,KV,LKKL LIRC4,LZSI,KST,KSIV(20)
CUMMON/RCL/EPDIST(24) sEPXMAUZSK,CB/CCrSRCADEC,
JULSI,$6WI,6Us1, RESL,SRGY1/SCEPT, REPL,
20FSH,PREVES, TRANST (4H) s EVAP(12,313,
ZFLOWCT44A) RO(TLL) JEVAPH(17),SRO, SROS, STMPV,SINTF,
LSONF, SRECH, SPRySPESSET-TIREARCINI FPEADI(12),
SGAGEPE,POWER,BASEK,AASEL, IMPV/LISN,K3#K24L,KR2LELSKV,
SLKKL LIRCA, LIS, K81, KSIV, MAXL/MINLALAG(10),
T1k,HHR, MOKAY , HOHR2,ELES£LEMTS,VAREP,SDEP, EPRIAS, IXEP,
BYEST1,TEST2,RTEINT AVEPE, VARKsVARL /UZSNWF,
GAEPL,MSTAT

MALN,LAND,CHANEL VARIABIES (11}

INTEGER  PX(31,96),0UART

INTEGEH S1XHg

REAL KT

CUMMON/MLCS /KORLER/PECI1) /K1, LASTZIDALTHRAMONTH, 1/ SIXHR, QUART,PX
LAND INETI&L VALUES

INITIAL VALLES OF VARLARLES




1320

132¢%

1321

<
1330

109
110

Cukenw
108

1081%

1082

1083

1084
1065
1086

107
1327
1322

40

=3

402
403

Bi§

GU 1O 400

IF (NEWWY,Eq.0) 60 7o 1321
READ(5,978) DISP,DSN,SKIP

IF ((DSN,BY,02¢AND. (INLIT, EQ,0)) REWIND DSN
INDY:
NEWWY=
IF (SKI1P,£0,0) 60 TO 1321

DU 1329 t=1,sKlp

READ (D5N)

ESTABLISH NO OF VALUES IN PX( ) ARRAY THAT WE WILL USE
DEFAULT IS 24 =~ FOR HOURLY pATA

KHD=24

If (SIXHR,EQ,1) KNO=4

IF (QUART, E0,.1) KNO=96

IF (DISP.EQ,1) 60 TO 1530

IE (pSK.GT.0) Go TO 1322

PRECIPITATION -« RY MONTH

pU 109 10A=1,31

pU 109 NO=1,06

PXCIDA/NOI=D .

READL{Y,922) STATE,YR,MO,DA,CNs(RECPZ(LLY,LL=1,12)
IF (STATE,Eq,%Y) GO TO 107

If (SIXHR,E0,1) 60 TG 1081

BASE=(CN=1) 12

PO 108 1HR=1,12

NU2BASE+IHR

CHANGE RAIN INPUT IN #M TO INTERER IN 7740 MM
RECPX(IHR)=[FIX(RECPZIIHRI* 1040}
PR{DA,NOI=RECPX(IHR)

S0 10 11D

TF (CNOHR,ER.1) 40 YO 1085

BASE=(CN=1) %2

PXSTX(1}=u

PASIX(LI=Y

D0 1082 1=1,4

PXSIX(1)=2PXSIX(1)+RECPXLI)

DO 1085 1=7,12

PXSIX(L)SPXSIX(2) +RECPX (1)

o0 1084 I1HR=1,2

NUSGASE+IHR

PX{pA,NDI=PXSIX(IHR)

GV ¥0 140

oL 1085 NU=1,6

PX{DA,NOI=RECPX (NO)

CUNTINUE

60 1o 110

TF (D1SP.E@,N) 60 T0 40N

WRITE (DSR) ((PX({IDA,NO),IDA=T,%9),NO=T,KNO)
60 TO 400

READ (DSN} ((PXCIDALNG),I1DA=1,39),N0=1,KNO)
TNSTANTANEOUS ACTUAL FLOWS BY MONTH

HOURLY FLOW =~ ONE STATION

TF (KRTEST.Ea.0) 60 TO 40%

IF (CHECK,NF,2) 60 TO 41

DU 402 131,744

FLOWT (1) 20,0

READ(5,971) STATE,YR,MO,0A,CN/HREW

I+ (§TATE,En,99) 6O 70 401
BASE={DA1) 424+ {LN=1) %6

bO 4U4 I=21,4

HHR=GASE+ ]




B1%

227 DE(RES+RYI/2.
€ b IS AVERAGE SURFACE DETENTION
IF (D,GT.DF) DE=D
IF (D,LE.U,N05) 60 T0 22
RUS=C, ZSiSRc«(naﬂ1 6??*{(1 D#U 6# ((D/DEY**3 D)) %%1,67)
60 10 229
228  RUS=O, L
229 1F (ROS,GT,(0,75%RX)) ROS=0,75%RX
€ ROS IS OVERLAND FLOW VOLUME
SROS=SROS+ROS
RES=RX~ROS
C RES ©5 SURFACE DETENTION STPRAGF VOLUME
1F (RES,GE,0,001) Go TO 230
LLSZL25+RES
RES=0,U
¢ LOWER ZONE AND GRUUNDWATER CALCULATIONS
230 LLL1=t SRABS ((LIS/LISNI=1,0)41.0
PRE=S(1,0/(1,0+L71)) L1y
I€ (LZ5.LT,L2Z5N) PRF=1,N-PRE%(LYS/LISN)
PRE 1S THE PERCENT OF INFILTRATION RETAINED IN THE LOWER 20NE
F3 1S HELD In LOWER ZONE == F1 GOES TO GROUNDWATER DETENTION
FS=PREXINFIL
LIS=LZS+F3
€ LIS IS LOWER ZONE STORAGE VOLUMF
FIAZINFIL=F3
FIZF1A%{), DmK2ALI%PA
RECHEFIA%K24L*PA

)

€ RECH IS DEEP GROUNDWATER RECHARGE
SRECHASRECH+RECH
SUW=SCW+F1

¢ S5GW IS GRUUNDWATER STORAGE vOLUME
GUS=GWS+F1

€ 6WS IS ANTECEDENT 6W INFLUW INDEX
SREX*SRGX+RGX

€ SRGX LS INTERFLOW DETENTION STORAGE

¢ INTERFLOW CALCULATIONS

21k TNTF=LIRCAXSREX

C INTF IS INTERFLOW VOLUME
SINTESSINTF+INTF
SREX=8RGX~INTF
TF (SR6X,.GE.0,0001) 60 TO 215
LZS=LLS4SRAX
SRGX=4, 0

C GROUNDWATER FLOW CALCULATIONS

215 TF (SGW,LE,0,0001) 60 Yo 231
GWFaSUWALKK4*{1,0+KV*GWS)

60 TO 232
231 aME=0,U

GNS=SGW
C GWF I3 GRUUNDWATER FLOW vOLUME
232 £

SLUESLU-GUF
€ RU 15 TOYAL LAND SURFACE RUNOFF VOLUME
RUSRUT(ROSHINTF)*PA+PILATHGUF
C EVAP-TRANS (0SS FROM INTERCFPTIGN AND UPPER IURE STORAGES
TP (I15,NE,1) 60 TO 209
EPHR=LPDIST(IHR) #EP
b (EPHR,£Q,0.0) A0 TO 234
1F (SCEP,LE.0.0) 60 TU 235
I (SCEP.LE,EPHR) 6O TO 236
SCEP=SCEP-EPHR




e R

B20

SET=SETHEPHR
EPHR=UL(
&0 TO 234
236 SETaSET+SCEP
EPHR=EPHRSCEP
SCEP=U.D
235 IF (UZS,LE,0,U) 60 TO 237
IF (U2ZS,LE,EPHR) 6O YO 238
SETRSET+PAXEPHR
UIS=ylIS-ERHR
EPHR=U.0
60 TO 234
238 SET=SET+UIS*PA
ERHURZEPHR=UZS
uzg=g,u
237 RE EP4EPHR
€ REP 1S RESIDUAL POTENTLAL EVAPOTRANSP!RATXON
€ SLOW PERCULATION FROM UPPER ZOW
234 UDISNT=UZSN+D2XNWESAEPLY
DEEPL=(UZS/YZSNTI~(LIS/LLSNY
IF (DEEPL,LE.D,D) 60 TO 239
LNRATSLZS/LISN
RECE=UDO3wLA*UISNTH{DEEPL¥#3,0)
UZS=UZS~RECE
LZ1=1.5%ABS(LNRAT=1,03+1.0
PRE=(1,0/(1,04L21))#%l2y
LE CL2S,LT,L28N) PRE=T.0~PRE*LNRAT
F3=pRE*RECE
FI1A=(1,0=PRE)*RECE
FISF1AR(T,Q=K24L) *PA
RECH=FTARK24L*PA
SRECH=SRECH4RECH
L2S=L284F3
SGR=SGH+F1
GHSAGWS+FY
¢ EVAP-TRANS FROM GROUNOWATER AND LUWFR ZONE
239 TE (IHR,NE,21) €0 T 209
IF (GWS,6T,0.0009) GWS=0,97+GWS
EPEREV
TF (EP.E0,0,0) 60 To 209
LUSSSGH*KZOELXERNPA
€ L0Os IS GROUNDWATER EVAPOTRANSPIRATIAN VOLUME
SETRSETHLUS
S6H=SLW-LOS
GHS=GWS -1 08
FF (GWS,LT,0.0) GWS=D.0
EP=£P-L0§
LNRAT=LIS/L7SH
1F (EP.GE,(K3¥LNRATY) GO TO 240
RETR=EP*(1,0-~(EP/ (. 0%K3*LNRAT)})

LIS=LL8~ARTR
240
241 ET+PA+AETR
€ AETR 15 LOWER ZNNE EVAPOTRANSPIRATION VOLUME

REP={,U

209 CONTINGE

C ENp OF 15 MINLTF LOOP
MHR=(1DA=1) %24+ IHR
RU(MHR) =kU
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SRQO=EROSRU
IF ((1DA,EQ,LAST) AND, (IHR,EQ424)) GO TO 246
THR=IHR+y
IF (ZNR LE,24) 6O YD 203
2090 IdRs
10A=xbn;1
G0 TO 203
€ END OF HOUR AND DAY LOOP
C LAND CARRY/VER VALUES
246 UZSI=U2s
LZSysLZs
SEWL=S4W
GWSI=GHS
RES1=RES

REPL=REP
AEPI=ALPIT
RETURN
ERD
SUBROUTINE CHANEL
€ CHANNEL ROUTING SUBROUTINE
T CHANEL VARLABLES
INTEGER HALFR,DHR
REAL IN,¥
DIMENSION TRS(792),XRS(50)
€ MAIN,INYTLoREADER,LAND AND CHANEL VARLARLES
INTEGER ELE,ELEMYS,
IRTEINT# AVEPE,VARK,
2VARL pVAREP
REAL !NPV/Ll5N;KS/KZAL/KZ&EL,KV;LKKA/
1LIRCLALIST RS, KSIV(2
CDHHDNINCLIEODISY(24):EPXM’UZSN;CetCCISRC/DEC»
JUIST,86WL,GUSI RESISSRGXISCEPI,REPT,
2CHSH, PREVES ,TRANSI{4B) +EVAP(12,31)
ZELOW(T44) JROLTAL) JEVAPH(12) ,SRO,SROS, SI¥PV,SINTF,
4SGWE,SRECH,SPRASPEsSET,TIMEARCIN) (PEADI(12),
SGAGEPEsPOWERHASEKSBASEL , IMPV/L7SN K3/ K24L,K24EL KV,
GLRKA,LIRCA,LZST,KSI,XSTY, RAXLARINL,LAGCRD)
TIEMHRAMOURY , MOHR2,ELESELEMTS/VAREP,SDEP, EPRIAS ,IXER,
BTESTT,TESTE,RTEINT,AVEPF,VARK,VARL/UZSNUF,
GAEPY,MSTAT
C MAIN/LAMD, CHANEL VARIABLES (1D}
INTEGER  PX(31,96) ,QUART
INTEGER SIXHR
REAL K1
COMMON/MLES /KOKLER/PECIT) /KT, LAST/IDA, THR-MONTH, 14 SIXHR,
JOUART #PX
€ CHANNEL INITLIAL VALUES
3009 *O0HR1=%
MUMRZ=LAST*24
TEXMOHKR2+48
DY 30UY I=MOHR1,IE
3001 TRS(II®Q.U
TF(RTEINT,LT.0)GOTO f00
HALFR=(RTEINT-1) /2
TH (VAKK, LG, 0) 6O TO 5004
30 IF (VARL,EG,Q) GO To 3Un2
4 TGAN LATIUR 1IN TIME
3002 bV 34 FHREROHRT,MOURZ
DHR=MHR+HALFR




: 82z

! o0 304 IE=1,ELEMTS
X ISOHR+RTEINTHCIE-T)
304 TRS(IISTRSCI)tRO(MHR)ACFSH*TIMEARCIE)
6070 305 i
100 CINTR=mTARTEINT ;
KRXZELEMTS= ((ELEMTS/INTRI®INTR) :
DO 110 MHR=MGHRT,MOHRZ {
MREMHR =1 .
LLED]
IX=n
CON=G,
BY 120 1E=1,ELEMTS
XRSCIET=RO(MHRIALFSANTIREAR(IE)
CON=CON+XRS(TE)
IX=EYN1
1FCIXLLTLINTRIGOTO 120
ImMErM+l
I=HR+1IH
TRS(I)ECONPTRSET)
fON=0,U
14=0
120 CONTINUE
TFCKRX (6T, O TRECI*1)=TRS (1412 +CON
‘Hu CONTINUE
30 TF (VARL,EQ 0) GO TO 3054
¢ VARIABLE LAG
TERMORR2+HALFRYRTEINTH (ELENTS~1)
BU 51 IHR=MOHRI,IE
HHR=]E+MOURT~THR
RECTRS CMHRD /RASELY #1,0
1=R
IF (1,LT,MINLY 6O TO 51
IF (I.LE.IDY 6O TO 52
€ INFLOW GREATER THAN 10%RASEL
L=LAG(ID

PART=TRS(MKR)=BASEL#*1U,n
B TRS(MHK) =TRS (MHE) =PART

. TRS (MHR+L)XTRS (MHRAL)+PART
1=190
G¥ 10 57

€ INVLDW BETWEEN ({(MINL=1)>wBASEL)} AND (BASEL*10.0)

5z LTopP=LAG(X)
LoOT=LAG(I~1)
pPER-]
1F (LTOP,LT,LBOT) GO TO 53
If (LHOT,ED,0) 60 TO 35
LTOPRLEOT+{Pw (LTOP=LB0T+4))
PART=THS (MHR) ~BASFL*(I=1)
TRS (MHR}=TRS(MHAI=PART
PARTEPART/C(LTCP=-LBOT)+1,0)
DU §4 L=LHOT.LYOP

54 TRS(MHR+L)=TRS(MHR4LI4PARY
60 1D 55

53 LTOP=LTOP+1
LIOP=LBOT- (P2 (LROT=LTOP+1))
PART=TRG(MHR)~BASEL#*(1=1}
TKSLAHR)=TRS (MHR) ~PARY
PARTSPART/ ((LBOT-( TP +1,0)
by 56 L=LT0Op,LBOT

56 TRS(MHK4L)STRS (MHR+L)+PARY

55 Ik (L EQ.nTyL) 60 TO 51

s,




5%

61
5
3051

34

309

o 3052

50
3091
311

IX:
AM:

enam

1511

D0 58 Bt=RINL.l

Ie1+MINL-19

LTDP=LAG(IR)

LBOT=LAG(12-1)

IF LLTLP,LT,LHOTY GO TO 59
I (LBOT,LT,LTOP) L90T=LBOT+1
IF (LBOT,€0,3) 64 To 58

TR (MHR} = TﬂS(MHR) BASEL
PARTZBASEL/ ((LYOP=LBOTI+1.0)
P¥ 60 L=LBOT,LYOP

TRE (MHR#L)STRS (MHR+L)+PART
GU 70 58

LYOP=LTOP+1

YRE(MHR)=TRS (MHR}I-BASEL
PART=BASEL/ ((LBOT-LYOP)+4.0)
ob 64 L=LTOP,LBOY

THS (MHRFLISTRE (MNRSLIFPART
CONTINUE

CUNTINUE

TE=HAXL

b0 34 1=1,1¢

MHREMOHRT+{ 1)
TRSCMHR) = TRS (MHR) + TRANST (1)
PREVEPREVET

€ CHANNEL ATTENUATION

1F (VARK,EQ, 1)} GO YO 3052

€ CONSTANY K

B0 309 MHKIMOKRY,MOHRZ
IX=TRS (MHKR)
FLOWT=1N=kS % {INSPREY)
PREV=FLOWT

IF (FREV,LT,D.09) PREVEN.O
FLOW{MHRI =FLOWT

60 TO S0¥T

€ VARIABLE K

SU 30 MHR=MOHR1,MOHRZ
INSTRS (MHR)
1={PREV/RASERI+1,0

It (LJGT, 2N (=20
KERSTVEII #K 51

FLOWT=AN-K* (IN-PREV}
PREVEFLOWT

IF (PREV,LT.0.01) PREV=N,0
FLOWCMHR) =FLOWT

C CHANNEL CAKRYOVER VALUES

PHEVFI=PREV

DU 399 IE=1,MAXL
THANSECIE)=TRS (MOHR2H1E)
RETURN

END

SUBROQUTINE 1GAUSS(IX,S,AH,V)

SUBROUTINE TG COMPUTE NORMAL RANDOM N
X=

1F (1Y)

Ty
Db INTEGER ,LT,9 DIGITS 70 BEGIN «. s reetiebiaterter

EAN  VaVALHF OF COMPUTED NORMAL
ouuaLt PRECISION X,¥,C

A=20

b 50 121,12

€ START kaANOU

TY=1X%65539

00 INTEGLR ,L7,9 DIGITS TO BEGIN s YELa1Y

VELSYFLA0,4656613Ex9
€ END RANDU
IX=1Yy
50 AZRHYFL
VELA-6,0) %S +an
RETURN
EnD
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SUBROUTINE HOURLYCINFRO,MONTH, YFAR, FLOW)
€ SUBROUTINE GENERATES SCALED INPUT FOR AUXILIARY PLUT PROGRAR  pog
INTEGER YEAR,DA1,DA2
REAL INFRO(20),MOCHAR(T?)
AIMENSLON YRL?52),YS(T52) #A(31) ,NUM(3T) ,FLOW(TAL)
C MAIN,INITL,RFADERAHOURLY AND DATLY VARIABLES
INTEGER FIR§TSCHECK
CORMON/MHD/FLOWY (T744) s PHRMX, FPNAME(T) (PLOTHX .
TACTRLW(12,39)»SIMFLW(TZ,31), FIRSTACHECK
DATA HOCHAR/IHJSAN,ZHFER,SHMARAIHAPR ,SHMAY s LHOUNE, AHJULY [ SHAUG,
TAHSEPT,IHBLT ,3HNOV, SUDEC/
HUHRY=1

Momg
880 1F (CHECK,E0,1) 60 70 B85S
£ DETERMINE FIRST AND LAST HOUR OF PLOT AND NUMBER OF PUINTS
€ KOURLY FLOW
DO 850 MHKSMOKRT,744
IF (FLOWI(#HR),EQ.0,0) GO0 YO 85n
MUHR12MHR
60 70 859
850  CONTINUE
60 TO B9
851 FIR§T=1
h0 852 MAR=MOKR1,744
XF (FLOWA{MHR),6Y,0.00 G0 TO ¥52
HOHR2=MHR=1
80 TO ¥70
852 CONTINUE
MOMR2=744
0 1O 870
€ SIX HOUR FLOWS
855 DD 856 MHR=M6,Thbs8
TF (FLOW1(MHR),FQ,0.0) o TO 656
KO=MHR
60 7O B57
856 CONTINUE

B57 P31
BU BSE MHK=MG6,T44,6
Tf (FLUW(NHRY,GT,D.N) GO TO 858
MOHR2SMHE =6
G0 TU 859
858 CUNTINVE
MOHR2=744
859 MUHR =P6~5
DU 86U MHREMDHR],ME
1F (FLOWA (MUR),€0.0.0) G0 TO 86n
MUOHR1=RHR
G0 TO 869
860 CONTINUE
FISFLOW{MOhRT]
MI=HOHKE 39
Bgh DU B62 MHK=M1,MOMRZ
TF (FLUWT(MHR) JEG.0.0) 6p TO 862
HEEHHR
FZRELOWY {MHR)
G0 TG 863
ds2 CONTINVE
843 1F (M1,Eu,M2) GO TO 86>
FPE(FLoF1}/(MIm0147)
12mz-1
DU A6 MuRzmMi, 1
XK= 41
Bt FLOWT (MHR)XEY+FpaXy




865

870

871

872
873

875

B2S

iF (M<.Ea MOKRZ) 60 TO 870
Mi=M2

r1=r2

60 TO 864
NPTZMOHRZ«MORRT +1

MDA=DAL~DAY 41
ITEHOHRT = (A4=1) %24

X1kl 1

o0 871 I=1,8DA
NUM(ID=DAY-4+]

ALII=RZ, 4u1

PMAX=PHRMN

DELTARFAAX*M, 1
MRITEC(Z,900)NDALDELTAL XY, NPT
WRITEL7,901) (ALLI),I=1oNDA)
WRITE( ,FUZINUHLT) L TI3T,N0A)
1§ (CHECK,EQ,1) 60 YO 872
WRITE(/,903)

GO TO B73

WRITE(7,906)

WRITEC/,GUS) FPNAME
MRITEC7,7U6)MOCRARCMONTH) »YEAR
WRITEC(/,907)INFRO
WRITE(?,908)

DU 875 MHR=MOKRY,MOHRZ
TSHHR~ROHRT +1

VACIDISLFLOWY (MRR)/BMAX) #10,0
YSCII=CFLON(NUR) /PRAXI #10.0
1F (YAL1),67,10,0) vac1)=10.0
IF (YSCI),67,10,0) vs(1y=10,0
CONTINUE
WRITECZ,U9)(YALI)/E=1oNpT)
WRETEC/,20914YS{I) /1= 2NpT )
TF (AUHRZ,ER.764) GO TQ A?%
HUHRT=MOKP24+1

MOZMOHR2+6

GU TO 880

LUNTINUE

899
€ HOURLY FORMAT SYATEMENTS

900
0
902
963

FURMAT (I5,F10,2,F5,1.15)
FORMATC16F5 1)

FURMAT(2013)

FORMAT (16HHOURLY FLOW=“CFS)
FURMAT(20HSIX HOURLY FLOu=~{FS)
FORMAT(7A4)

FURMAT {AL,30 19,12)

FORMAT (20A4)

FURMAT(35HRLACK IS OBSERVED-~RED 13 SIMULATED)
FORMAT(16F5,2)

RETURN

£ND




SUBRUUTINE DAILYCINFRG,MONTH, YERR)
€ CALCULATIUN OF ScALED VALUES FOR MEAN DAILY FLOW PLOT B26
C PLOT CALLS CAb RE ADDED IF COMPUTER HAS PLOT ROUTINES
INTEGER YEAR,START(2,12),YR1
REAL INFROC20I»MOCHAR(12)
i DEMENSION LASTDA(25312),A¢2,12) s vAL368),YS(368)
! € MAIN,INITL,READERSHOURLY AND DAILY VARLABLES
;i INTEGER FIRST,CHMECK
1 COMMON/MHD/FLOWT (7440 »PHRMX, FPNAME(7) ,PLOTHX,
TACTFLWE12,39) s SIHFL 012,37, FIRST,CHECK
] BATA MUCHAR/3NOCT,3HNOV,3HOEC SHIAN, SHFES, SHUMAR,, IHAPR23HNAY,
o ASHIUN,SHIUL, SHAUG, SHSEP/
* DATA A/3,0,3,006.0,6.0,9.1,9,1512.2,12,2,15,0,15,1,18,1,18,2,
121,1,2%.2,26,2,26,3,2742,27,3,30,3,30,%,35,4,33,5/56,4,36,5/
DATA LASTDA/31,31,28,29,31,31,30,30.31,31,30,31,31,31,31,31.30,30,

131,31,30.30,31,31/
PATA SYARTI?2;921123,123:151,15?:152;133;(12;213;&43,2&L,273,27£:
1304,305,335,336,0,0,31,31,61,61/
LEAPYR=D
If1(tvknn-4¢:v5ﬁnlh)).En,u) LEAPYR=]
N1
PHAXEPLOTMX
BELTA=PMAXRA,
X1=0,u
L=LEAPYR+1
NPT=A(L,1£)%10,041,0
WRITE(7,9U0IN,DELTA,X1/NRT
WRITEC/,901) (ACL ) v i=1,12)
WRITE(7,902)MOCHAR
WRITE{(/,5U3)
WRITE(Y,904) FPRAME
YRAI=YEAR-T
1F (YRY,LT,M) Ya1=99
WRITE(Z,908) YK, YEAR
WRITEC7,906) INFRO
WKITECT,90U7)
C SCALE ACTUAL AND SIMULATEDL FLON
bU 801 MO=9,12
LAST=LASTRA(L 2 M0)
IBASESSTART (L M0)
[ DU 801 1BAST.LAST
FAZCACTFLW(MO,IDA)Y /PMAX)%10,0
FS=(SIMFLW(RO, 1DAY/PHAX)I 10,0
JF (FALGT, 1,40} FA=10.0
IF (FS,67,10,0) F§=10.0
1=18ASE+1DA
YA(1)=FA
Y8{r=ts
8Dt CUNTINUE
N=365+LEAPYR
WRITEC(Y 908 CYACI) s Eat o)
WRITEL/,908) (YS(1)sT=1,0)
€ FORKAT STATEMENTS
o0 FORMAY {15+F10,2,F5.1,15)
901 FURMAT (12F5,1)
902  FORMAT (1243)
903 FURMAT (2UHMEAN DALY FLOW=CFSD
S04 FURMAY (7a4)
205 FORMAY ({3HUATER YEAR 19,12,1H=,12)
906 FURMAY (2UAL)
907 FURMAT (35HRLACK IS QHSTRVED==RED IS SIMULATED)
Y08 FURMAY (16F5,¢)
RETuRN
Fup




SURFILFIPITH LC*B20U LENGTH: 25 Heab

<

Lisy
PROCRAM(PITE)
INPUT A=CRA
INPUT H=CRD
INPQT 7=(RY
INPUT B=CRZ
INPUT Y=CR3
QUTBUT 6=LPO
CUMPRESS INTEGER AND LOGICAL
CUMPACT DATA
TRACE U

£8D

MASTER PITFE

Coxwerwss  PITMAN HOURLY MQUEL WITH ONE YFAR WAKM=UP PERIOD WHICH
Cxswxnwvk  [§ NOT [NCLUDED IN ¢ALcS OF RUNOFF STATISTICS

4

4
[4
€

B e R L L L e T ey

MUDIFIED INTD A CONTINUOUS CATCHMMENT MOCEL & IMPROVED
IN VARIOUS WAYS HY A.GORGENS.H,R,U,, RHDDES UNIVERSTTY
1981+19RY

DIMENSION PE(31),FLOWCION] »PERC(T1R) LFIN(12),B(31),
*DAYF(TL,31),X0BS {12} ,FORG(T2) s GUFCRA) 4 ER(TLY»C{312/DRN(3T)
OIMENSION DOUT(32),0C (1R HP(L4) ,NT (18, DTE(24) /HRP (31,24},
*RECP (ALY JHRF(24), FSURFL{50) suSURF (501, FINTLR4)

READ (Y1) G1,62.AREA;POH.$L SYSFT,ATLIHINN, ZHAXN,PI,TL,LAG,G
*LsR,5U,D1IV,

RKAD(V;ZUS)TLI'TKWES,OGF,GIVG

READ CATCHMENT INFORMATION
61,62 = GAUGE INDENTIFICATION
AREA = CATCHMENT AREA - §SO,KM

Fuw = PUKER OF SOIL MOISTURE - PERCOLATION CURVE

S ® S0t MOISTURE STORAGE BFLOW WHICH NO PERCULATION OCCYURS =

st = MAKTMUM SOTL MOISTURE CAPALITY wmh

F1 = PERCOLATION a7 SOIL MOTSTURE = ST ~Ma/DAY

Ak = IMPERVIQUS AREA XS PROPORTION OF TOTAL

IMINN = NUBTNAL MINTMUM INFYLTRATION RATE (AT S=§7) =MM/HOUR

ZMAXN & NOMINAL MAXIAUM INFILT «TION RATE (AT S=§T) ~MM/HOUR

Pl = INTEQCEPTION STORAGE -MM

TL = ROUTING K FOR SURFACE RUNOFF - HOURS

LAG = LAG OF RUNOFF = HDUR

GL ® 1/RECESSION rON:TANT OF GROUNDWATER DEPLETION FOR GWS = §T
- DAYS

® = CUEFFICYENT OF FYAPORATION = SOIL MOISTURE RELATIONSHIP

sU = OEPRESSION STURAGE=MN

piv ® MAX,EXPECTED INTERFLOW RATE,

COKTROLS DIVISTION OF INTERFLOW AND SURFACE FLOW( >>pIV FoR
HIGH INTERFLOW PRODUCTION) = MM/u

DIVA & MAXTHUM GROUNDWATER RECUARGE RAVE MHEN SY I§ EXCEEDED.
CONTROLS OIVISION OF EXCESS RETWEEN INTERFLOW AMD
GROUNDWAYER - Mu/H

GUBS = OLSERVED GROUNDWATER DISCHARGE DN DAY PRIUR JO START OF sl
MULATLON = THOUSANDTHS nf CUMECS

TLL = ROUTING K FOR INTERFLUW(AT §=5T)-HOURS

THRES = DATLY AVERAGE FLOW ABOVP WHICH HOURLY OUTPUTS ARE
REQUERED (TN CUMECH*{pUGY




oan

&

Ao

-

aoo

828

DGF = OBSERVED AVERAGE QUICKFLOW RATE DURING LAGH1 HOURS
PRIOR TO STARY GF STIMULATION - MH

RI=ZMIUN/ZMAXN

1 FURMATC2AB,F6,0,2F5.00F5.0,2F5,2,2F4,0sFbr1,F3,0,12,F4,0,

71

768
767

59

1

(3

4

#2F3 . 1,2€5,2)
FORMAT(2F4,1,2F5,3)

READ EVAPOSRATION PAK MONTHLY COEFFICIENTS
READ(Y,86) (FR(1)#151,12)
FORMAT(12F5,2)

00 471 K=s1s%2
PERE(KI=D,0
Frzl,/(TL+,5)

LAG1=LAGHY
Gu=t,/ (24, %6L)
DFF=DUF/2,0

CUMECSFACTOR TO CHANGE MM To THvUSANDTHS OF CUMEC

CUMECS(1=AT)*AREA*100U. /3.6
RIZ (2 #TLI=1.0)/{2,08TLT+1 D)
RECI=1,0~RT

TND=0,

2T=4,0/24,0

SET TRIANGULAR DISTRIBUTION of FVAPS OVER O7HOU TO 19HOC HoURS
XK=0,0

b0 767 L=1,24
IF(L.LT,8,0R.L.6T.19) G070 7638
7

TF(LXL6T,6)LX"12LX
XPE=LX/36,0
DIE(LISD, 54 (XK+XPE)
XK=XPE

Guto Yo7

DTELLI=0.U

CUNTINUE

H=y

TFLOW=Y,

$INT=0,0

SET INITEIAL CONDITIONS

S1ZSLA(STASLI*(GORS/ (FT#CUMELI o tl JPON)
TF(S1,67.87) §1=87
GRS=({ROBS*SRRT(STI)/(EWRCUREC) ) # ¥, 6666667
ARFT/(ST=SL)#*POY

TF(51~8L)14,14,15

15 QU=AR(ST~SLyw*pPOw
70 WHITEL6,712) 61,62

112 FORMAT(Y)

AVERAGE HOURLY AND(UR, DAILY FLOWS FOR GAUGE ',
#2A3,' LN THOUSANDTHSG OF CUMELS ', /210X, 74C % Y2/l ,/)




<
<
5
895
896
<
4
<
12
13
<
¢
<
701
<
14
<
20
21
82
81
<
€
¢
83
[
<
<
703
700
n
x
.
<

READ FIRST AND LAST YEARS OF SIMULATION PERIOD

READ(9,5) LytsLy2
FORMAT(R155
NY=LY2=1Y9+¢
NM=12*NY

NYNsNY~1

D0 896 N=1,uYN
NE=12#N

NBENE~T11
READ(8,895) (FOBS(J),J=NB,NE)
FORMAT(2X,12F6,1)
CUNTINVE

START OF LOopP COMPUTING MONTHLY RUNOFFS

DU 49 U=1,NM
mYSLY1+{4-1)/12
MEMet
IFIM=12)13,13,12
LA EY P
FLOW(43=0,

FILL IN ZERO RAIN KOURS

bU 701 ND®1,3
D0 701 NH=1,24
HRP(NBANHI =0, U

READ DAILY A PAN DATA ~ *H

READ(5,20)JY, MON, (DRNIND) +ND=7,3%)
FORMATC2I3,(11F6.2))
READ(5,21)JY,MON, (PE(NG) ,ND=1431)
FORMAT(213,{11F6.2))

DD 8% Np=1,319

1FLPEIND)IB2,81,8)

NUFT=ND~1

OFT=NOFT

GOTA B3

CUNTINUE

NOFT=51%

0FT=31,

EXCLUDE WARMUP YEAR FROM STATISTICS

1FCJY,EQ,LYt=1900) &0TO 703
TND=TND4QF¥T

READ HOURLY RAIN DATA For THIS MONTH

READ(7s700) IDENT 3V, MMM, RO NUM, (RECP(I),12,12)
FURMATC12,7%,313,12,12F5,1)

IFCIDERT,E0,99)60T0 27

b0 702 1=1.12

HAZ (NUM=1) %1241

HRP (9D NH)=RECP LT

6UTO /U3

START UF LOOP COMPUTING DAILY RUNUFFS

829

)



27

206
202

203
204

205
200

51

~

121

120

12

~

mae

DU 48 1T=1,NDFY
PECITIRPECITIYER(MON)
SZ=R*(ST/PE(IT)I*%0,5
BUITI=PELITI/(ST-S)
CUITI=rPECITINS 2/ (STST)
B0 711 NH=1,24

HP (NH) SHRP (IT/,NH)

START OF LOOP COMPUTING HDURLY RuUNOFFG

DU 509 K=1,24
SURF=0,0

INTERCEPTION

PIS=pIB+HF {K)I=PE(ITY*DTF(K)
DPI=PELIT)*DTE(K)
IF(PISI515,516,516
PPI=PECITI*BTE(KI+PIS
PES=0,
IF4PIS~PL)510,510,511
HP(K)=U,

ROTO 512

HP(K)=(PIs~-P1)

PlS=P1

SURFACE RUNDFF

IMAXE CZMAXN*G, /(2 ,#%(2,+51/8T)
IMINSRIFIMAX

TAVE=U, S*{IMINIIMAND
IFCHP(K)~ZMIN=.001)200,200,200¢
IF(HP(K}-ZAVE) 202,203,203

SURFRZ* (HP(K) = ZMINI* %3/ (3, # (ZMAX-IMIN) ¥ L)
GoTn 20D

TF{HP(K)=ZMAX) 204,205,205

SURF=HP(K) =ZAVE42, % (ZMAXHP (K) I ¥ %5/ (3, % (ZRAX=IMIND *#2)
GuTn 200

SUKFFHP(X)=7AVE

HP (K} =HP (1) ~SURF

DEPRESSION STORAGE AND INTERFLOW

AoDs5i=0,0
SUS=SUS+SURF~PECITIXOTECKI+DPE
DSU=PECITI#DTE(KI-DPL
TF{SUS»SUY 120,120,129
ADDS1=8US~SU
$US=SU
GOTO 142

1F(SUS,6E,0,1)60T0 122
DRUSPECITIAOTECK ) ~DPI+SUS ¢
SUS=d,0
DIVASDIV/ (ADDSI4DIV)
FINTCK+LAGI)=DIVA*ANDS]
ADDSE(1,0-DTVA) #ADDST
TSURFAR+LAGT)=ADDSHRALMP

CUMPUTE SQIL ROISTURE , EVAPORATION AND PERCOLATION

IF(PIS~0,03123,123,33%

eoniidtle



125

1

2

ao

[

ae

50%

804
803

800

33
26
34

3

“w

36
37

38
39

40

4

41
42

134

B3l

IF(SUS~0,0)125,125,33

IF(PTE(K) . £60,.0,0)6070 33

E12¢CIT) +BCITINET~(CoSULDPIY#S1/§T) /DTECK)

!F(E1 G7.0.0)60T0 36

Els

IF(G1)3L/3h:3>

SLOPERU,

6070 3Y

SLOPE=AXPUWK (ST=BL) «x{POUT,)

&0 1O 39

1F(a1)37,37,38

SLOPESB(IY)

GUTO 3¥

SLOPESB(IT) +A*POWK (ST ~SL) ¥*(POW=1,)

QM= (014, 5%Hp (K)*SLOPE) /(1.4 ,5%DT#SLOPE)

EM=ET1/ (1,040, 5%DTASLOPEY

5¢=514HP (R) =OM*DT~EMWDTF (KD

TE(S2~STI41,41,40

EXR§ 28T . -
TI=EX/ (EX+ST=5L) .
Te=1,~

AME S (Q14FTI*T24FT*TY

TF(DTELR) E0.0.0)GOTO 241

EM= 5% (E14PECITI=C(DIL+DSUI /DTELN)I*T2H(PELITI~(DPI+DSUI /DTE(KII¥T
SPILLES4=5T4HP (K}~ (QU) #DT~EM*DTE(K)

ar=Fr

se=8T

DIVIDE SPILLAGE AMD ADJUST INTERFLOW
0IVAE(DIVE) /(SPILL+(DIVE))

ADDG=DIVOASPILL
FINTCRHLAGI)=FINT(X+LAG1) +{SPILL~ADDG)

FILT=uM2DT+4DDG6
BUTO 47
IU(52-5L)42,42,43
aé=n,
IF(S2,LT.0.0282=0,0
GOYO Ah
AL=AK(S2~SL)avPOW
FILT=0,5%pT#(01402)
f1=a2

$1=82

COMPUTE GHDUNLWATER STORAGE AND DESCHARGE

GUF(K)=GW*GWS*¥1,5/SART(ST)
GUS=GWSH4FILT-GUF(K)
CUNTINUE

LAG AND ROUTE OF SURFACE RUNOFF AND INTERFLOW

TFCILNE,T,0R, 1T, NELT)R0TO BO3

DU KOG NH=Y,LAGY

TSURF (NH)=DTF

PSURF (NH)=DGF

rU 30U MH=2,25

REURF (NH+LAGY=RSUFF (NHYLAG=1)+CF1* (TSURF (NHILAG=1)~RSURF (NH+LAG=1)
*IHCF2RCTSURE (NK4LAG) ~TSURF (NH+LAG=T))

TFCRSUKF (NH+LAG) (LT, B 1F=UEIRSURF (NH+LAR) 4, O

PUUTCITI=Y, N




rars
o

33
126
34

3

v

36
37

38
39

4

=3

24

e

L3

4
(73

o

47

an

509
<

804
803

800

831

1E(5US=0,0)125,125,33

IF(DpTE(KI E0,0,0)6070 33

ET=C(ITI48 (1T *§1~((0SU+DPI)#S1/8T)/DTECK)
IFCET,GT,0.0)6070 36

E1=0,

IF(Q1)34,364,35

SLOPE=U,

6070 3Y

SLOPESA*POUR (ST =SL) *» (POY~1,)

60 1O 59

1F(a1)57,37,38

SLOPE=B(LT)

GOTO 3%
SLOPESB(IT) $AXPOUX (ST~SL) 4 (POW=1,)

QM= Q1+ 5S*HP(K) *SLOPEY/ (1.4, SXDT#SLOPE)
EM=ET/ (1,040, 5%DTASLOPE)
$2251+BP (K) ~QMADT~EM¥DTE(K)
TF(S2-5T)41,41,40

EX=g2m8T .

TI=gX/ CEX+ST-SL)

¥Feé=1,-71

Mz Sw(Q14FTI*T24FTT1

TECDTE(K) (£0,0.006070 241

EM= Se(ET+PECLTI=(DRPIVOSUI/OTE(KIIATZHCPELITI~(DPI+DSU) /DTECKIDI*TT
SPILLESI-ST+RP(K) ~(QHI*¥DT~EN+DTE(K)
RYI=FT

§¢=8T

DIVIDE SPILLAGE AND ACJUSY INTERFLUW

DEVBECUIVE) /(SPILL+(RIVE)D
ADDG=DIVA*SPILL
FINT(K+LAG1)=FINT(K+LAG1I+(SPILL=ADDE)
FILT=UMADT+ADDG

5070 47

1F(SZ~S1)42,4¢,43

02=0,

1F(§2,L7,0,005220,0

GUTO 44

G222k (S2-5L) % ePOW
FILT=0,5%bT#(01+02)

a1=02

§1%82

COBPUTE GROUNDWATER STORAGE AND DISCHARGE

GUF(KISGU GHE*#1,5/SGRT(ST)
GWS=GWS+FILT-GWF (k)
CUNTINYUE

LAG AND ROUTE OF SURFALE RUNOFF AND INTERFLOW

TF(J.NEL1,0R,17,NE.1)60T0 803

PO 804 NH=1,LAGH

TSURF (NH)=DTF

RYURF (NH)=DGF

U BDU NH=2,25

RSURF(NH#LAG) SRSURFANHELAG=1) *CFI% CTSURF (NHALAG=1)~RSURF (NH+LAG=T)
#)CF2x CTSURF(NH4LAG) ~TSURFINHTLAG-T))

TF(RSUKF (NHHLAG) (LT O TF=UEIRSURF INH+LAGI =L, O

POMTCITI=U,0




D0 837 NH=2,25
RINTZRECT*SINT1
SINT2=SINTI-RINTHFINT(NH4LAG)
RINTSRECI*D,S*(SINT1+SINT2)
SINT2=SINTA=RINT+FINT (NH4LAG)
FINT(NH4LAG) =RINT
8357  SINT{=SINT2
00 BOZ NH=1,24
HRE(NH) = COWF (NH)+FINTINH+1) $RSURF (NHT) ) #CUMEC
LI DOUT(ITI=LOYT(IT) HHRFINHY /24,0
FLOWCH) =FLOWC ) #DOUTCITI D, G864
IF{MY,EQ,LY1)60TO 806
BAYF{J~42,17)=DOUT(17}/1000.0
6UTD UG
TFCJY BR, (LY1T90M))60F0 808
IF(OQUT(1T)~THRES)B0S,B805,805
805 WRITECS,BUTIIT, MON MY, (HRF (NHI #NHZ1,24)
807 FORMATC21I3,15.24F5,0)
808 BU B08 NH=1,LAGT
FINT(NH)=FINY (24+NH)
TSURF (RH) 2 YSURF (24 +NH) .
808  RSURF(NH)=RSURF (24 +NH)
43 CONTINUE
IF(MY,EQ,LY1)G0TD 49
113 WRITEC6,111) MY, MO, {DOUT (KK} KK=1,NOFT)
11 FORMATCIS.I3,11F6,0,/,8%,11F6,0,/,8%,11F6.0)
TFLOWSTFLOWHFLOW(YS)
CONTINVE
AI=AI%100,
WRITE(6,61)61,62,AREA
61 FORMATC(///,10X,¢SYNTHESTZED RUNOFF AT GAUGE f,ZA3." (A
*AZI,F7 a SALKM 1, TT0X 350 ), 2X027(0 %) 0D
WRITE(6,62YPOM,SL,ST,FT, AL, LAG,DEY
62 FORMATCY  pOWST,F4.1,"  SLx',F5,0,'HH  ST=',F5.0,'MH
*FO0,3,0 HM/DAY Al=T,Fh 1,0 X LAG=',X1,1 HRS DIVS
WRITECO,78)ZMINN,ZAAXNAPT 6L, TL
76 FORMATC!  JMINNZ',F5,2,0 MMJHOUR  ZRAXNT',F5,2,' MM/N
*PIs1,Fh, 1,1 #n GL=1,F4, 1,4 DAYS TL=V,Fh, 1, HRS',/)
WRITE(6,597)8,5U,TLL,DGF, THRES,,DIVE
517 FORMAT(Y  Refufd. 2,780 = ',F4,1," TLIS',F4, 9/ HQURS
* AN THRES = ¥,F6,1," CuMEc/1000 DIVG = H,F6,3e' MM/
DU Th M=13,NM,12
ME=M¢11
MY=LYI=14HE/12
FYC=0.U
XY¢=0,0
RO 53 J=M,ME
K=JaMsy
X0BS(KI=FOBS(J=12)
FINCRIZFLOW ()
PERC{KISPLRE(K) +FIN(K)
XYC=XYLXDBS (X)
FLOW(Imq2)2FLOW(S)
53 FYCSFYCHFINCK)
Sh WKITECO,550uY, (FININI N=1,12),FYC
55 FURMATU//1BL92FB.1,F 101D
WRITE(D,4D1) (XORS(NY N1, T2) ,KYE
491 FORMATI2X, 'NBS, ', 2X,12F8,1,F1U. 1)
74 CUNTINUE
NMENM=12
CALL AFLT(FORS,FLOW,NM,1)

o
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TCHMENT ARE

FT=?,
'2FL,2,1)
0uR

86Fs?,F5, 3.
RYI1)

o
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DO 837 NH=2,25
RINTERECI®SINTY
SINT2SSINTI=RINTHFINTINH4LAG)
RINTERECI*0,5*(SINT1+5INT2)
SINT2=SINTi=RINTHFINT(NHLAG)
FINT(NKHLAG) =REINT
837 SINT1=SINT2
00 B2 NH=1,24
KRF(NHY = CGWFCNH) +FINTANN4T) +RSURF (NH4T1) ) # CUMEC
g2 DOUT(ITI=bOUT{IT)tHRF{NH) /24,0
FLOW(I ) =FLOW(J) +DOUT(ET)*D. 0864
LTF(MY,EQ,LY1)GOTO 806
DAYF{J=12,1T)=DOUT(IT)/1000.0
6070 bU6
TFCIY EQ, (LYT=1900))5070 806
IF(DOUT(LY)~THRES)BDG,B05,805
805 WRITECS, 8073 IT/MON#Y, (HRFINH) SNHET,24)
807 FORMATU(Z213,15,24F5,0)
806 oV 808 NH=1,LA6%
FINT(NHI=FINT(Z4+NH)
TSURF(NH)=TSURF (24+NH)
808  RSURFINKI=RSURF(24+NH)
48 CONTINUE
TF{MY,EQ.LY1)GOTO 49
113 WRITECO,111) #Y,MON, (DOUT(XKK)»XK=1,NOFT})
1 FORMATCIS,E3,11F6,0:7,8%,19F6,0,/,8%,11¢6.0)
TFLONSTELUWHELOW())
49 CONTINUE
Al=aI*100,
< WRITE(6,61)67,G2,AREA
FORMATC///,1DXs *SYNTHESIZED RUNOFF AT GAUGE 12243+' CATCHMENT ARE
RASV,F7 T/ 50, KM /10X, 350 %T),2X,27C %104 1)
WRITE(S,62)P0W,SL,ST,FT Al LAG, DIV
52 FORMAT(? POWE,F6.1," SL=tsF5,0,'HH ST='sF5.0,"MN Fre'y
*F6,3,7 HH/DAY RI=, F4 100 8 LAG=',T1+% HRS DEIVE 'sF4,2,/)
. WRITECO, 78) ZMINNS ZMAXNPT/GL,TL
R T8 FORMAT()  ZMINNZ',F5,2,7 MW/HOUR  ZRAXNZ',F5,2,' #M/HOUR
*PLZV,Fh 1, MM GL=.Fh 10t DAYS  TL=1,Fh,4s0 HRSI,/)
WRITELO,517)R,SU,TLILDGF,THRES,pIVE
517 FORMAT(? R=S, b, 2,080 = T,F6,1,° TLI=', F4, 1, 'HOURS DGF='sF5,3~
* VAN THRES = ',F6,1.' CUMEC/T000 DIVG = V,F8,3,0 MM/HY/Y)
DO 74 M=13,NH,12
MEnM41T
MY= Yimf4HES12
FYC=0,0
X¥t=0,0
PO 53 J=M,HE
LSRN
XUBS(K) =FOBS(J=12)
FINCKISFLOW(S)
PERC(K)I=PERC (K +FIN(K)
XVE=XYC4XDAS(K)
FLOW{I =12y =FLO0W (L)
53 FYC=FYCHFIN(K)
56 WRITECS,55IMY, (FININ),N=3,12),FYC
55 FURMATU//18,12F8.1,F10U,1)
WRITECBAADT) LXORS (N)SNS1,12) XY 0
691 FURMATU(2X,'085,t,2X,12F56,1,F10.1)
T4 CUNTIRUE
Nm=2HM~12
CALL AFITCFOBS,FLOW, AM,1)

#
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w
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CALL BFITU(DAYF,NM,1,LYY)

$TOR
END

+*
<
=
k]
o~
=
-
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SUBFILEIPITR LC=8200 LENGTHY &4 HRAG

LIsT

PROGRAM(PITE)

INPUT 4=CR& !
INPUT 5=CRO

INPUY 7=CR)

INPUT B=(RZ

INPUT Y=Ca3

QUTPUT 6=LPO

COMPRESS JINTEGER AND LOGICAL
COMPACT DATA

TRACE U

END
MASTER PITE
i [
Cwmwhnkd®  PITHAN WOURLY MODEL WITH ONE YEAR WARM-UP PERIGD WHICH b
Coxexdewds IS NDT INCLUDED IN CALCS OF RUNOFF STATISTILS .

i ¢ HODIFIED INTC 4 CONTINUOUS CATCHMENT MODEL & IMPROVED
. < Ik VARIOUS WAYS BY A.GORGENS,H,R,U.,RHODES UNIVERSITY
K ¢ 198141982
(4 Feted RE-INFILYRATION INCLUDED ++++4
! <
DIMENSION PE{3TI,FLOMCIOD) SPERCI4LIL,FINCIL),A(51),
*DAYF(72,31),X0B8(12),f088CP2)/6uF{24)BRIT1Z) L1313 ,0RNI3T)
DIMENSION DOUTL32),0C(1R) #+HP(LA),RT(18),DTE(24I,HRP(31,24),
*RECP (1) AHRF (24D, TSURFUSO) s RSURFCOUI S FINTE24)
READ(9+1) G1,62,AREA,POU,SL, ST/ FT /AL, ZHINNZAAXNLPL,TLALAG,G
*LsR,SUDIV,006S
READ(9,2093 TLI,THRES,DGF,DIVe
4
[ READ CATCHRENT INFORMAYIQN
< 61,62 ® GAUGE INDENTIFICATION
- & AREA = CATCHMENT AREA - SO, KK
3 FOW = PUWER OF SOIL MOISTURE - PERCULATION (URVE
[ St ® $0JL. MOISTURE STOKAGE BFLOW WHICH NO PERCOLATION OCCURS ~
¢ 51 = MAXINUM SOIL MOISTURE LaApACITY ~-nA
< FT = PERCOLATION AT SOIL MUISTURE = ST =MM/DAY
< AL # IMPERVIOUS AREA AS PROPORTION OF TOTAL
< THINN = NOMINAL MINIMUM INFILTRATION RATE (AT §=5T) =MM/HOUR )
< ZHMAXN = NGMINAL MAXIAUM INFILTRATION RATE (AT T} =MM/HOUR
< Pi ® INTERCEPTION STORAGE =M™
3 Tt = ROUTING K FOR SURFACE RUNOFF - ItOURS
< L& = LAG OF RUNOSF » HOURS
N < 6L = 1/RECESSION CUNMSTANT OF GROUNDWATER DEPLETION FOR GWS = §T :
< - 3
< R a (DEFFICIENT OF EVAPORATION « SOIL MOISTURE RELATIONSHIP t
] su = DEPRESSIUN STURAGE=wAM
¢ DIV & KAX,EXPECTED INTERFLOW RATE,
< CONTRULS OIVISION OF INTERFLOW AND SUKFACE FLOW( >>DIV FOR !
< H1GKH INTERFLOW PROOUCTION? ~ MM/H ' i
< DLIVG £ mAXIMUM GROUNDWATER RECHARSE RATE WHEN ST 13 EXCEEDED,
< CONTROLS DIVEISLON OF EXCFSS BETWEEN INTERFLOW ANp
[ GHUUNDWATER = me/H
¢ QUHS = OLSERVED GROUNDWATER DISCHARGE ON DAY PRIUR TO START OF §I
4 AULATION - THUUSANOTHS OF CUMELS
4 TLE = ROUTING K FOR INTERFLUW{AT $=5T)-HOURS
< THRES = DAILY AVERAGE FLOW ARUVE WHICR NOUALY OUYPUTS ARE

e .




] B35

1 REQUIKED (IN CUMECH10U0)
¢ DuF = OBSERVED AVERAGE QUICKFLOW RATE DURING LAG+1 HOURS
3 PRIOR TO START OF SIMULATION = MM
4
REZEZZMINN/ZHAXN
1 FORMAT(2AZsF6,0,2F3,00F5.052F5,2,2F4.00F4s1,F3,0,32,F4,0, B
*2F3,1,2£5,2)
209 FURMAT(2F4,1,2F5.3)
. 4
: ¢ READ EVAPORATION PAN MONTHLY COEFFICIENTS
¢

READ(Y,86) (ER(I), 151,12}
86 FURAAT{12F5,27

Sus=0,

p15=0,

BO 471 K=1,12
471 PERC(K)=0,0

CRI=1,/(TL+,5)

CFZ=, 5%CF)

LAGIZLAGH

GW=1,/ (24, %GL)

DIF=DGF/2,0

CUMEC=FACTOR TO CHANGE MM To THOUSANDTHS OF CUMEC

~ea

CUMECE(T=A1) ¥AREA*TOOU, /5.6
RIZ(2,*4TL1=1,0%/(2.04TL1+1,0)
RECI=1 4 0wRY

TH0=d,

oT=21,0/24,0

SET TRIANGULAR BISTRIBUTION 0F FyAPS OVER U7H0U TO 19HOO HOURS

oo

XK=0,U }
bY 787 L=1,24 f
TEALLLT.B,0R,LGT.19) GOTO 7o%

. LA=L~T

i JEALX, 0T 0ILXRT2mLX
XPE=LX/36,0
GTE(L) =0, 5+ (XK+XPED
XK=XPE
GUTO 707

768 DTE(L)I=0.U H
767 CONTIHUE |

11 M0
596 TFLOW=U,
SINT=U,D
‘ WRITECS,7744)

FORMATL// /8%, 'PITMANYS ROURLY MNDEL PEITR '»
*U{RE-YNFILTRATION INCLUDER)'///)

[ SET INITIAL CONDITIONS

ST=SL4CSTSL)*(AUAS/ (FTHCUMECI I wx (1, /POW)

1F(51.8T.57) 51=§T

GHSZ((QOBS¥SART(ST) )/ (OURCUNEL) I ¥, 66668067

AZFT/(ST=SL) «*POY

LF{31=5L) 14,1415
14 at=qQ, B
GuT0 7U H
QITAX(S1=SL)»*POYW

o




B36
70 WRITE(t,112) 61,62
12 FURMATLY AVERAGE HOURLY AND(ODR) DAILY FLOWS FOR GAUGE ',
*2A3,' IN THOUSANDTHS OF \UMECST,/a10X,T4(T%%)rfs))

1

READ FIRST AND LAST YEARS OF SIMULATION pERYOD

Ao

§ READ(Y,5) LY1,LY2

. FORMAT(2E5)

NYRLY2nL Y149

NM=12%NY

NYRSRY =1 :
LU B96 N=1,N¥YN

NERT2¥N

NBENE-11

READ(B,B95)(FOBS(J) ,JENB,NE)
895 FURMATL2X,12F6,9)

896 CUNTINVE

wn

! [
!
H [ STARY GF LOOP COMPUTING MONTHLY RWJNOFFS
i ¢
BY 49 J=i,NM .
MYSLY 14 CIm1) /12
LESES] ‘
o IF(M=12)13,13,12
# 12 H=Ha12
: 13 FLUW(JI=0,
: <
¢ FILL IN ZERQ RAIN HQURS
¢

By 701 8D=1,31
: DU 701 NK=1,Z24
. 701 HRP(NUANHI=0,0

READ DALILY A PAN DATA ~ MM

ane

i READ (5,20 JY,40N, (DRN(ND) ,ND=1,31)
20 FORMATC(2L3,(11F6,2))

READC5,21) Y, HON, (PECND) ,ND=q,31)

FURMAT(213,(1176.,2))

DO 81 ND=T,%1

1E(PE(ND))B2,817,81 :

RUFF=ND-1 i

QFT=NOFT

6UTO b3 ;

CONTIRLE ;

NOFT=31 :

0F7=231, :

2

8

n

o

EACLUUE WARMUP YEAR FROM STATISTILS

neoa

H 83 1FUJY,Ea,LY1-1900) GOTO 703
i TND=TNL4OFT

KEAD HOURLY RAIN DAYA FoR THIS MONTH

oae

N 703 READ(T#7GOIIDENT /Y ARM, ND A NUM, (RECP (DD »121,12)
K 700 FURMAT(I2.7%/,313,12,14F75.1)

LF(IDENT,£0,9936070 27

bu 7ué 1=1,32

NHZ (NUM«d) %4241
- 702 HEPLNDINHISRECP (1)




206
Z02
203
204

205
200

B37
GUTO 7U3
START UF LOOP COMPUTING DAILY RUNUFFS

60 48 IT=1,N0FY
PECIYI®PECIT) *ER(RON)
SLERNCST/PECITIIN*G, 5
8CITY=PECIT)/(ST-SY)
COIY)mmpECITI#S2/(ST~52)
BU 711 NHE1,24
HE(NHIEHRPLITANH)

START OF LOO® COMPUTING HOURLY RUNOFFS

PO 509 K=1»
SURF=U, 0

INTERCEPTION

PISzPIS+HP(K)“PT4ITI*DTE(K)
DPYI=PECITIADT:
IFCPISI5IG,516.0 o
BPI=pPECITI*DTE(K) +PIS
P1§=0,
IF(PLS-PL)510-510,511

¥ (kY=Y

6070 512

RP{KYI=(PESmPI)

PLS=pI

SURFACE RUNQFF

ZMAYE CLMAXNNA 3/ (2, ¥ {2, %50/5T))
LMIN=RZAZMAX

ZAVE=D, 54 (ZMINFINAX)

1F (HP (RY=ZMIN=,(001) 200,260,206

19 {HPCRI=ZAVE) 202,203,203

SURFS2, # (HP(KI=ZMINI##5/ (3, % (LMAX=ZMIN) wx2)
8070 2Up

EF(HP (R) ~ZMAX) 204,205,208

SURFRHP (K= ZAVES2 % (ZHEX-HP LK) ) w a5/ (3, *(ZMAX~ZMIN) %% )
GOTO <U0

SURF=HP (KJ=ZAVE

HP{K) =KP (K} =SURF

REINFILTRATION,DEPRESSIQN STORAGE & INTERFLoOW

acDgi=U,0

LLOENT=D

SUSz=8VUS

HPZ=zU, 3% (5US+SUS2)

SURF2=U,0

LCOUNT=LCUUNTHY

LE(RP2=ZMINS0,0013220,2204228

IFLHPEmZAVE) 228,723,223

SUKF2=E, (U (itP2~ZMIN) #*35, 0/ (3, Q% (INAX=ZMINI *%2,0)
GOTO e

IFAHPZm2MAX) 224,225,245
SURF2=HPZ-ZAVEHZ 0% (ZHAX-HP2I*#3, U/ (3, UX (ZMAX-TMINI %%£,0)
GUTO £20

SULFe=Hp2-TAVE




B38

220 DEPINFEHE2-5LRFZ
SUSHSUSZHSURFPECITIADTE(KI +pPI=DEPINF
DSU=PECLY)*DTE(KI-DPY
LF(SUS=SUYT20, 120,124
121 ABDSI®SUS=SY
SUs=su
8070 122
120 1F(SUS,GE,0,0)80TQ 122
DSU=PE(ITIADTE(K)=DPI+#SUS
Sus=0,0

122 LF(LCOUNY,EQ,1)GOTO 248
DIVA=DIV/(ADDSI+DIV)
FINTCKALAGTY=DIVA*ADDST
ABDS=(T,0mDIVA) *ADDST
TSURF(K+LAGII=ADDS+AINP

<

¢ COMPUTE SGIL MOISTURE + EVAPGRATION AND PERCOLATION

€
1F(p1§=0,0)123,423,33

123 1F{§US~0,0)125,125,33

128 IECDTE(RY ,¥Q,0,0360T0 33
ETeCCITI+B{ITIAS~((OSU+DPIINSI /ST, 4TECK)
Te0ET6T.U,026070 36

33 £,
426 1F(Q1)36,36,35
54 SLOPE=U,
GUTa 39
35 SLOPESAYPOW(ST1SL)**x(POW-1.)
£0 TG 39
36 1F(Q1Y37,37,38
37 SLOPE=B(IT)
&LT0 3»
35 SLOPESE(IT) +AAPONK{SInSL) ¥k (POW=s )
39 QM=(G1Y,5wHP (K *SLOPEY /{1, +,5%DTxSLOPE
EM=EV/¢%,040.5%DT*SLOPE)
SE=STHHE (K) ~QMEDT-EM&DTE(K) +DEP INF
IF(S2-57141,61,40
40 EXZS2=ST
TI1=EX/CEX+8T-8Ly
Tezm1,-T1
UMS, 5nlQI+FTI*T24FT+TT
TFCBTEL(K) (EQ D DIGOTD 249
ENZ, 5% (EV4PECITI~(DPI+DSU}/DTE(R) I#Y2+ (PECITI~(DPI+DSUI FOTEC(KI I =T
241 SPILL=81~ST+HPCK)~(QMI*DT=ERRDYE (KD +DEPINF
RISET
$<=8T

€
< DIVIDE SPILLAGE AND ADJUST INTERFLOW
¢

DIVB=(DIVG) /(SPILL#(OIVE))
ADDGEDIVBRSPILL
FINTOKPLAGTI BFINT(K4LAGA) ¢ (SPILL«ADDG)
FILTZuMsRT4A0DE
GOTO 4/

49 IF(SZ SLIG2, 42,43

4z o¢
IF( 2 LT.0,0)82=0,0
GOT0 44

@3 QLEARLS2-SLYR*POW

(33 FILTSU S#OTH(RT1402)

ei=q2

..
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509

804
803

800

837

802

805
806

517

B39
47 s1=52
" LOMPYTE GROUNDWATER STORAGE AND DISCHARGE

GUF (K =GWaGuS**1 ,5/8QRT(ST)
GUS=GWS+FILY~GWE (K)
CONTINUVE

LAG AND ROUTE OF SURFACE RUNOFE AND INTERFLOW

TECH NEL T, ORVIT NEL1)GOTE 803
DU 804 NH=1,LA61
TSURF(NHI®DTF
RSURFANHI=DGF
bu BOU wH=2,25
BESURT (NE+LAG)=RSURF (NH¥LAG-4)FCF1*(TSURF(NH+LAG-1)~RSURF (NH¥LAG1)
*IHCE2n LTSURF (NRLAG) -TSURF (HH+LAG~T) )
LFURSURF(NMHLAG) LY. 0, TE~DEIREURFIHHILAGY=0,0
pouT(Ity=L,N
bU 837 NR%2,25%
RINTERECI*SINTA
SINTZ=SINTT-RINTHFINTLNN4LAG)
RINT=KECI*0,S5*CSINT1SINTZ)
SINT2=SINTI~RINTH+FINTCNHALAG)
FINT (WH+LAG)=RINT
SINTI=SINT2
DO 802 NH=1,24
HRE(NK) = CEUF CNKY $FINT (NH+T) +REURF (NH+1) ) *CUMEC
DOUTCEITI=00UT(IT) +NRFINNI/24,U
FLOW( I =FLOWCSI+DOUT(1T)40,D804
TFMY L EQ,LY1360T0 806
DAYF(I~12,37)=00UT (IT3/1000,0
60TO Bus
TF(aY,ER, (LY1=-1900)160T0 B804
TFLBOUTY (IT)«THRES)BNSAB05,805
NRITE(L,BO7)IT-MONL4Y ., (HRFINHD SNHZY,24)
FORMAT(213,15,245,0)
bU BGE NitsT,LAGT
FINY(RH)=FINT(Z4+NH)
TSURF(NHISYSURFC244NKY
RSURF(NHISRSURF (244NKH)
48 CUNTINUE
IF{MY EQ,LY1)GOTO 49
13 WRITE(6,111) MY,MON, (DOUT(KK),K¥=T,§OFT}
11 FORMATLID,I3,00F6,0,/,8X491F6,0,/,8%X,11F6,1)
TELOW=TFLOW4FLOW(Y)
49 CUNTINUE
AL=AT%100,
WRITECO,61)61,62,ARER
41 FORMATU///,10X, ' SYNTHESIZED RUNOFF AT GAUGE '»2A3,' CATCHMENT ARE
*ATYLFT 41,080, KR P AUX, B0 R, 2X,27 (0000, )
WRITE(O,62)POWsSL ST, FT,AL/LAGSDIV
62 FORMATL® POW=!,Fa . te? SL=trF5,0, 006 ST=',F5,U, 080 Fiuty
#F0,3," HR/DRY AT, R0, 3 LAG=',11,* HRS DIVE f,Fb,cc/)
© WRITECH, T IMINN, ZHARNSPT/GL, L
78 FORMATC!  TMINNE',F5.2,7 S/H0pR  ZRAXNS',F5,2,% MM/HOUR
*PLITT,ER 1,0 MM GL='sFh,ts' DAYS TLeT, P4 1.0 HRSY, /Y
WRITE(O,517)R,SU,TLI,06F, THRES 0L VE
FURNATC!  R=',F4,2,180 = ',Fhe1," TLIS',F4, 1, HOURS  DGF=',F5,3,
*V N THRES = V,F6.1,' cU%EC/I0nN DIVG F 1,F6,.3,0 MBIHV/Y)
Dy 74 h=1l,Nmst2
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MEEM$1T
RYSLYImT4MES]

pu :3 J =M/ME
KSd=M+1
YOBS(K)=FOBS(J=12)
FINCKIEFLOW(Y)
PERC(KISPERC(KT$FINCK)
XYC=XYC+XO0BS (KD
FLOW(I=T2) =FLOWLYS)
53 FYCafYCHFINC(K)
54 WRITE(O,55)MY,(FIN(N) #N=1,12)sFYe
55 FORMAT(//IB,12F8,1,F10,1)
WRETE(0,497) (XORS(N) ,N=9,12) XYy
491 FURNMAT(2X,'08S 1, 2%, 12F8,1+F10, 1)
74 CONTINVE
NM=HR=T2
CALL AFIT(FOBS,FLOW,NNM/T)
L¥R=LYY
CALL BFITIDAYE,NM, 1,LYY)
sT0P
END
C HRABAREBAAanyn YR ERAAGad s g n Ry R R URRBERN RN HAR
€ SUBROUTINE AFIY BY p,J.7,RORERTS**FXTENDED AMNG MOUIFLED
€ BY A.H.M,uORGENS,DURING 198041981 +1982%axans
< X IS THE ARRAY OF ORSERVED MONTHLY DISCHARGE
< ¥ IS THE ARRAY OF SIMULATED MONTHLY DISCHARGE
< NHON IS THE LENGTH OF RECORD IN mONTHS
¢
<
<

7

w

M1 IS THE FIRST MONTH OF RECORD (I.E, 1 FOR CALENDER

YEARS AND 10 FOR HYDRULOGICAL YFARS)
HEHRRRTARINERHAARIS O RNR A BB R YRR SR RU SRR OB URO R ARAHA

SUBROUTINE AFIT{X,Y,NHON, M1}

DIFENSION X{1UO),LRUNL200D»Y(100)sRESK(20U),RESY(200)

DIMENSION DIFRES(200)FCX(602,FpCY (80, FLEVIOD)

DIMENSION AUTOX(2003,AUTOY(2002,3H{12),SM0NX(12), 54D *(12)

INTEGER TEMP1,TEMP2,TEMPI, TEMPL

TREFLUAT (RMON)

YEARFLOAT (NMON/12)

TOTXSULO

T0TY=u, 0

NI=Q

{ =zas

Du 1y Is},NHON
$16=Y(I)=X(1)
1k (S$1U,NEL0,0) GOTO 13

13 1F (S16,LT.0,03 60TC 11
IF (NPPL.EQ.D) NPDSENPUSHY
WEPENPE 4T
NI=NY+
BNNE(
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SUBFILE:PLITD LC=B200C LENGTH: &3 HRAG

LIsST
PRCGRAM(PITE)
LNPUT 52CRO
PNPUT 7=CRY
INPUT BuCR2
INPUT ¥=2CR3
OUTPUY 6=LPQ
CUMPRESS INTEGER AND LOGICAL
COMPACT DATA
TRACE U
End
MASTER PIVE
Comwnwsss  PITHAN OAILY MODEL NITH ONp YEAR WARM=UP PERIOD WHICH
Casaxasaw IS NOT INCLUDED IN €ALCS OF RUNOFF STATISTICS
3 MODIFIED BY A.GORGENS,H,R,U,,RHODES UNIV,,1961-1982
¢ v+ CHANNEL EVAPORATION INCLUDED +++
DIMENSION  PCIUU) APE3T), FLOWCTAOI ) PERCLTIC),FINLIL) ,B(31) s
*5CLOS{I00) ,pRI31),GWF (100 PERCT2Y#C (3D
DIMENSLION DINGC32)/DINT(4U),pOUTG(32),00UTT(32),00UT(32),
#DAYF{T72,3%) ,HP{26),CARRY (8) ,$0B5 (3003, X085 (100U}
READ(Br1) 61,62,ARER,POUSL,STFTo AL, ZMINN,ZNAKN,PL-TL/LAG,G
WWeR,0IV,GOBS

READ CATCHMENT INFORMATION

61,62 ® GAUGE INDENTIFICATION

AREA S CATCHMERT AREA = SO.KM

PUM % PUMER OF SOIL MOISTURE - PERCOLATION CURVE

St 2 S0IL MOISTURE STORAGE BELOW WHITCH NO PERCO{ - ]ION OCLURS =~

s
MAXIMUM SOLL MOTSTURE CAPACITY ~mm
PERCOLATZION AT $0IL MOISTURE = ST =MM/DAY
IRPERVIOUS AREA AS PROPOKTION OF TOTAL
HOMINAL SINIAUN INFILTRATION RATE (AT $=ST) ~MM/HOUR
NOMINAL MAXTHUH INFILTRATION RATE (AT S=ST) =MM/HBOUR
INTERCEPTLON STOHAGE =Hm
RUUTING K FOR SURFACE RUNOFF = DAY
LAG OF RUNOFF = pAYS
T/RECESSION CONSTANT UF GROUNDWATER DEPLETION FOR GYS = ST
DAYS

= COEFFICENT 0F EVAPORATION - SOIL HOISTURE RELATIONSHIP
2LV = PPOPORTION OF 'SPLLL' INTO GROUHDWATER STORAGE

GUBS UBSERVED GROUNDWATER DISCHARGE On DAY PRIGR TO START OF SI
AULATION - CUMECS

TRIN TOTAL TRIBUTAKY LENGTH . KM

CHAN AVERAGE WIDTH OFf FLOW AY BANKFULL DJISCHARGE - M

QOANK = ESTIMATED BANKFULL DISCHARGE LEVEL(MEAN DAILY)
o CUMEL

R R T A e N L L

RL=ZLMINNS IMAXN
1 FURMATCZAR, F8,0,2F3.0,FS5.0s2F2.2,2Fh,UrFlu1,F3,0,12,F420,
*F3.4,¢F5,2)
READ(BAT7T22) TRIA, CHAN, QRANK
7724 FURMAT(3E5,3)
<

[ SuMMER STURNM DURATION
4 WINTEN STORN DURATION

AR + BB » DAILY RAINFALL(MM) = HOURS
£C 4 bP x DALLY RAINFALL(MM) - HANRS

oW




coo

cano

1

k]

~ne

nfneo

895
896

READ(8,2)AA,BE,CC 0D
2 FORMATU4F4,2)

REAND EVAPORATION PAN MONTHLY COEFFICIENTS

READ(8,86) (ER(II,1%1,12)
86 FURMATU12F5,2)
SUR=0,U
GROU=0.D
AREACSTRIB*CHAN/ (AREA*1000,0)
RBANK=UBANK*24,04360" “TO0UJOwAREAY
Pis=u,
CFI=1,/(TL+,5)
LF2e, 0% LFY
LAGYI=LAGH)
GW=1,/6l,
CUMEC=AREA®1000,/86.4

UNDERFLOW BOUNDARY YO PREVENT ERROR MESSAGE
DURING ROUTING: IONK=1 CUMECDAY/10000 =8,64

ZONK=Y,647 (AREAX1000}
¥=0

P

TFLOW=U,
S1#SLH(STASL)*{O0BS/ (FT+CUNEC) I #x {1, /P0W)
FF{S1,6T,8T) S§1=87
BHS={(UoBS*SARTLSTI)/ (GUsCUMEC) Y%, 6660667
ASFT/(ST~SL) #*POW
TFLS1-5L)14,14215

14 atsd,
60T0 /U

15 QI=AX{S{=5L) ¥ *POW

70 WRITE(6,112) 61,62

B42

LERS ]

12 FURMATC('Y AVERAGE DAILY rLOWS FOR GAUGE ',2a3,' IN THOUSAN

*DTHS UF CUMECSY,/,10X,81(¢ %V )2/,7)

READ FIRSY ANO L4ST YEARS GF SIMULATION pERIQD

READ(B,5) Lyi,Ly2
FURMATI215)
NY=LY2mLY 4y
Nh=1gwny

NYN=NY=]

w

READ MUNTHLY RECORDED Fows$

DU 896 N=1,NYN

NE=12%N

NB=NE=T14

READ (¥,BY¥5)(FOBSCJ),I3NB,NE)
FURMAT (2X,92F6,1)

CONTINUE

START GF LOOP COMPUTING MONTHMLY RUNQFFS

DO 49 J=1,NM

MEMET

3FCM~1¢)"3,13,12
12 MEH=12
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FLOwW(J =0,
GWF(JI=0,
SCLOStI)I=0,0

READ UAILY RAINFALL AND & PAN DATA ~ MM

REAB(3/,202JY,RON,(DR{ND),ND=1/31)
FURMAT (213, (11F6,2))
READ(5-21) (PE(ND) ,ND=1/39)
FORMATL6X, (11F6,273

D0 81 ND=1,31%
IF(OR(ND))B2,81,81
RUFT=ND~1

VFT=NOFY

6uTo 27

CORTINVE

NOF7=31

0FT=3%,

START OF LOnP COMPUTING DAILY RUNOFFS

00 48 IT=1,NOFT
PE{LTISPECITI*ER(MONY
SZER*(ST/PE(ITI ) ##0, 5
BUITI=PECIT)/(ST~82)
CAITI=~PELITI¥S2/(ST-81)
FILT=U,

TSURF=0,
DEINTCITHLAGTI =T,
DINGL(IT+1)=0,
IF(OR(ITIIAGB, 438,499
NHRS=U

DURS=U,

6070 507

GISAGUREGATION OF DATILY QAINFALL INTO HOURLY FALLS

NHRS=AA+BERDR(IT)I+0,7
I (MON(GT 3, AND MO8, ET.1AINHRS=CC + DD*DRILT)I*0,5
DURS=MHRS
IF(NKHRS=23)503,503.500
NHRS=¢S

BURS=2S,

GOTO Su6
TF{NKRS=2)504,505,506
HP(1)3=DR(IT)

6V TO 307

HPCT3=U ZxBR(ITS
HPC2) =0, BaDRCIT)

GOTD 507

$P1=0,

DO 508 K=i,NHRS

SUMT=N
SP2=DRUITIKSUMT w2/ (s UMTan24 (DURS=SUMT) *w2)
HP LK) =8p2~5PY

S§P1=SPL

NARS=NHRS+1
HP(NHRS) U,

SUARY GF LOOP COMPUTING HOURLY RUNQFFS

e
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514

513

501

515

316
510

511

oo

844

DU 509 Katlg
IF(K"NNRS)513!51k:51k
DT=(2t,=~DURS) /24,

INTERLEPTION

PISSPIS+HA(K) ~PECITI#DT
OFLI=PECLY)#DY
LFLPISYIE15,5106,516
PPI=PECIY)*pTHPIS
PIS=0,
IF(PISmP1)590,510,511
HP (O =0,

GUTO »12

HP(KI=Z(PIS~PI)

Pis=pl

SURFACE RUNDFF

TSURF TSURF+HP (K) *AY
na EBAXN*A 2/ (2, %% {2, %81/5T))
ZMIN:R(VKHAX
LAV" A{ZMINTINAX)
AN MIN-.001)20% 201,200

5

&

IFtn, ¢AVE) 202,2032203

SURFE2 % (HP(KI=ZMIN) %3/ (3, % (ZMAX~ZHINI ¥2)

8UTe 200

EFAHP LK) ~ZMAX) 204,205,208
SURFSHP(RI~ZAVESZ , ¥ (IMAX=HP (K) )% w3/ (3 % (ZMAX-ZMIN) %*2)
GUTO QU0

SURF=RP (K)=2AVE

HPCKI=HP (K) =SURF

THURFSTSURF+SURF

CUMPUTE SOIL MOISTURE +» EVAPORATION AND PERCOLATION

E18C(ITY4b(IT)*#S1~DPI*S9 /5T
IFCET233,33,36

E7=0

XF(Q1736,34,35

SLOpPE=Y,

V10 37
SLOPE=A*POUH{S1=SL) 2% (POW=1,)

6J YO A9

18CQ1357,37,38

SLOPE=H(IT)

6UT0 S¥

gLOPE'E(IT)#A*PON*(S1 SLY#*(POWaT,)
IRETH

OMR(OT+ SwHP LK) WSLOPED / (4.4, 5%DT#SLOPE)

SREGT NP (R)~OM*DT

LF(82mST)A1, 40240

EABS2-ST

TIREX/ LEX48T~51)

T221,-T1

QM 5r(0I4FT)*T2+FT#TY

Enz ow (E1+PE(LTIDPII*T24 (PE(ITIWDAII*T]




845

SPILLEST=STHHP(X) =(UN+EMInDT
FILT=FILT4QM*DT+SPILLWDIY
TSURFSTSURF#SPILL* (1, =DIV)
QI=FT
§¢=8% i
GUTO &7 i
41 TF(S2~SL)AZ, 42,43
42 ae=g,
: 1F(S2,L7.0,0)52s0,0
6UTO &
43 QLRAX(SZ=SL)#*POW
44 FILT=FILT#.5%0T+ (01402}
01702
47 s1#82
509 CORTENUE
4

i < COMPUTE GROUNDWATER STURAGE AND DISCHARGE

<
DINTCITH, AGT)=DINTLITHLAGI 24T SURF
GFI=GURGRS* X1, 5/SQRT(ET)
SLOPE=T,5+GWwSQRT(GWS/ST)
DINGCITH1)=CGF 1+, 5*FILTwsLOPF)/ (1,4, 5*SLOPE)
GUSEGWSHFILT=DING(ET4T)

48 CONTINUE

4 ROUTING OF SUNRFACE RUNDFF AND LAG OF ALL RUNOFF
<

: EFGIm10107,107,108
Y 107 DU 6O KL=1,LAG1
DOUTT (KLI=0,
60D DINT(RLI=D,
DUUTGL(II=DINEL2)
DING(FI=DING(2)
NROUT=NOFT 1
GUT0 199 \
H 108 DOUTT(II=DOUTTWNROUT)
el PYUTEL{I)=DOUTE(NROUT)
i DINT(1)=STARYT
DINC(1)55TARTS
IFCLAGII0Y - 107,603
603 B0 401 KL=1,LAG
801 OENT(RLH1I2CAKRY (KLY
109 NCALC=NUFTHI
i DO 13U IKOUT=Z,NCALC
! LE(DINTCIROYTY (LT, ZONKY DINT{1ROUT)=0.0
LE(DOYYTCIROUT13 LT ZONK) DUUTTCIROUT-1)=0,0
DOUTGLIROUT)=OINGCIROUTY
BOUTTLIROUTI=DOUTT (TROUTWT) +CFIw (DINTLIROUT=1)=DOUTT(IROUT=1)I4EF2
*EADINT (L7 OUTI=DINT{IROUT=1)) -
FLOWCIIZFLOMCI I 4DDUTT (IRQUT)
¢ GHF (JIRGWFCJ)+DOUTGCIROUY)
DOUTCIROUTI=(DOUTG(IROUT)#DOUTTC(IROUT))
RAT=DUUT (XROUT) UBANK
RAYRO, 142, U&RAT**0 45 =F AT
ot CLOS=T y TRRAT*RAREACHPE(TIROUT )
i RESF=DOUT(IROUT)-CLOS
: IF(RESF,LT.0,0IRESF=0,0
SCLOS () =SCLOS () +(DOUT(LROUTI-RESF)
DUUT(LROUT)=RESFRCUMEL
JECIYLEQ,LYE=1900)G0TV 110
BAYE (12, 1R0UT-1)=000T (1. OUTH/ 10000
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110 CUNTINUE
NROUT=NCALC
STARTT=OINT(NROYT)
TFCLAGY 60446044605
605 DU S02 Ki=1,LA0
602 CARRY(KL)aDINT(NROUT+KL)
604 STARTG=DING(NROUT)
WY=L Y1 (Imt) /12
TFCIY  EQ L Y4~T500360TO 4%
Hs=N
IF{MS=12)113,113,114
194 MSENMS~1Z
MY=uy+1
113 WRITECH,1191) MY, MS,(DOUT(KK),KK=2,NCALC)
19 FORMATLIS, I3,11F06.0,/48X,11F6.0,/,8X,11F6,0)
TFLOWSTFLOWHFLOWCI) +GRF (Y
SUR =SUR+FLOW(S)
CUNTINUE
SUR=00, 0% (SUR/TFLOW)
GROY=100, O~SUR
ALZAT*100,
WRITE(0,61)674G2/AREA
&1 FORMATL//Z,10%, ' SYNTHESIZED RUNOFF AT GAUGE ',2A3+! CATCKMENT ARE
KAFILF?,1,060, KM a2 UK, 3500 %7),2%,27 0 %134 1)
WRITE(G,62YPOW/SLoST,FT,ALsLAG/DIV
62 FORMAYLY PONE! sFh. 1) SLE"sFS.1, M0 ST='/F6.2, MM £T="y
*ETgbys! MMIDAY ALEC,F6 10 % LAG=", 11,1 DAYS DIVE Vo Fhe2s/)
WRITE(O,76) ZMINNLZMAXN PTG, TL, R
78 FORMATS!Y LMINN=t,FE 2,1 MM/HOUR ZRAXNEY ,F5,2,' MM/HOUR
€IS, Fh, 1,1 MK GL=t,Fb 2st DAYS TLEV,F4, 2,1 DAYSY,
1 R= Y,85,2/1)
GUANK=RBANK* 1000, I%AREAS(24,0%360U,0)
WRITE(6,7733) TRIB,CHAN,QBARNY
TT33  FURMATC/ZXatTRIG = P,F6.1,7K0 CHAN = T,F0.1,'M QBANK = ¢,
KFb, 2, CUMECY )/
VRITECO,517)AR/BB
547 FURMAT(? SUMMER DURATION OF RAIN(HOURS) =7,F6,3,' + T,Fb6,3,
*' ok DAILY FALLGAMI!, /1)
WKITELL,407)CLsDD
w67 FURMAT (¢ WINYER DURATION OF RAINCHOURS) =',F5,3+' ¢+ F,F6,3,
) kK DRILY FALL(W) /2l
WRKITE(6,52U) TFLOW,SUR,GROY
520 FURBATC// /1%, 300413/ /1%, TOTAL SIMULATED RUNOFF(MM)=),£10,3,
*#/VX, CQULEKFLOW PART OF TOTAL RUNOFFLX)Z1,F5,1./1Xs D L AYEDT,
*1 FLOW PART OF TOTAL RUKOFFCRISF,F5,1//1X300 42071}
DU 74 M=13,NM.A2
nESIKET1
BYSLYImteRE/12
FYC=U,
XYC=0,U
DU 83 J=MyME
FLOW(JIISFLOWC I AREA
GHF(JIRGWF CJ)*AREA
SLLOSCI) =5CLOS(I)*AREA
Koyt
XUBS(KI=FUBS (=12}
FINCKISFLOWLIIFGWFLJI=SLLDS (I}
75 VERC(K)SPERC(KI+FINCK)
KfC=KYCHKOBS{K)
FLOW(IT2I=FIRIK)
53 FYL=FYCHFIN(K)

=
S
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56 WKITECG,55)MY, LEININI sN=1,12) 4 FYL
55 FURMATC(//18,12F8,1,F10,1)
WRITECO,49 13 CXOBSINY ,NR1,12) 0¥
491 FORMATUZK,'OBS,',2X,12F8 1,F10,1)
T4 CONTINUE
NEXNM=12 . H
: CALL AFIT(FOBS,FLOW,NM/1)
# LYS=LYT4Y
i CALL BFIT(DAYFANMLT,LYY)
§T0P

END
MARNBKGRURATRAAAGERRBAUR PRSI HARBBE AU RERARERHARUNR A
SUBROUTINE AFIT BY P,J,T.ROBERTS***EXTENDED AND MOUIFlEp
BY AJH M GORGENS,DURING 198G41087+1Pg2%anwhn

X 1S THE ARRAY OF OBSERVED MONTHLY DISCHARGE

Y 1S ThE ARRAY OF SIMULATED MUNTHLY DISCHARGE

NMON IS THE LENGTH OF RECORD IN mONTHS

W1 S THE FIRST MONTH OF RECORD (I,&, 1 FOR CALENDER

YEARS AND 10 FOR HYDRULOGICAL YFARS)

BEHRBARARAAR AU REN AU BN RB AR RGN RARH RGN R RARRR ARG AHEA

SUBROUTINE AFIT(XsY NMON, M)

DIMENSION X(100),LRUNCZOD) »V(100) #KESX(20U),RESY (2UD)

OIMENSION DIFRESC200)/FOCKSH07,FOLY (6D, FLEY(60)

DIMENSION AUTOX(200),AUTOY (200D, M(12),SMONX(1Z),SHONY(12)

. INTEGER TERMP1/TEMP2,TEMR3TEMPS
¢ TABELUAT (NMON)
} YEAR=FLOAT (NMUN/12)
TUTX=U,0
TOTY=0.0 :
4 N1=Q B
: NeRO
: NRUN=U
NPOS=ED
R8Ny
NPPzD
sz2s

SIoh (EST

fanco0 0o

NS
aan

DU U I=T,8MON !
S1G=Y (I)ax(])
IF (8IG.N8,0,0) 6070 13
NoiNz=0 :
NPP=O

i 6070 12

If (sIG,L7.0,0) 6070 11 .

EF (NPPLEQ.O) NPOS=NPOS+1

RPP2NPP+1

NN+

NHN=0

| GUTC 14

11 MPP=0

' IF (MRH.EG,0) NRUNSNRUNa1

f NNNZNAR+T

ReTHZ+1

TUTK=TOTX4K (1)

TOTY=TOTY4Y ()

PIOT=(LTOUYY=TUTX) /TOTRI*TU0

i XBMETOTX/TH

N YMm=TOTY/ TN

B PARx{ {YHAm XM )/ XHM) *T00

; KMARSTUTK/YEAK

w

an




{
|
i
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SUBFILEIDALT LC=B20U LENGYHI 81 HRAG

Aonoanonn

ann

enea

ComRamaanaantano

~

w

LIisy

PROGRAM(DALT)

INPUT 5=CRO

INPUT 7=(RY

INPYT S=CR2

INPYT 4=CR3

oUTRUT 6=LPD

TRACE @

END

MASTER DALY

HAKBRSAGERH AN AR ARG AR DA RAN AU RRRTRAERU ARG UHREG RN RO TR R
THIS PROGRAM GENERATES pAILY RUNOFF IN YHOUSANDTHS OF CUMEC

FROM DATILY RAINFALL (MM) AND DAYLY A~ CLASS PAN EVAPORATION (MM),,
THE BASIC STRUCTURE OF THE wODEL HAS BEEN DRAWN FROM THE

PALTOR WATERSHER MONEL DESCRIBED BY DISKIN,BURAS AND ZAMIR (1973)
DEVELOPED RY P,ROBERTS,M,R,U,sRHODES U, ,1974=78

HODEFLED BY A2GORGENS,H, R, U, RHOBES U, 1982

ONE WARMaUP YEAR ALLOWED,EXCLUDFD IN STATS., CALCS,.

YRR RRRAR BB TGRS AR RA AT RN ARNBEO BB YRR U RN g U ARRA N
DIMENSION RATN(31),EVAP(31),FLOW(A1) ,RFLO(31),TRANSC2UI,LAST(?2)
DIMENSION DAVF(72,39),X0BS(12),FINCI2Y/PEADICIZ),DL(3T2,PLI31),
*OBFL(BAY,QFL{31),FSIM(BL) FEVRU(12)

OATA LAST/31,28,31,30431,30,31,31.30,31,3U,31/

B O LR L LR e e A S S e R e Al L
READ IN CATCHMENY NAME NR RUN INENTIFICATION - 32 COLUMHS

R R AR ARG R AR RN R T A R AR AT HA RN NN IR AR RN KRN A kA dk ke g b
REARD (5,1) W1,K2,H3, Hé

FORMAT (4A8)

KRA R AT AR NN AR AR AR AW g e R dhk* ok k kR kAR vk e R RN R Nk ¥
READ IN CATCHMENT AREA{SQ.KM,),FIRST AND LAST YEARS

OF INPUT DATA USED FOR SIMULATION» AND ALL FLAG SETTINGS

E AR A R R RN AR R R AN R KR AR Rk R g h kAR VAR R R R khdeddeh ke Rk kX
READ (5,2) AREA,IYRT,[YRZALINE,TLIM, MVAP

FURMAT (F8.2,515)

KA R ARk kAR A AN R T RPF R R ARk ek kdkk kM Rk ke K okk
READ IN IKLTIAL LEVEL AND ALL PARAMETERS

ALL VALUES IN MILLIMETERS

SSL INITIAL LEVEL OF STORAGE
5S5M HAXIMUM CAPALLTY OF STORAGE
588 STORAGE LEVFL AT WHICH BASE FLOW "FGINS

POWER  POMER OF BASE FLOW FUNCTION
BCUR POWER OF NON~LINEAR STORAGE DEPTH FUNCTION
AMAX MAXTHUM VALUE OF STORAGF DEPTH FACTOR
PERC HAKI®UM FRACTION DF SUJ) MOISTURE TO DEEP PERCOLATION
NB:FLAG SETTINGS FOR THF DALY RANGE OF MODELS i:

0ALTY -~ LINE=1 IL1M=2 §58=gsM

DALTZ ~ LINE=1 1LIM=p  SBCtSH

DALT3 - (INE=Z ILIM=? §5BLSSM

DALYA ~ LINE=2 TLIM=q s58<58M
LR R R R R R R e e L LI E e ATl
READ (5,3) SSLsSSMs5SB,POWER,BCIRAAMAXAPERL
FORMAT (7F6.2)
P P T e L e T e T T PP L
READ IN THE PEQUIRED LAG TIME IN DAYS
B R A e I e A e e e T R S S T o
READ (5,4) (AG




e

849
4 FURMAT (I5)

READ IN 12 AVERAGE MONTHLY VALUES OF PAN EVAP(HM)
JAN=DEC,ONLY IF MVAP=1

anon

1F(MVAP  EG,2)60T0 799

READ(5,766) (EVMO(NX) ,NXu1,12)
766 FORMAT(12F6,1)
799 IF (LAG,EQ.D) GO TO 9
P e T R P L T A L R T e e e T T 2
READ IN LAG NUMRER OF DAYS OF TRANSLATED FLoW (1000 CUSIC METERS)
FROM PREVIOYS MONTH--=«QONLY IF LAG IS REQUIRED
R Ly e e e e e s e T e e e e LTy
READ (5,5) (TRANS{I),1®*1,LAG)
FORMAT (8FS MONIH==%“gNLT IT LAY [> NEUVLIRED
B AT LS T AT A e L T L SRS AL TAS At T L SAS A LEL LIRS SLL )
READ IN PAN YO FREE WATER SURFACE EVAPORATION CONS.ANTS
12 VALUES JAN, TO DEC.
LR R L e g T e P e e R A L P2 R L P R P R AL T2 R 2 s
READ {5,6) (PEAPJ(K),K21,12)
FORMAT (12F5,3)
NAOW=IYRZ~IYRT+1
NRON=HNONK2

Ao feno
w

o~

3 READ IN OBSERVED MONTHLY RUNOFF TOTALS

KMONRNMON-12

READ(477B2) (OBFL{K) ,K=1,KHON)
782 FORMAT(2X, 1286, 2)

1CHN=0

RIOT=U,

ANEHX=U,0

ARENY=0,0

0
TTEST-U.Q

BASE=U, O
SPEVYSD, D
NOR=D
TUVF=0,0
TOTHE=0,0
PSL=SSL
RRA=§S8B/55M
WRITECO, 1112001, K2, 43, HY
1112  FORMATOIX, (SIMULATED RUNOFF AT ' 4A8,//,
*/UXsUDAILY FLOWS IN THOUSANDTHS OF CUMEC;'/,
' MONTHLY FLOWS IN 10%%3 M*w3'///)
WRITE (647) SSL,S8M,85B,POWFR-BLUR,AMAK,PERC,LAG
7 FURMAT (%H1,1X,21HPARAMETER VALUES USED,//s6X,SHSSL.6X,3HSSH,
#6X BHESBAAX,SHPOWER ) 5% ) AHRCURASY ,, 4HAMAX, SX,4HPERC 76X, SHLAG, 7,
*TIX 8,25 ,4%,15)
HRITE(S,111)AREA,NMON,LINE, TLIM, HVAP
111 FORMAT(/1X,37HAREA AND PROGRAM (ONTROL FLAGS SET AS,//,
*5K 4HAREA, 5%, G4RNMON, 4 X e bHLINE 7S, GHILIM, SXo4HMVAP A/ ,1X,
*F3,20401X,1R))
D0 46 JK=1,3%
BFL (4K

foos
o




meen

781
7

ono

200
210

220

o

<

30
11

B50

DU 10U M=1,NMUN
KQEKG+Y
1F(KA, 6T, 12 K=

0TFLO=0,0

L s e g L T R S e T S et
READ IN ONE MONTH RAINFALL AND FVAPORATION DATA AS FOLLOWS
RAINFALL RECORD PRECEDES EVAP RFCORD FOR EACH MONTH

ERREA AR AR A AR AR ARG R E AN TR RN RTND AT IR R d XA Ik Nk kR kb kAN
READ (7, 10)NYR/NM, (RAINCND) 4uD=1,3%)

FORMAT(2I3,(11F6,2))

NENDELAST (WM}

TF (CCNYRe&# (NYR/4)) L ERQ,0).AND. (NM,EQ,Z)) NENDSNEKD#1
TF(MVAP,ER,2)60T0 790

DO 781 12=1,NEND

EVAP(IZ)=EVMO(NM) /FLOAT(NEND)

CONTINUE

READ(7s11) CEVAP(ND) ,aD=1,31)

FORMAT(6X, (11F6,2)7

START UF THF DAY LOOP

DG 50 1pAa=1,NEND
EPSEVAP(IDA) *PEADJ (NM)

PRERAIN(IDA)

SPR=SPR+PR

THE OPERATION OF THE STORAGF
RAT=SSL/SSM
PRE=RAT*#0,5¢RAT*X0,5-RAT
EP=EP*PRE

PLE=SSL+PR
TF(PLE,LE,EP)GOTD 200
SET=SET4EP

PLE=PLE~EP

GOYo 210

SET=SETHPLE

PLE=C,U

OVF=PLE=SSH
DL{IDA)=PLE
YF{OVF.67,0,006070 220
SSL=pPLE

FLOW(EDA)=D,.0

OVF=0,U

GUTO 250
FLOW{IDA)=OVF*ARER
SROS=SRBS+OVF
FSUMZFSUR+DVF

SSL=SSM

TRE NUN-LINEAK STORAGE FUNCTIUN




230

Neon

e

250

50

nea

B51

TEQILIN, EL 1)RANG=SSE
IF(ILIN,EG, 2)RANG=SSH
RAT=SSL/RANG
TF(RATGT,1.0)RAT=T 0
CHERAIN(IDA) =EP
FAT=AMAX«((AMAX=1,0)*(RAT#+BCUR))
TF(LINE, ER 1) FATZT,0
PSL=PSLY(CR*FAT)
IF(PSL,GT,SSMIPSL=5Sum
TF(PSL,LT,SSLIPSL=SSL
RATxPSL/SSM
FLLEDAI=PSL
TF(RAT.GT,BRAIGOTO 24U
BF=0,U

G0TO 230

THE DEEP PERCOLATION FUNCTION

HEAD=PSL=558

PUTH=35M~559
PLOS=HEAD* L {HEAD/POTHI*PERC)Y
S§Le5¥L.PLOS

POLerEt o G§EFAT
RAT=PSL/5 %

TPER=TFER+PLOS

THE BASE £L0W FUNCTION

XBRA=RAT-BRA
BFE(pSL-SSBI# (XBRAX+PONER)
IFLRF, 8T, SSLIBF2SSL
SGHF=SGYF+BF

SSL=§SL-8F
1F(SSLLT,0,0)85L=0.0
PSL=PSL-BF¥FAT
FLOWCIDAIRFLOWLIDA) + (BFwAREA)
FSUMEFSUM+BF
TF(LAG,GT,0,0)60T0 50
TFLOSTFLO+FLOMCIDA)
CONTINUE

TOVF=TOVE+$ROS

END QF DAY LOOP ANL START OF TIME DELAY SECTION

1=9

DO 92 KK=1,LAG

RFLOCKK) =TRANS (KK}

CUNTINUE

NU 93 J=1,NEND

K#i+LAG

TF (K GT,NEND) GO TO 94
RFLO(KI=FLOWCI) /(26,0%3,6)
60 TO ¥3

12141

TRANS (1) =FLOW(Y)

CUNTINUE

BO 95 NJ=1,NEND
TFLOSTELO+RFLO(NS)
RFLO(NIISKFLO (NI *TNOU.
TFINYR.EG IYRI=190UYGOTO 75
DAYF(M~12,NJ)=RFLOLNG) 710000

PR




a

pm

95

350 FORMAT (1X,30HDATA COMPONENT SUMMARY = ALL VALUES IN MILLIMETERS,

359

1113
12
1111

100

<
<
4

919
520

53
54
55

491
143

Hi#
sUB
BY

Anneannane

Hrt

852

CUNTINUE
FEIM(MI=TFLO
GOTO 1113
WRITE (6,350)

110N
WRITE (6,351) SPR+SPE+SET,SROS,SGWF,FSUM,TPER

FORMAT (1X,17HTOTAL RAINFALL = ,F8.2,//,1%,23HPOTENTIAL EVAPOTRANS

1 % ,FB,2,//,1%220HACTUAL EVAPOTRANS = ,FB.2,//,1%Xs

2 1SHSURFACE FLOW = ,F8,2//1%,124pASE FLOW = ,F¥,2//,

3 I3HTUTAL FLOW = ,F8,2,//1X,19H DEEP PERCOLATION = ,FB8,2)
IF(NYR,EQ.IYR1=1900360T0 100

WRITECO,1111) NCRsKG,(RFLOLKKD /KKS1NENDD
FORMATURS,13,19F6.0,7,8X,11F6,0,/,8X,11F6., 1)
TOTMMeTOTMM+FSUN

CUNTINUE

END OF MONTH LOOP

IF(YOTHM,LE,D,0)60T0 919

§UR=T0U,0*(TOVF/TOTHM)

ROU=1UD, O~SUR

WRITE{6,520) TOTMM,SURSGROU
FORMATC/7/1X,30( +1 )/ /9% " TOTAL SIMULATED RUNOFFC(MMI='Y,F10,3,
*/1X%, VQULCKFLOW PART OF TOTAL RUNOFF(%)=f,F5,1,/1Xs 'DELAYED',
*1 FLOV PART OF TOTAL RUNOFF(X}®',F5,1//1X,30C +*)//)
DO 74 H=213,NMON,12

HE=H+11

MYETYRI~T+RE/T2

FYC20,

XY¢=0,0

20 53 JaM,ME

K=JmMe1

XUBS(K)=0BF1 (Jn12)

FINCKISFSIMCS)

XYC=XYC+X08BS (K)

FSIM(I=12)=FINCKD

FYC=FYCIFINGK)

WRITE(S,55 MY/ (FIN(N)IN=1,12) s FVL
FORMAT(//IB,12FR,12F10.1)
WRITEC6,491) (XOBS(N) ,N51,12),XY¢
FURMAT(2X, 1088 ,1,2X,14F8.1,F10.1)

CUNTIHUR

NMONSKMON=T2

CALL AFIT(OBFL,FSIM NIHON,1)

LYF=IYR1+4

CALL BFIT(DAYF,/NMONS1,LY9)

sTor

END

AEBYGRARER RN EA AR ER A NER RGN R R n g S RRARARR OB RN R ENR
ROUTEINE AFIY BY p,J. T ROBERTS+**ExTFYDED ANO WODIFIED
AJH, M, GORGENS,DURING 1980+1951+19p2wwwana

X IS THE ARRAY OF OBSERVFD WONTHLY DISCHARGE

Y 15 THE ARRAY OF SIMULATED MONTWLY DISCHARGE

NMON IS YHE LENGYH OF RECOAD IN MOKNTHS

1 [$ THE FIRST MONTH OF RECORD (J.E., 7 FOR CALENDER
YEARS ANG 10 FOR HYDROLOGICAL YFARS)

RERAUERTAG AR A NSRS aH A GO E G RE ARG BRSO BN AN AR Y
SUBROUTINE AFIT(X,Y,NMON,R1)

DIMENSLON X(3100),LRUN(ZNM) »¥{100)RESXCZ0U),RESY(CO0)
DIMENSLUN DIFRESC200),FDCXCANI S FOCY(BLI,FLEV(6U)



853

SUBFILESPITM L{RB3I0U LENGTH; 58 RRAG

LIST
PROGRAM (BILL)
4 INPUT 5=CRO
i DUTPUT 6=LPO
INPUT 8=CRZ
INPUT (=CRA
i COMPRESS INTEGER AND LOGITAL
1 ] TRACE U

END
; MASTER BILL

THES PROGRAM GENERATES MONTHLY RUNOFFS FRUB PAILY AND/JR MONTHLY
RAINFALL AND MONTHLY A~ PAN EVAPORATION DATA

coan

TDIHENSION PCEUOI,PECIV0) +FLOWL20U) APERL (12 JFINCIZ) 4BCI0M) ,
1001002 /DRI AGWF (2002 2 FOBS (2U0) , FSIMC200),085¢(12) ,EROID)

<
4 INPUT A«pAN COEF, FOR LOWER GT.RISH
<

DATA ER/G,76,0,77+0,75,0,74,0076,U,76,0,7450,72,0,69,0,71,0,74,
*0, 75/
ERE e R R e s R s S e R P L R A P L TR e *
READ LAUGE(G1+G2) CATCHMENY AREA(AREA=KM®*2)
AND NO, OF COMPUTATEIONAL $TEPS pER MONTK
NLT=0 FOR DAILY RAIRNFALL INPUTi=4 FOR MONTHLY RAINFALL INPUT
Rl T e L S e g e e T I TP P Py YL s
READ(S 24} 61,62, AREA,NIT
FURMAT (A3, F7,0U,13)
LR e e T e L R e S e T e g
READ CAYC! 'ENT PARAMETERS
PUW=POWEE = STORAGE RUNOFF CURVE
SL*STORAGE BELOW WHICH N) RUNOFF OCCURS(MB)
ST=MAKIMUh STYORAGE CAPACITY(am)
FU2RUNOLF RATE AT MAXIMUS STORAGE CAPACITY (MM/MONTH)
GWzMAXINUR GRUUND WATER KUNGFF RATE(MM/MONTRH)
AL=PRUPORTION OF IMPERVIOUS CATCHMENT
IMINSHINIHUA ABSORPTION RATE (MM/MONTH)
IMAX=MAXIMU® ABSORPTIUN RATE(MM/MONTH
PLsINTERCEPTION CAPACITY(MM/DAY)
TL=TIHE LRG OF RUNOFF(MONTHS)
GL=TIME LAG OF GROUND WATER (MONTHS)
RXEVAPORATION STORAGE COBFFICIENTY
LR S T L TR s T s I Wbk kok **
READL(S/1U7) POW,SL/ST#AFT,GW, ALLZMIN, INAK,PI,TLoGLSR
107 FURMAT(RL,1,2F5,0,2F5,1,F5.3,2F8 UsFao1,3F5,2)
¢ - ————
g CALCULATE COEFFICIENTS(X,Y) TU YIELD MONYHLY INTERCEPTION
K213, 084p10k1, 14
Y3,000700p1h%, 75=,019
NOFT=NET
IF(NITI60,60,5%

faean

mBeafconmataeanon

59 DI=1,/FLOATY(NIT)
4 LR T L L e e e T T 2 e
c READ FIRST AND LAST YEARS OF SIMULATIUN PERIQD

¢ R R g e e R g R N A L 4




coa

708
707

cen

60
5

o~

854
READ(S5,5) LY1,LYZ
FURMAT(215)
NY={y2ri¥ise
NHZ12%RY
t!tag*ﬁa*ﬁ*tttt*i‘u***n*kﬁ**!*tﬁt*ﬁ*****‘kiﬁw*'i’ti!ﬂit**ﬁ*ﬁﬂ*t*tk*tk
READ MONTHLY CATCHMENT RAINFALLS,PAN EVAPS AND OBSERVED FLOWS
R L L T I e e s kAR kK o
DY 6 NEILNY
NEND=1LaN
NIEGaNENU-11
READCS,7) IYCA(PUL), JENBEG/NEND)
READCE#7) 1YL (PECI) , J=NBEG,NEND)
FURMAT(I2,12F6.2)
CONTINUE
NYH=2NY =1
bU 707 N=1,8YN
NE=12%N
NB=NE=11
READ(?,70BYIYC,(FOBS(J) ,J=NR,NE) -
FORMAT(12,12F6.1)
CONTIRVE

COMPUTE COEFFICIENTS RELATING EVAPORATION Y0 STORAGE

HON=Q
80 1u J=1.N4

NON=RONS]
TFCMON 6T, 12) MON=1
PECJI=PE(J)*ER(MON)
SLERWST/PECIII#*0,50
BLII=PELSI I (ST=52)
CLY)=~PE(II"S2/ (ST=52)
nsg

INITIALISE STURAGE Anb COMPUTE INITIAL CATCHMENT RUNOFF

THLG
S8, 2UNST
ATZFT/(STmELI%2POW
1F{S1~SL) 14,156,135
[SED

QIZAYX(S1=SLI**POVW
1F(ay=-6Wrs3,82,82
Fé1=01 *

Fi1=0,

6UTo 7U

FGi=6W

Fli=Q1-6w

START UF LOOP CALCULAYING MONTHLY RUNOFFS

GWF(J)=0,

TE(PCI2IP0, 00,91
be=d,

GUTo 9¢

DE=X* LT, =EXP(Y*P(I)))

il



~ean

coan

e

ge

17
14

19
20

2z
23

24
25

27
28

w

57
58
Er3

B5S
EISC{JI+BLI)I#ST-DERST/ST
IF(EN)17,18,18
E1=0,
01=at+Et
IF(NITI19,19,30
RN o WK kR * Wk H Hwnnk ok AH

READ DAILY RAINFALL DATA (MM)

P R T L L e L T e e

READ(5220) 4 Y MON, (DR{ND),ND=1,31)
FURMAT(213,(16F4,12)
DPIzpl

COMPARE MONTHLY RAINFALL TOTALS AT DAILY GAUGE WITH THAY OF
CATCHMENT MEAN AND ADJUST DALY RAINFALL TOTALS ACCORDINGLY

SuRzy,

DO 22 HD=1,31
IF(DRINDII22,22,21
SOR=SDK+DR IND)
CONTINUE
LE(P(I)I23,23,24
sDR=1,

GOTO 25
lf(SDR)??;l?:ES

bU 28 ND={
!f‘DR(NB))Zé:Zb,Z?
NUFT=ND=1

OFT=NOFT
D¥=1,/UFY

60TO 3¢
DRCNDI=DRUIND)I*P(J)/SDR
CUNTINUE

NUFT=31

pI=q /51,

60TO 3¢

NOfT:!U

DARKIPYE
XV(P(J))57;57'56

COMPUTE COEiflCXENYS(h’EN) VOR SVNTHESIZlNG MASS CURVE OF RAINFALL

WEmZ, 41, 37320 (P34 ,6)%n. 8
WEK/P(d)
ENZ9,e8/€1,027Wan*1,49
FELEN=T20,285,65,64

ENE120,

COMPUTE INCREMENTAL RA!NFALLS From SVNTHETIC MASS CURVE

sPi=0,

sunt=0,

00 31 1T=1,N0FT
SUMTESURT4DY
SP2EP (I NSUNTHXEN/ (SUMTH*ENS (1, ~SUHTIRREN)
OR{1TI=5PR=5P1
SP1ugid

GUYO 3¢

bO 54 1T=1,NOFT
BR(1TIA0,
DLMIN=LRIN*DT
DAMAXR=LMAXH*DT




ot

Mmoo

o

a

o

con

100 oP

4101
102

8

=

85
2
202

203
204

15
200

33
34

3

&

36
37

38
39

4%

856
DLAVE= 5% (DIMIN+DIMAX)

START UF (L00P CALCULATING RUNUFF FOR EACH TIME STEP
DO 48 IT=T/NOFT

SURF=U.

1F(PCd)100,100,101

I1=0,

60To 1U2

DPI=DEXDRIITI/P(JY
DRCITIS(1,=AID*(DR(LTI"DPY)
IF(ORCITII®G,B5,85
bPR{ITI=D,

COMPUTE SURFACE RUNOFF

IFCBR(LIT) »DININ-,0001)200,200201

TF{DRCITImDZAVE) 202,203,203

SURE=Z2, # (ORCITI-DZMINI *¥3/ (3 M(OZHAR=DZNINI #%2)

6070 200

TF(DRLITI=DZMAX) 204,205,205
SURF=DR(IT}~DLAVE+2 % {DZMAX~DROITIIN*3/ (3, % (DZMAX=DZMIN) #*2)
GRYQ 200

SURFSDK(1Y)~DLAVE

DROITI=DPRCIT)I~SURF

CUMPUTE SUIL MOISTURE AT END OF TIME INTERVAL

T8€E})53,33,36
IF(01)354,30,35

SLOpE=U,

80TO 4¥
SLOPESAY*POW(S1=SL)%*x(POW=1,)

GUTO 3y

1FCQ1337,37438

SLOPE=B{(J)

GUTo SY

SLOPE=B(J)+AYNPONS (S1~SLI*¥*(PUW=1,)
OME (014, S«DRCIT) #SLOPEY /{1 . 4,5 %DT#SLOPE
SERSTHOR(LT)I =OMwDT

1P(S2~ST)I4T,41440

CumMpuTe SURFACE RUNNFF DUE TO EXCEEDENCE OF SUIL H0157URE CAPACITY

EXZSL-0T
TIEEX/CEXSTST)

TLRT T

GM= 5«idielTINT24F T4
EMB SH (. T4PFQIT=DE)#TLH(PECII~DFI*TT
SPILL=>1=5T+BR{ITI=OT*{AMIEH)
DFLOWSSPILL+DT* (UM=GY)

GFLOWSDTwGW

El1spECS)

Ar1=fy

01=ET+QT

5é=37

CUMFUTE RUNQFF RELATED T0 SOIL MOISYURE CONTENT

1r(g2SL)42,42,43

hN




aeaa

B57

42 oeso,

FL250,
GUTO 44
43 BZEAYR(S2~SL)**pOU
1F(Q2=6WI16,96,94
FuZeqe

o

94 FG2=gW
FLZ=G2-GW

44 DFLOW=S#DTH(FI1+£12}
GFLOWS  S*DT¥(FE14FGR)
Fei=FG2
ur=az
FRI=FLs
E1RCCI4BC)RE2mBERS2/ST
1FCEL)A5,46,46

GNF(J)‘GHF(J)*GFLOH
48 FLOW(J)=FLOW(J) +BFLOWHSURF
49 TELOWSTFLOW+FLOWCI) +GRF LI
AL=AI*100,

WRITE MEALINGS
WRITE(6,61)61-62,AREA

61 FORMATU4H1, 14X 28HSYNTHESIZED RUNOFF AT GAUGE #2435, CATCHMENT'
1IAREAS' S F7,0,180,KM V J92X 33 CHHR) 22X, 27 CLHX) 12X 15¢1HR) /)
WRITEC6,62)PON/SL,ST,FT, 64,41

67 FURMAT(TE  POU=,F4 1,60  SLE/F7.2,8HMH  STE,FT7.2,BHNH  FT=,F7,
12/15K MM/MONTH  GW=,F6,2,15H Me/MORTH  Alx,F4 1,18X/)
WRITECO, 78) ZMIN, ZMAK PL, 6L TLANIT

78 FORMAT(BH  ZMINE,F7,2,16HMM/HONTH  IMAXZ,F7,Z,14HHH/HONTH  PI=/,
1F202,9H0 . bL=,F5.3.135 HONTHS  TL=,F5,3,14H MONTRS  NiT=,13,6
2H/INONTH/ /)
WRITE(H,103) R

103 FORMATA1Xe'R="/F4,2/)

WRITE(D,063)
63 FORMAT(114Y YEAR JAN FEB HAR APR MAY Ju
doL AUS SEP Ocrt NOV DEC TOTAL/)

LkG MONTHLY RUROFFS AND coNvEHT FROM DEPTHS TO VOLUMES

!F(TL)86;86,87
B7 NRPM=,5/TL+,9Y
ROT=NKPH
Dr=q,/RDT
IF (NRPM-1)86,86,89

DU 74 ME13.NM12
(LR




858
MYSL¥ITehES1E
FYC=y,

I FEYC=U,0

BY 53 JuMsME
FLOWCSI=FLOMCS) xARER
4 - GAF (§IEGWE (J)*AREA

} Kad=hrl

i
i

YFQ=1371,71,72
FINCR)BFLOW(J)+GWF (4)
FRFLOWL)
i G=GWF(J)
. GUTO 73
72 IF(NRPF=1399,99,95
¥5 fal=FLOWCI=1)
DREFLOWLI I =FLOW(J=T)
DU 96 Nz, NRPM
FR=FuI+DTapg
FRF+CFI(FUT=FI+CF2x(FU2~FQT)
96 Ful=fu
GOTO ¥7
Y9 FEF4CFI#(SLOWIS=1)=Fr+CF2* (FLOWCII =FLOWCS=1))
97 G2G4COTRIUWF (=) =6)4C024 (GUFLII~GWF (1))
FINCKI®F+6
73 PERC(RI=PERC ORI #FINCKY
FSIM(am12)=FIN{K)
OHS(K)=FOuS(S=12)
FEYC=FFYL+DBS(X)
53 FYC=fYCHFINCGK)
IFCFYL) 0u, 68,09
68 FYC=,uUD1
6% QEALOGIO(FYL)
QBARZGBAR+D
SUM=SUB+*Q
R L T e e P L A g
WRITE MONTHLY AND ANNUAL RUNQFFS
e e T T T P T e )
5& WRITE(0,55)uY,(FININ)AN=1,12)/FYC
WRITE(S,999) (DBSI{N) N=1,12),FFVC
999 FORMAT(S5X, 1085 ,12F8,2+£10.2)
: 55 FURMAT(//18,12F8,2.F10.42)
74 CONTLINRUE
. NA=NM-12
; CALL AFITLFORS FSIN,NN.1)
. $70p

7

]

End
HABRRRRBRERYURH AU BRI H A AN AR R ARHERBRARAY RS
SUBROUTINE AFLT BY P.J,T,ROBERTSx*#FXTENDED AND MODIFIED
BY AL H M, GURGENS,DURING 195N+1931+49 e nnks

X IS THE ARRAY OF OBSERVED MONTHLY DISCHARGE

Y IS THE ARRAY OF SIMULATED MONTHLY BISCHARGE

NADN IS THE LENGTH OF RECORD IN NOUNTHS

M1 {S THE FIRST HONTH OF RECORD (1,E, 1 FOR CALENDER

YEARS AND D FOR HYDROLOGICAL YEARS)
BUBBREUBANAROECHANEREH GG A RN R N BIROARERRHARA R BN RN R AR RN

SUBROUTIRE AFIT(X,Y,NMON,MT)

BLMENSION X(1UD),LRUNLZD0) Y (T0G) RESX(20U),RESY (LYD)

OIMENSION DIFRES(200),FDEXC0)FOCY (LU ,FLEV(6U)

DIMENSICH AnTUX(2003,AUTOY (2002 ,4M012)/SHUNX(1¢),SHONY(12)

INTEGLR TEMPT,TEMPZ,TEAP3 TEMPA

TNEFLUAT (HMOH)

YEAR=FLUAT (NMUN/12)

noanaocnoe




B53

SUBFILEfDALM LC=B200 LENGTH: 57 Hra®

LISY .

PRGGRAM (DALMY

INPUT 3=CR1

INPUT 4=CRZ

INPUT 5=CRO

QUTPUT 6=LPO

COMPRESS INTEGER AND LOGICAL

COMPACT DATA

TRACE U

END

BASTER

L L F R R N T R R R N P TRV A 23 S AR N R R F R ER R LS T TS 22
MONTHLY MODEL DALM : DEPIVEP BY bp,HUGHES,H,R,U.,RHODES U,,1982,
FROM GAILY MODEL DALT(DEVELOPED 8Y P ROBERTS PRE~1978)

THIS YERSION BODIFIED BY A.GORGENS,H,R,U.-RHODES,1982,

AND USES ONE WARM~UP YEAR (EXCLUDED IN THE STATS,CALCS,)

TH1S PROGRAM GENERATES MONTHLY RUNOFF FROM MONTHLY RAINFALL (MH)
AND MUNTHLY PAN EVAPQRATION(MM),
L T e R L P L P e P L AT R R P A S R R R A LR Y E 4
DIMENSION RAIN(6D0),FSI®(600),0RFLI600),PFCLIVYY
DIMENSION EVMOL400),PEADIC(T2)/RRR(FTI,ANK(SA)ANYIST)
- e L g e e R E e e e A s e 2 sty
PEAD IN CATCHMENT NAME 0P RUN InENTIFICATION
R AR R A KA A R o A ok Kb H Bk R K F KR K Kk
REABES,1)61,62 H
FORMAT (243) |
e e T T e e e L R e A A R e e R R T A AR R e Ll
READ IN CATCHMENT AREA(SQ,KM)/
NUMBER OF MODEL ITERATIONS REGUTRED PER MONTH,
STARTING YEAR (IF 1920) AND MUNTH (IE 1 FOR CALENDER YEARS AND
10 FOR HYDROLOGICAL YEARS) & ERp YEAR OF SIMULATION aND
IFORS =1 FOR NO FOREST COVER UN CATCHMENT

=2 FOR CONSTANT FNREST COVER ON CATUHMMENT

=3 TO ACCOMMODATE CHANGING FOREST COVER B
AND LINE AND ILIM TO CONTROt THe NON-LINEAR STORE
T L et T L L R e TS L L LA LA LTI
READ(5,2) AREASNTT/NYRI,NYR2,NM1, IFORS,LINE, TLIN
FURMAT (F7.2,715)
FHE R RN AR IRk R TR G NIk AT RNk kk Tk R d sk W ekl Rk Ak Rhs ko
READ IN HODFL PARAMETER VALUES AND INITIALIZE VARIABLES
EEIN INITIAL LEVEL OF SOIL MOISTURE STORAGE(MM)
SSM  MAXIMUM CAPACITY OF SO1L MOISTURE STORAGE (MM)
$55  STORAGE LEVEL AT WHILH BASE FLOW BEGINS
POWER POWER OF RASE FLOW FUNCTION
BLUR POWER OF NON~LINEAR STORAGF DEPTH FUNCTION
AMAY  MAXIMU¥ VALDE OF STORAGE npPTH FACTOR
PTRC  MAXIMUM FRACTION OF $O1L MOISTURE TO DEEP PERC
AFOR  AFFORESTATEON PARAMETER (QET TQ 1.0 FOR NO FOREST COVER?
LR T T T R T R LR s T L e TR T T
e READ(5,3) SSLsSSM,SSE,POUER,ACUS  AMAX,PERC,AFOR

3 FORMAT (3F6,2)
NAONZ (NYRZ=NYRI+7) %12
KMON=NMON=-12
¢ D L L L L T LT TS L 2 T T T
3 TF TFURS=1 MO FORFSTRY CARD REGUIRED

Anannnonn

Afonaanmoan

Shanamano0n

N




fo oo

aoe
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F IFORS=2 READ IN PERCENTAGE F~REST COVER IN FORMAT 1F8,2
F IFURS=3 READ IN PERCENTAGE FOREST COVER fOR EACH YEAR OF RECORD
[N FORMAYT 10F8.2

ok ESa 2 2L 2T kv dk R * *

TE (IFORS, En 1) 60 VO 420

IFY=HNMON/92

IF {IFORS,EQ,2) IFY=1

R.AD (5,490) (PFC(KR)#KR®1,3FY)
410 FORMAT (10F8,2)

B e L e R L e A S R R S e s A sl il )

READ IN MONTHLY VALUES OF AVERAGE PAN EVAPQRATION (MM) JAN-DEC

T e R Ty i e e T A F A T e R R A R R T P e T s TS E T L T
420 READ (4,43 (EVMO(NX),NX=1,NHON)
FORMAT (2X#12F6,1)
AL S 222222 T Kok dkk kR LA A SRR L2 X a2 ad )
REAB IN 12 PAN TO FREE WATER SURFACE EVAPURATION CONSTANTS JANeREC
R e e e e e s e e e R T el
READ (5,444) (PRADJ(K),K=1,12)
(13 FORMAT(12F5,1)

ES

INITIALIZE ORSERVFD RUNOFF ARRAY
PV 10 $K=1,NMON
10 OBFL(JK)=0.0
R g e L T L e R R e R e R s e A e s e el
READ IN MONTHLY RAINFALL DATA(MM) FOLLOWED BY OBSERVED MONTHLY
RUNGFF DATA (10%#3 CUBIC METRES),
D Y e T R R L e L T T R s  E  E L a2 E e P s e P 2
READ (5,15) (RAINCI),1=1,NMOND
15 FORMAY (2X,12F6,2)
READ ($,15) (OBFLLK),K=1,KMON)
398 TPR={
TPE=D,
TAE=0,
TSURF=8,
TEFL=Y,
TSU4=U,
YET=0,
XET=0,
160821

.
vO/FLOAT(NIT)
PSL=SSL
BRA=§SB/SSM
WRITE €6,200) 61,62
200 FORMAT (141,20MSIMULATION RUN FOR 243,772
WRITE (6,210) AREA,SSLsSSMeSSH,0OWER,BLUR,AMAX/PERE
210 FORMAT (THD,33HPARAMETER VALUES USED IN THES RUN,//,5X,4HAREA,5X,
TUSSL ! 25X, P ESM" 454, 1SSB L3X, 'POUFR' 44X, "BCURY J4X, YAMAX' 24X s
RIPERC //IX 888,277
WRITE (6,212) IFORS,AFOR
212 FORMAT (AU 5HEFORS,OXs4HAFOR, /41X 18,F8.221/)
IF (IFORS,EG,1) 6O To £33
WRITE (6,215)
215 FURMAT (1HU,STHLISTING OF VALUES GIVEN FOR PERCENTAGE FOREST COVER,
140
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WHITE (6,234) {PFCIKRI,¥R=1,18Y)
234 FURMAT (1X,10FB.2./1) }
233 IF (IFORS,EQ,1) PCH=0.0
IF (IFORS,GY,1) PCH=PFC(1)
$SESuSSM

C
4 STARY OF THE MONTHLY LOOp
<

S S

00 40U H=1.NMON

IHa N+

NidENMT

IF (NM,GT,12) NM=1
FES(EVMOCHIXPEADI (NMI D /(FLOAI ENTT) )
PPPP2PE

TF (PALNCN),EQ,0,) GO TO 40

2,041, 3732%CCRAINCHI +1.6)%%0.8)

WEW/RALH (MY
FN=1,28/(€1,02#W)%%1,49)
If (EN, 6T, 120,) ENsT20.

<
€ START OF ITERATION LOOP
¢ o B i e B b ke O
DO 50 d=1,R1T
IF (RAIN(MI,NE,0.) GO To 60
RRR(JI=0,0
G0 TR 70

[ O
¢ CALCULATE RAINFALL FOR FRFSERT INTERVAL
£ mammmmm e maw o —————————————

60 SFARRSFAR+(1,0/FLOAT(NIY))
SP2=RATR{M) % (SFARNYEN/{SFARY*EN+(1.0-SFARIKXENY)
RRR(JI=EP2-5P1
sPi=sp2

70 TPE=TPESPE
YPR=TPRRRR 1S
TSL=TSL4SSL
IF (SSL.GT,THS) THS=sSL
GUTO 4300

THF INTERCEPTION FUNCTION oPERATEq ON & FINITE LINEAR STORAGE

FPXM=1,5+0,085%pCH
SINP=EPXM=SCEP
- JE (SINP,LT,U,) SiNP=U,
IF (RRR{JD,6T,SINDY 60 To 44D
SCEP=SCEP+RRR(J)
RERCJI=D,
. 60 70 450
440 RRR(JIHRRR(II=STHP
PRM

4
£ ADJUST SOIL CAPALITY AND pOYENTIA; EVAPOTRANS FOR FOREST COVER
¢ .

450 F2F=9,0+((AFOR=1.03 /100,02 *pPCH

' Pr=pPPPNF2F

€ vmmmememmemamme e e e o e —— R ———————
¢ Anp In RAINFALL AND 1AKE AwAY EVAp FROM STORE AND INTERCEPTION
3




4500 RAT=SSL/SsM
IF (RAT.GT,71,0) RAT=1.0
PRE=Z (U#RAT#*0,5=RAT
1F (SCEP,GE,PEY GOTO 500
TAE=TAE+SCEP
EDEM={PE~SCEP) ¥PRE
SCEP=0,0
GOY0 510
SO0 SCEP=SCEP=PE
TAE=TAE+PE
EDEM=0,0
510 PLE=SSL+RRR(J)
IF (PLE,LE,EDEMY GOYO 520
TAE=TAE+EDEM
PLE=PLE~EDEM
§070 830
520 TAE=TAE+PLE
PLE=0,U
530 OVF=PLE-SSM
IF (04F.67,0,0) GOTO 540
SSL=PLE
OVF=0,0
6070 S50
540 TSURFRTSURF+OVF -
SSL=§8n
S50 IF (ILIM,EQ,1) RANG=SSE
LF CILIM,EQ,2) RAN
RAT=SSL/RANG
IF {(RAT,67,1.0) RAT=1.D
CRERRR(JI~EDEM
FATZANAX=({AMAX=1.0) % (RAT**BLUR))
If (LINE(ER,1) FAT=1.0
PSL=PSL+ (CREFAT)
IF (PSL,6T,58h) PSL=SSM
IF (PSL,LT.58L) PSL=SSL
RAT=PSL/SSM
IF (RAT.GT.BRA)} GOTO 24D
BF=0,U
GUTO 250
240 HEAD=PSL-SSA
PUTH=SSM=8SR
PLUSSHEAD*{ (HEAD/POTHI*PRRC)
$SL=SSL-PLOS
PSL=PSL-PLOSHFAT
RAT=PSL/ESH
TOR=TDR4PLOS
XBRAZRAT~BRA
BF2(PSL-S$B)* {XBRA**POWER)
IF (BF,GT,55L) RFRSSL
TOFL=TBFL+BF
S§5L=SSLeBF
IF (SSL,.iT,0.) $SL=0,0
PSL=PSL-BF*FAT
250 TSUM=TSUM+OVF+BF
50 THIT=THIT+OVF+8F

862

<
L FND OF ITERATEION LOOP
c e m e enm e ——————— e ————
FSIM{MI=THIT*ARFA
YETaYRTSFSIM{M)
KET=XET+OBFL (M)




@
=3
bt

IF (1M NE 12) GO TO 100
ANX (‘ﬁON>
ANY {100N)= VEY

TCON=ILON+Y
IF (IFURS, €@,1) PLH=0.0
1f (YFORS,EQ,2) PCH=RFC(1)
IF (IJFURS,EQ,3) PCH=PFC(ICONT
1m=q
100 CONTINUE

END OF MOUNTH LOGP

“on

ASL=TSL/RLOAT(NMON®NTY)
WRITE (6,220)
220 FURMAY (1HO,48HRUNOFF VALUES GIVEN IN THOUSANDS OF CUBI{ METRES,
71 AU HI0X, SHTOTAL, //)
MBEGRY
NEND=1Z
NYRY=NYR1-T
LMON=KMON/12
50 255 J=1,LMON
NYRSHNYRY 44
1F(J,EQ,1)60T0 280
WRITE (6,2603 NYR,(FSIM{XL),KIZNBEG,NEND),ANY(J)
260 FORMAT (1H ,X&6,5H SIW ,12F8.2,F10,3)
WRITE {6,270) (DRFL(KZ=12),KI=NREG/NEND)ANX(I=T)
270 FORMAT (5X,5H 0BS » 12FR,2,F10,%,//)
280 NBEGXNBEG+12
255 NENOSNEND+12
20 2550 L=13,NMON
FSIMIL-12)=FSIM(L)
2550 CONTINUE
WRITE (64290)
290 FORMAT (THO,50HDATA COMPONENT SUMMARY = ALL VALUES IN MILLIMETRES,
113

WRITE (6.300) TPR,TPE,TAE, TSURF,TBFL,TSUN,TDR,SSL,GSL
300 FORMAT (1HO,17HTOTAL RATNFALL = ,F8.2,//,1X,25HPOTENTIAL EVAPOTRAN
18 = ,FB8,2,//,1%,20HACTUAL EVAPOTRANS = ,F8.2,//,1X,
215HSURFACE FLOW = ,FB,2/71XK,1CHAASE FLOW = LB, 2//1X%,
BYSHTOTAL FLOW = ,FB,2,//,1X,27HTOTAL DRAINAGE FROM SOIL = ,
4 FB,2,/f+1X,2THFINAL YALDE OF SSL = ,F8.24//+1X
5,21HFINAL VALUE OF GSL = ,FB8.4,//)
WRITE(0,310) ASL,TMS
310 FURMATC(IX,23HAVERAGF VALUE OF Ssi = +F8.2+/7#
1 1X,25HMAXI#UM VALUE OF SSL = ,£8,2)
CALL AFIT(OBFL,FSIM,KHOIN,RMT}
S$T0P
END
C HRHIYRRRAR AR E YRR RN E A DA AT RS AR ARG AN AN
C SUBROUTINE AFIT BY p,J.T,RORERTS#*+eXTENDED AND MOBIFIED
€ BY AJH N GORGENS,DURING 1980417814194+ 4ums
< X 18 THE ARRAY OF DBSERVED MONTHLY DISCHARGE
< ¥ IS THE ARRAY OF SIMULATED MOUNTHLY DISCHARGE
< NMON IS THE LENGTH OF RECORD IN MONTHS
¢ M1 IS THE FIRSY MONTH OF RECORD (I.E. 1 FOR CALENDER
< YEARS AND 10 FOR HYDROLOGICAL YFARS)
C O HRRABARER AR ER AR R YRR RO NS RN ERNRAL A BA RO REAR S R H Y
SUBROUTINE AFITCX,¥,WMON, 1)
BIMERSLON X(TUOY,LRUNTZO0)»Y(100) RESX(20U),RESY(200)

PR




BB A R AR RN RIS ARG ARARA RN BN G H A
SUBROUTINE AFIT GY p.J.T.ROPERTS«*xrXTENDED AND MODIFIED
BY A H(HM,GURGENS,DURING 1980419R1¥1082%wniwx
X Is THE ARQAY OF ORSERVED MONTHLY DISCHARGE
¥ {5 THE ARRAY DF SIMULATED MUNYHLY DISCHARE
NMON IS THE LENGTH OF RECORD IN MONTRS
M1 1S THE FIRSY MONTH OF RECORD <1.E, 1 FOR CALENDER
YEARS AND 10 FOR HYDROLOGICAL YEARS)
e L A R YRR A R AR L A R P TR 2T e T
SUBROUTINE AFIT(X,¥,NMON,MT)
DIMENSION X(100),LRUNC20D)»YCT0ON) ARESX(200) ,RESY(200)
DIMENSLON OIFRES(20D),FOCX(60),FDCYC6UI, FLEV(EL)
SIMENSION AUTON(200)AUTOY(20U),JM(12),SHONX(12),SHONY (12)
INTEGER TEMPI,TEMP2,TEMPI, TEMPL
TN=FLOAT(NMas)
4 LOATINMON/Y2)

B64

NRUNSU
NPOS=0
NNN=0
NPP=D

SIGN TEST

bU 11U I=7,NmMON
52G=v(1)eX(y)

TF (S16.4E.0.0) GDTO 18
NNN=D

NPP=D

GUTO 1¢

IF (SL6,(7.0,0) 60T 11
1F (NPPLER,D) NPOSTNPOSHY
NPP=NPF41

Nt=n1+?

NNN=Q

w

NKN=NRN

NLENZHY
12 TUTX=TOTXHX(1
DTYHY (DD
LTOTY=-TOTXI/TOTXI+300
AMM=TUTXITH
YMM=TOTY /TN
PHMe { (YHM=XMM) [ XNMI %100
XMARSTOTX/YEAR
OTY/YEAR
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PHARE ((VMAR-xMAk)/XMAR)*1OO :
SUBKY=U
$xsa=u, u
$Ys0=0,0
SDIFR0,0
SXpEV=U,0
fipx=0
TiMy=0
“oTX=1
MoTYs1
LEEX=Y
LGEY=D
!KFLG:U

YIRY=U,0

Ab2=g,U
o0 15 4y=1,12
$SBONX(JS) 50,0
SMONY(44)=0,0
15 JM(JJ) 4

DG 20 J=1,NM0M

MAzARET

IF (MR,G6T,12) MM=1

SMONX (MM)=SMONX (MM +X (J)
SMONY (HM) =SwQNY (MM} +Y (J))
SUMXY=SURXY+XCSI#Y ()
SASBSXSUHX(II*X (I
SY50=5Y50+Y (JI*Y ()
GIFRESCHI=X(II =Y (I}
SOIFASSHIFA+ARS (DIFRESLY))
SOIF=SOIF+DTFRES (I *BIFRES(Y)
XDEV2X{S)wXun
YOEVEY () - ¥uu

SADEVESXDEVHXUEVAXDEV
SYDEVESYDEVHYDEVRYOEY
TRX=THX+XDEY

TRY=TRY+YDEV
RESKL{SI=TRX
RESY(JI=TRY
TTRXTTRX+RESK )
TIRY=TTRY4RESY(Y)

i
€ CALCULATE MG, OF RUNS AND LFNGTH OF pACH RUN
<

12110



PLF1=X0I)~Y (J)
TFLI,ELL 16070 201
IF(DIFT,£0,0.000)60T0 202
IF(DIFE,E0.0,000)G0TO 201
CLFeDlf1%0IF2
TFCH,EQ NMONIGOTO 202
IFCCIF,67,0,000)60T0 201

202 KE=xe+t
LRUNCKC)Y =1
11=0

201 0IfF2=01F1
If (J,67.1) 6070 30
FMAX=X{J)
FYMAX2Y(J)
XMIN=RESX (1)
YMIN=KESY (1)
¥RAX=RESXCT)
YAAXSRESY (1)

30 1F (RESK{),GT.XMAK) XMAX=RESXLL)

TF (X(Y . GT,FRAX) FMAXSX(J)
TF (YGI) (T FYBAX) FYMAKEY(S)
IF (RESY(J},6T,YMAX) YMAX=RESY(J)
IF (RESX(J),LT,XMIN) XBINSRESX(J)
IF (RESY(J).LT,YMIN) YMEINSRESY ()

£
< SET up DEFICIENT FLOW PERIOD(<MONTHLY HMEAN)ICALCS
¢

TH(J,EQ.NMOR)BDTO 225
IFAXC) BEXMM,OR,X(I¥T) ,GE, XxMM)G0TO 220
GOT0 228

225 TF{X (). GE, XBMIGOTO 227
1F(TEMP1,E0,1)60T0 227

228 MDTX=mDTX+1
TEMP1=U
TEMPZ2=U

TF(MDTX,GT,LGEX)LGEXSMATX
1F(J,EG.NHONIGOTO 223
60TO 247
2z0 Temp=1
IFC),EQ.1I6DTO 222
TFCTEMPT,EQ, 1, AND, TENPZ  EQ,0)60TD 223
222 mpTX=t
TEMp2=1
§0TO 227
223 1EnX=11MX+t
IXFLOZIXFLO4MDYY
TEhp2=1
227 IF(JS,EQ,HMONSGOTO 235
TFCYC) GE, YRR, OR,YCS+T) (GE YRM)GOTO 230
G070 238
235 TFCY(J) . GE,YHNIGOTO 20
IF(TEMF3,EQ.1I60T0 20
238 MDTY=MDTYV4]
TENP3FY
TEXP4=0
TF(MPTY GT,LGEYILGEY=HDTY
YFCJ BN, NRONGOTO 233
GUTH <CU
230 TEMp3=1
THL).ER.160TO 232
TECTEAP3, LA, 1,AND, TERPS, EQ,0)00T0 233

B66




232

233

150 GHDNY(JJ) SMONY(JJ)/YEAR

noTy=1

TEMPG=T

GUTD 2UL
Jiny=Tiny+d
IVFLO=XYFLO+MDYY
TEMP4=1

CONTINUE

XDEFLICRFLOATCIXFLOY /FLOAY(TIIMX)
YOEFICRFLUAT(IVFLOJ/FLOAT(IIMY)
ERDEFI=100,0%CYDEFIC=XDEFIC) /XDEFIC

ERLGE 100, Ua(FLOAY(LGkY LGEX)/FLOAT(LGEX))

nu 1su 341,12
SMONX{JJ)=SHONX(IJI) /YEAR

B67

aoe

151

PwEPANE cALc OF sPEcIAL CGEFF. OF EFFICIENCY US
Fa= s=z

EACH MONTH'S MEAN

SPEC=0.0

B0 152 J=1.NMON,12
ME=J+11

DO 171 JJ=J.NE
KSdgmd+g

RESH=X LJJ)«SMONX (K)

cun INbE

CUNTINUE

DO 953 sU=3,12
SMONK(JJ)=CSHONX C4J) /XMARI »10V 0
SHONY (I J)=(SHONY (S JI/YHARDI 100, N

¢ PREPARE CALLC OF COEF, OF RERSISTENCF
4

208

ki)

<

709

205

DO 203 LL=3,KC

15204

TU=(, U

DO 204 NA=1,LRUN(LL)

MCEREHT
TFCLL,EL,1.AND, NN EQ,1)GOTO 7U9
TFCLRUNCLLY  NE,1)60TO 209
PF{LL,EQ,KC)G0TO 207
DELTARDIFRES(ME-T2/(PIFRES(MC)-DIFRES{NC=1))
AD1=0, S0%ARS(DIFRES(MC=4) ) *nELTA
GUTa 208

TEINN,GT.1360T0 709
TOSTORX(MC=1)

TSSTS+Y (MCet)

IF (NN, 20, LRUN(LL)=1)60T0 205
TFANN,E0,LRUNCLLIIGOTO 206
TURYO+X{NC)

TSET54Y(mC)

GOTO 204

TFCLL, B0, KE)GUTO 207
TOEYOHU, 5UCX (ML)
TE=TS+0, 50%y (ML)
NELTAS“DIFRES(MCI/IDIFRFSIMC#TII-DIFRES(MC))
AD1=N, B0uAKG(DIFRFS (HC) I #DELTA
GUTH 2us4




206

207
206

203

neo

e

22 8
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TF(LL.EG,KCIGOTO 207
TOSTQ+UL 504X (M)
TERYS+U, 50wy (HE)
GAMMA=1,0=-DFLTA

§01p 204

TO=T0+X(HC)

TS=TS+Y{MC)

CONTINUE
TRETA+CTO=TS+ADT#AD2) * (TO=TS+ADT+AD2)
ADZm0,2U%ABS(DEFRES(MET ) xGAMNA
CONTINUE

PREPARE CALC UF DURBIN=WATSON 'n°

DURB=U,0

DU 211 JL=2,NMON
TEMS=DIFRES(JLY-DIFRES(IL=1)
DURB=DURG+TENP*TEMP

:UNTINUE

RRER=1UD.U*;DIFA/(TN*XNM)

DURB=DURB/SDIF

PERSIS=TA/SDIF
RELPER=100,D*SARTITASFLOAT(KC) )/ (XMH*XMK)
RRMCK=XMAK=XMIN

RRMCY=Y9AX-YMIN

(TTRY=TTRXI/TTRX)I*100,0
UHXY=(TOTX*TOTY} /T
XSQ«{TOTX+TOTXI/ TN
YSO-{TOTY#TOTY)/ V0
TOP/SART(ROTX*ROTY)

Top/RATX

RCON=YMH=REGCXXMM

TF (CUKL,EQ,1.05 GOTQ 22
CORC*SQRTINMON=2))/SART (. 0~CORCHCORC)

TOP*REGE
YSGmRCON®TOTY=REGC*SUMXY
SEES=§HRT(SRES/FL”AY(NMOM 20
[ ORC*CORC
ctr SL(SKOLV-SOLIF)/SXpEY
SPFCEF (SPEC=SDIF}/SPEC

AR SXSG/TH) = (AMMEXNM)
SYSQ/TN) = (YMHaYHMM)
(VARY«VARX) /VARX)#100,0
CRRMCY-RRMCXI/RRMCKIXIQU. 0

CALCULATE MAaX ERUTY CONSTANT ERROR

CYY=SURT(SDLF/FLOAT (NMON) ) /XXMM
HRT(SXDEV/FLOATCNMON=1)) /umh
EVEXCEVE*FLOAT(NSON=1) fFLOAT(NMON}
CEVE+1,0)%xD,25
EMECE=TU0,UXCYY/CEVE

CALC INDEX OF SEASONAL varlaslliyy
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.0
100, O/ XHAR
PYMM=YHM4100, 0/ YHAR
TYM=0, U
TXM=Q, U
PL 40U L=1,12
XMRES=SMONX (L) ~PXMN
YRRES=SHONY (L) =PYNK
TXM=TXM+XHRES
TYM=TYMEYMRES
TECTXM, G XRIG)XBIG=TXM
IFCTYN,GT,VAIWIYRIG=TYM
TFCTXMLLT XSMAL) XSMAL=TXN
TECTYM LT, YSHALY YSMAL=TYM
400 CONTINUE
X1$=XB1G=XSMAL
YIS=YBIG-YSMAL
EISz=iUU, D*(YIS~XI8) /XS
TRESX=U,0
TCR§=U,0
DY 4 k=1, NMON
TRESX=TRESX+ ((RESX{K)~ARX) ¥ (RESX(K) =ARX}}
40 TCRS=TCRS+((RESX{K}-RESY(K))*(RESX(K}=RESY(K)))
RMCC=(TRESX~TLRS) /TRESX
STEP=FhAX/30,0
UP=.STEP
b0 70 1FC=1,3
UP=yp+STEP
FLEV(LFC)=Up
NCx=0
NCY=()
PO 80 JF=1,NMON
TE (Y(JF),GE.UP) NCY=NCY4Y
IF (X(JF),GE,UP) NLX=NCX#1
FOCX(IFC)=(FLOAT(RCX) /FLOAT (NMON) I *100U.0
FOCY(IFC)=(FLOAT(NCY)/FLOAT (NMON)I*100,0
WRITECS,50)
50 FORMAT({1H1,43HCOMPARISON OF SIMULATED AND OBSERVED QUNOFF./,
1 X630 H-) 01
WR1TEL6,51)
51 FORMAT(57X,AHUBSERVEDOX, FHSIMULATED 8X, 7THPRCENT,/,
1 99X, GHRUNOFF 9%, SHRUNOFF, 10X sSUERROR, 7, 5TX, BUTH=) 2 6X,9 (1H=),
2 BX,701H=)»17)
WRITE(6,52) TOTX,TOTY,PTOT/XMAR, YMAR,FHAR
52 FORMAT{1HO,12HTOTAL RUNOFF,37X,3F15,3,//+180,184MEAN ANNUAL RUNOF
1Fr31X,5F15.3,71)
WRITE(6,55) XMM,YMM,pus, VARX, VARY,PVAR
53 FORMATC(THU,22HAVERAGE MONTHLY RUNOFF,27X,3F15,5,//,
9 THO,ZOHVARTANCE OF MONTHLY VALUES,23X,3F15,3.7/)
WRITE(6,54) RRMCXARRMLY, RERR,ARY,ARY,PTT
56 FORMAT(1HU,2BHRANGE OF RESINUAL MASS CURVE,21X,3F15,3,//,
1 THNL2/HMEAN OF RESIDUAL MASS CuRVE,22X,3F15,3,/7/)
WRLTE(B,401)IX18, YIS, €IS
401 FURMATC1X,29HINDEX OF SFASONAL VARIABILITY,20X,3F15,3//7)
WRITE(H, 404)XDEFIC,YDEFTC,ERDEFT,LEEX,LGFY,ERLGE
404 FURMAT(1X,34HMEAN DEFICIENT FLOW PERIUD(MONTHS), 15X, 3F15,3//1X,
*ILHAAXIMUN NEFTCIFNT FLOW PeRLON(MONTHS) 12X, 2115/F15,5//)
WRITEC0,155)

8

<

7

c
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155 FORMAT(1HO,64HSEASONAL DISTRIBUTION OF RUNOFF (EXPRESSED AS PERCE
INY OF MoA R Y /s %0540 ) 0072
WRITE(6,156) (JMIKNY KN=1,12) 7 CSHONX(KR) ,KN=1,12), (SMONY (KN) ,KN=1
10023
15& FORMATCTHU,SXsSHMONTH, 1X, 12175/ ,1H0,2X,8HOBSERVEDS1X, 1277424/
inn 1X,9MS!MU(AYED;1X;12F7 2.1
WRI 255}
55 FURMAT(1N?f}BHSTﬁTISTXCAL MEASURES OF CORRESPONDENCE,/s1X,
1 SB(IH=Y»//, 1%, 3BHSIMULATED RUNOFF 15 DEPENDENT VARIABLE,//)
WRITE(S,56) CUORC,SIT,REGLsBLON
56 FORMATC(TRU,23HCORRELATION COEFFYCLENT,26X2F10,5,//7,
1 THO, TOHSTUBENTS ¥ VALUF.33v,F10,3,//,7HD,22HREGRESSION COEFFICIEN
ATs27X,FI0,2,//,1H0,34HBASE CONSTANT OF RELRESSION EQUATION,
1 13%,F0,3,74)
WRITE(6,57) SREG,SRES,STOT,SEES, EMECE,RAER
57 FORMAT(1HO,ZSHREGRESSION SUn OF SBUARES,24X,F10,3,//7,1H0, !
1 C3HRESIDUAL SUM OF SQUARES,26X,F10,3,//,1H0,20NTOTAL SUM OF SQUAR
ZFSs29X/E10.%, /¢, THO, 26RETANDARD ERROR QF ESTIMATE,23X,F40,3,74,
#TX,ZEHMAXINUM EQUIVALENT CONSTANT ERRUR(X2,$13X,F10,3,
*/1VX,2OHRELATIVE ABSOLUTE ERROR(X#13XsF10,3/7)
WRITE(6,58) COET,CEFF RMCC,SPECFF/PERSIS,NELPER,DURB
58 FORMATC(IHU,ZBHCNEFFICIENY OF DEYERMINATION,21X,¢10,3,//,
1 160, SAHSTANDARD COEFFLCIENT OF EFFYCIENCY,15%X,810,3,2/ 100,
2 3THRESIDUAL MASS CURVE COEFFICTENT,18X,F70,3,
¥ //,9%s33HSPECTAL CORFFICIENG OF EFFICIENCY,16X,F10,3,
& JI,1%Xs"COEFFICTENT OF PERSISTENCE®,23X,F10,3,
5/4,1X, "RELATIVE MEAN PERSISTENCF(X)',24X,F10,3,
6779%, 2HADURRIN~WATSON D-STATYISTIC, 14X, FI0.5//)

CALCULATE STGN TEST

FNEXP=FLAAT ((2*NI*N2)/(NT#N2) +1,0
RUNSD=FLOAT (R#NY*NZ# (2HAHI*N2=NT=NL))
RUNSO=RUNSD/FLOATC(NI N2« (NTANZI*F(NTHNZ=1))
RUNSD=SBRY (RUNSD)
TET=FLOAT(NRUN+NPOS)-ENEXP
ZET=ABS (ZEY/RUNSD)
WRITECH,9L) NRUNSNPOS, ENFXP, N NT/LZET
0 FURMATUTHU,OHSIGN TEST,/,1X,9¢1us) s /1, 1%, 13HNEGATIVE RUNS,
1 15,//21X,13UPOSITIVE RUNSATIS,//,IX, 13HEXPECTED RUNS,E5,1//,
*1X A5HNERATIVE PESID.,I8//1X,15uP0SITIVE RESID, I2//,
#1K,22HSTAND ,NURMAL VARIATE 7,F6,2//)
WRITE(O,5Y)
59 FURMAT(TH1,43KLISTING OF THE UBSFRVED RESLDUAL MASS CURVE,
1 1r1Ksb3(tH=3017)
WRITE(6,48U) (RESX(L)},L=4,NMON)
60 FURNATCIHULA0F1N,3)
WRITECB,61)
61 FURMAT(IHI4LHLISTING OF THE SIMULATED RESIDUAL MASS CURVE,
1 trthrbb(tH=)sl /)
WRITE(S,6U) (RESY(L), L1 ,NMON)
WRITE(6,59) ]
91 FORMAT(1H1,35nLISTING OF THF FLnw DURATION CURVES,/,1X,35(1H=),
3 F/,THU, 23HMONTHLY DISCHARGE LEVEL,10X,33HPERCENT TIME FOUALLED OR
2EXCEEDED /o 44X, BHOBSERVED,6X,YHSIMULATED , TOX,5HERROR,/,1Xs 23 (1H=) »
F1UX, S3CTH=) LUK, S CUH=) 2 1 1)
U 10U Ik=1,31
ERHOR=FDCYLTKI~FOCX (1K)
WRITE(6,140) FlFV(!K):‘DCX(YK)'VDCY(]k)»ERROR
110 FURMAT(OX,F15.3,13%,5F35,
100 CUNTIWUE
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155 FORMAT(1HO,64HSEASONAL DISTRIBUTION OF RUNOFF (EXPRESSED AS PERCE
THY OF MoAR Y e/ s X066 QU] 1/ 1)
WRETEC6,156) (JM{RNY pKN=1,72), (SHORXCKN) o kN=1,12) s (SMONY (KN) ,KN=1

1,123
156 FORMATCTHU,SXoSHMONTHs X, 12174/ ,1HD, 2X,BHUBSERVED,1X,12F7 42,/

1 THO,TX,OHSITMULATED 4 X 12F7,2-//)
RRITE(L,55)

55 FORMATUTHI,38HSTATISTICAL MeaSURES OF CORRESPONDENCE,/r1X,
1 SB(1H=),//, %, 3BHSIMULATED RUNNFF IS DEPENDENT VARIABLE,//)
WRITE(6,56) CORC,SIT,REGC,BCON

56 FORMAT(1HU,23HCORRELATION COEFFTCIENT,26X,F10,5,//,
1 THO,T6HSTUDENTS T VALUF,33%,F10,35,//,TH0,22HREGRESSION COBFFICTEN
1Y,27K2F10.3,/7,1K0, 36HBASE CONSTANT OF REGRESSION EQUATION,
1 I3%,F10,3.74)
WRITE(6,57) SREG,SRES,STOTASEES,EMECE,RAER

S7 FORMAT(1HO,25HREGRESSION SUn UF SUUARES,24X,F10,3.//,1H0,
1 ¢3HRESIDUAL SUM OF SQUARES,26X,F0.3,//,1H0,2UHTOTAL SUM OF SQUAR
2FS,29%sF10,3,7/,1HO, 28RSTANNARD EAROR OF ESTIMATR,23X,F10,3,//s
«1X,36HMAXIMUM EQUIVALENT CONSTANT ERRUR(XI 13X, 10,3,
*//1XsZ6HRELATIVE ABSOLUTE ERROR(X)#13X,F1U,3//)

WRITECO,58) COET,CEFFsAMCC/SPECFFAPERSIS, RELPER,DURB

58 FURMATC(THU,2BBCOEFFICLENT OF DEVERMINATION,21X,F17,3./7,
1 THO,34HSTANDARD COEFFICIENT OF EFFICTENCY,15X,F10,3,//,1H0,
2 STHRESIDUAL MASS CURVE COEFFICTENT,1BX,F10,3,
3 //,1Ks33HSPECTAL COE"FrclENY OF EFFICIENCY,16X,FT0,3,
4 /f,1Xs COEFFICIENT OF PERSISTENCE',23X,F10,3,
57051%s'RELATIVE MEAN PERSISTENCE(X)®,24X,F10.3,
6//1%,25KDURBIN~WATSON D=SYATISTTL,14X,F10.,3//)

CALCULATE SIGNH TESY

FNEXP=FLOAT (CZ¥N1xNZ)/ (N1+N2)2+4,0
RUNSD=FLOAT (R*N1*NZ# (2*NT#N2=N1=N2D)
RUNSD=RUNSD/FLOAT CCNT+NZ) ¥ (NTHN2) ¥ ENT+N2-1))
RUNSD=SQRT(RUNSDH)

ZETSFLUAT(NRUN+NPOS)~ENEXP

ZET=ABS (ZET/RUNSD)

WRITE(G,9U) NRUN/NPOS,ENEXP,NE,NTF2ZET

90 FURMATUTHU,OHSIGN TEST,/,1X,9 0140/ /,1X,13KNEGATIVE RUNS,

1 15,/7/1%,134POSITIVE RUNS#I5-//,1X,I13HEXPECTED RUNS,F5,1//,
*1Xs1SHNEGATIVE RESID,,15//1%,15MPOSITIVE RESID,, 157/,

* 1K) 22HEYAND ,NURMAL VARIATE 7,F6,2//)

WRITE(6,59)

59 FURHAT(1M1;L3HLISYIMG OF YTHE OBSFRVED RESIDUAL MASS CURVE,

1 Fe ke G3CIH=) 21T
WRITE(6,60) (RFSX(L);L =1, NHON)
60 FORMATIIHU,10F10.3)
WRITE(C,61)

61 FURMAT(1H1,44HLESTING OF THE SIMULATED RESIDUAL mASS CURVE,

T LA1R L (IH=Y 1 1)
WRITECO,60) (RESY(L),L=1,NM0N)
WRITE(S,91)

97 FORMAT(1H],35HLISTING OF THF FLnw DURATION CURVES,/,1X,35( =),
1 /4, 1HU, 23HRONTHLY DISCHARGE LEVWEL,10X,33HPERCENT TIME EGUALLED OR
2EXCEEDED,/ 44K BHOBSERVED/6X, YHETHULATED 10X, SHERROR, /1%, 23 (T1H=) #
310X, 33T H=) , TUX, 514~ 21 1)

D0 10U 1k=1,31

ERKORTFOCY (1K) ~FDCX(IKD

WRITECS,100) FLFVIZKI A FRCXLTIO +FBEY LIN)LERRDR
110 FURMAT(ON,F15.3,13X,5F15,.3)
100 CURTINUE




871

; WRITE(6,120) FHAX,FYMAX
120 FORMATU//1H),30ROBSERVEP MAYInUw MONTHLY VALUEA1X-F10.3,/7-1H00
13THSINULATED MAXIMUM MONTHLY VAL UE,F10,%>
LAGS=NMON/ 4
DU 165 LE1,LAGS
CSYmX=0,0
CSUMY=U,0
NCO=NMUN~L
TR=FLOAT(NCOY
DU 160 KN=1,NCO
CSUMX=TSUMX+ (X CKND =XMM) * (X (XNFLY =XHMR)
160 CSUMY=CSUMY+ (Y (KNI aYMM) # (Y (KNFLI~YMM)
AUTOX (L) =(CSUMX/TN) / (SXPEV/TN)
165 AUTOY(LI={CSURY/TN)Y /{SYREV/TN)
WRITE(S,180)
180 FURMAT(T1H1,60RCOMPARLSON OF DEPENDENCE STRUTTURE (AUTO-SERIAL COR
ARELATIONY 4/ 1% 260CTH=2, 7/, THO,4X ,6HLAG IN/T5X,15HCORRELOGRAM FOR,
2 15X, T5HCURRELOGRAM FOR,/,5%,6HMONTHS,15X,1SHOBSERVED RUNCFF, 14X,
3 VTOHSIMULATED RUNDFF,//8Xs6(1H=),15%X,15(1H=), 14X, 16 (1H=),//}
DU 19U KX=1,LAGS "
WRITELS,195) KX, AUTOXCKL) SAVTOY (KXY
195 FURMATCAX,16,20%,F10,4,20%,F1U, L)
190 CONTIHUE
RETURN
END

R g e e L e L R T L e e T2 TSy
SUBROUTINE BFIT FOR THE CALCULATION OF GQODMESSw~QF=FIT §TATS FO USE
WITH DAILY OUTPUT RAINFALL~RUNOFF MODELS,THE OBSERVED DAJLY FLOW RECOKRD
IS READ IN BY TWE SUARGUYINF AND THg MODEL PROGRAM STEERING LINES
MUST MAKE FROVISION FOR THIS 1}
AZ0BSERVED DAILY FLOWS IN X(MONTH,DAY) FURMAT
Y=MODEL DATLY QUIPUT HMONSNG,MANTHS OF FITTED RECORD,MIZNO,OF
FIRST MONTH,Y.€.% FOR JAN & 10 FOR OCT.,LY1=FIRST YEAR OF FIT
DEVELOPED BY A.GORGENS AT H.R.U,,RHODES UNIVERSITY,1952
R L g e R A T s e T L L Y
SUBRDUTINE RFIT(Y NMON,¥1,LY1)
DIMENSION X(T72,310u¥ {72,310, 5MONXET2), SRONY(12),0C(56) ,NTX(S4),
*NPK(24) NTYE56) (IDAY(12), SHONXL (12) ,SMONYLC12) ,XBIG(?2),¥YBIG(72)
DIMENSION Xr0w(600),YLOW(600)
DATA IDAY/3%1,28,31,30,31,30,31,31,30,31,30,31/
INTEGER TEMPY, YEMPR,TEMPI,TEMPL
WRITE (6,100 -
100 FURMATC////7/710%,7001%13/7/20%, 1 STATISTICS CALCULATED FOR MEAN',
20 DAILY FLOWS)//10%, 700 %)/ 240
DO 5 MH=z1,12
SHONXL (M) =), U
SMONYLIMR)=0,0
SHONX (HM) =U O
5 SHONY (nM)=0,0
4=0,0
moTYX=1
HOTY=1
1MX=0
1my=0
1KFLO=U
TYFLO=U
LGEX=U

coonanannn

QD= A




e

5555
5556

5557

871(a)

Xuvs=o,u
Yavsg,u
NDTOT=U
AVEX=U.0
AVEY=U .0
AVEXL=D,0
AVEYL=U.O
TYSELOAT (NMON/12)
TH=FLOAT (NMON)
XVAR=U.O
YVAR=U, 0
SRES=0,0
SSRES=U.0
DURR=L,D
XYARL=U, 0
YYARL=U,Q
SSRESL®D,!
FMAX=U, O
KFbp=2/
SSXRESZ0.U
SALRES=0,u

BU 11 L=1,NKON
XBIGCLI=0,0
YALG(LI=0,0
X5T0T=U, §
YBTINT=0,0
XAzg

YBVA
SBRE L8
SSBRES=0.D

20
SXFOL=U, 0

FIRST HALM LOOP = SET Up VARIABLES FOR USE IN S.COND MAIN LOOP
LLEL AR

BO 1 J21,HHON

Rezam+1

TE(MR, BT, 12)Mn=y

READ UBSERVED DAILY FiOW RECORD

READ{3,3ILY,(X(J, 1) ,121,3%)
FORMATLI3,3%,(11F5,3)) A
KOAYZIDAY (MM)

LYLsdx(LY/ae)

TFCLY (EQ,LYL, AND. MM, EQ. 2KDAYSKDAY+Y

bU 1 XK=1,K08Y

NDTOT=NBTOT+1 ,
SHONX (MM)I=SMONX (MH) X {J )
SMONY (MM) =SMONY (MM) +Y (J k)
TE{X(JsKI,NELULD)I6OTO 5555
XLEALOG(X(J,KI+0.001) }
GUTH 5556

XLBALUGL (XL ,K) )

TECY(JI,KY  NE,LU,0)6070 5557

YLEALUG (Y (J,K)+0,001)

RUTO 5558

YLEALUBCY (S, K))



5558

~ano

7777
7776

7778
7779

B72

SMONXL (MM) =GMONXL (MM +XL

SMONYLAMM) =SMONYL (AN) +YL
TFEXQIAKD (6T, XMAXI XMAXEY (J4XK)

CUNTINUE

TO=FLOAT(NDTOT}

DO 4 151,12

AVEXL=AVEXL+SKONXL (L)
AVEXSAVEX+SMONX(L)
AVEYL=AVEVL+SMONYL(L)
AVEY=AVEY4SMONY (1)

SHONXL () =SMONXL (1) / (TYXFLOATLIDAYLID))
SMONX (1) =SMONX (I /CTYRFLOAT(IDAY (1))
SMONYL (1) =SMONYLCEI)/ (TY#ELOATCIBAY (I D)
SMONY (1) =SHONY (I / CTYXFLOAT(IDAY(1)))
CONTINUE

AVEX=AVEX/TD

AVEY=AVEY/TD

VEXL/TD

FEET T

IF(XMAX 6T,10.0INFDC=36
1F (XMAX . 6T 5100, NINFDE=4S
DO R 3=1,9

O LIYRFLOATCII /1000

D0 9 N=1,hEDC

TF(N,LE.9)60TO0 9
DCINI=10,0DCIN-9)
CONTINUE

START UF SECOND AN LOOP

KLO=0

LY=eyn

DU 17 J=1,NMON

MR+
TR(MM, 6T 12)LY=LYT41

TF (MM, 6T, T2) 4021

KDAY=1DAY (M#)

LYLas*tLY/b)

TELLY EQ,LYL ,ARD MM EQ.2IKDAYSHDAY+Y
PO 7 KEZ1,KDAY
XOIF=XCJ,KIwAVEX
YOIF=YL), K} =AVEY
RES=X{J, K=Y {J,K)
XVARSXVAR+TXDIFAXDIF
YVAREYVAR+YDIFHYDIF
SHES=SRES+ARS (RES)
SSRES=SSRES+RES#RES
TFCX( PRI NFLO,D)GOTO 7777
RL=ALOU (X () ,K)+N,001)

GUTY 7776

XL=ALOG (XTI ,KD)Y

TE{Y(3,K) NE,U,0360T0 7778
YLEALLL Y (U 4K) +0,001)

6uTy 7779

YLEALUG (Y (I, K))
XDIFL=XL=AVEXL
YOLFL=YL-AVEYL
XVARL=XVARL+XOLFL*XDTFL

@
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YYARL=YVARL4YDIFL*YDIFL

RESLaXLmYL

SSRESL=SSRESL+RESL*RESL

DU 10 KK=1,NFOC

TFAXCJAK) ,6E,DCCRKIINTX(KKI=NTX(KK) +1
LFCY (oK) GE,DECKK)INTY (KKI=NTY (KK +1
CONTIRVE

XRES=X(J»K)=SMONX (MM)
SSXRESTSSXRES+XRES*XRES
XLRESEXL~SMONXL (UMY
SXLRES®SXLRES*+XLRES*YLRES

SET UP ARRAYS FOR MONTHLY PEAK FLOWS AND FOR NON-ZERO
LOW-FLOW DAYS

TFOX(J2K) BT, XBI6(I)IXBIGCII=X(Y,K)
TFLY(IrKI 6T, YBIGUIIYBIS(I=YLY,K)
IF(XCJ oK) GE,2,0%AVEXIGOTO 48
IF(X(drK),FQ,0,0)60T0 48

KLO=KLD+1

XLOWKLOY=X (J,K)

YLOW(KLO) =Y (4K}
CUMX=CUMX+X1 QW (KLO)
CUMYSCUMY+YLOMERLO)

SET UF DEFICIENT FLOW(C2,0%palLy MEANIPERIDD CALCS

TFCJLEU,NMON AND.K,EQ.KPAY)IGOTO 45

IF(K,EU,KDAY)GOTO 40

IF(XEdrKY ,GE, 2o OFAVEX,OR.XCI,K+1),6E,2,0%AVERIGOTO 41
GUTH 4%

IF(X(JsK) [ GF, 2, 0%AVEX.OR X(J41,1),6GE.2.0%AVEXIGOTO 41
GOTO 42

TF(X(JsK),GE.2,ONAVEXIGOTO 47

IF(TEMPY,EG,1)60TO 47

MRTX=MDTX+1

TEKP1=0

TEMP2=U

IF(MDTX 6T LGEXILGEX=MDTY

IF(J L ER NMON,AND, K, EQ.KNAYIGOTO 43

6070 47

TEMPT=T

IH (S, EU,1,AND.K,E0,1)6070 &4
IF(TEMPY,EQ, 4, AND, TEMPZ ER.0)GOTO 43

noTX=1

TEMPZ=1T

GOTO &7

IMX=IRK+T

IAFLO=IXELO+MDTX

TEMPZ=1

TECS,EU_NHON,AND K, EQ.KDAY)GOTO 55

IFCK,EULKDAYIGOTO 50

TF{Y(JrK) 6B, 2, 0FAYEY.OR,Y(J,K+1),BE, 2. 0#AVEYIGOTO 51
6070 5¢

TFUY(JsK) ,GE, 2. 0KAVFY.OR, Y {J41,1),GE.2.0%AVEYIGOTV 51
GUTY 52

TECY(J2K) ,GE 2 ONAVFYIGATS 7

IF(TEnP3,£0,1)6070 7

MDTY=MDTY 43

TEHP3=Y

TeMPL=D
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1FAMOTY, 6T LGEY)LGEY=hDTY

1F (3, EQ.NMON,AND . K, EQ.KDAYIGOTO 53
GOTO 7

TEMP3=1

1F(1,E0,7,AND,K,EQ.1)60T0 54
IF(TEAP3 . £, 1,AND. TENPL EQ,0)G0TO 53
MOTYaR

TEMP4Z]

6070 7

TMY=1MY+9

IVFLO=IYFLOSMDTY

TENP4ET

CUNTINUE

IF(J,EQ,1)60T0 16

TEMPEXCI 1) =Y (S, 1) =X (=1 ,KDAY I +Y (J=1,KBAY)
DURB=DURB+TFMP*TEMP

DO 17 K=2,KDAY

TEMP=X (U, K=Y {J, KD =X (d,K=1)4Y 0 ,k=1)
DURB=DUPB+TEMP*TEMP

CONTIRUE

SET UP MAXINMUM DAILY FLNWS / MONTH

D0 12 L=1,NuoN
TF(XBIG(L),LE. 2. DYAVEXIGOTO 1¢
KASKA+1

NPK(KA) =L
¥BLlG(KA)=XBIG(L)
YBIG(KAY=YAIG(L)
XBTOT=XBTOT+XBIG (KA
YBTOT=YRTOT+YBLG(KA)
CONTINBE

TR=FLOAT{KA)
X8TOT=X8TOT/TK
YBYOT=YBTOT/TK

DO 13 J=1,¥4

¥BOIFEXBIG () =XRTOT
Y8DIF=YRIGLJ)YRTOT
ERES=XBIG{I)~YBTG()
XBVAR=XBVAR+XBOTE¥XADIF
YBVAR=YRBVAR+YHUIF*VROIF
SBRES=SBRES+ABS (BRES)
SERAESTTSHRFS+BRESHRRES
CONTINUE

SET UP LOW FLOW CALCS

CUMX=CUMX/FLOAT(KLO)
CUMY=CUMY/FLOAT(KLO)
00 70 L=1,KLO
X=XL0W (LY =cumX
MREYLOWLL) «CUMY
GDRFF=XLOW(L)=YLOWCL)
QUD=QUDHUDTFF*ODIFF
X2VEXUY+XORKO
YUVEYRV+YURYO
R=G+ASS (QDIFF)
CUNTINUE

CALLULATE STATS ON ALL Dally Fiows
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XVAR=XVAR/(TD=1,0)

YVAR2YVAR/ (T0~=1,0) H
XVARL=XVARL/(TD=1,0)
YYARL=YVARL/(TD=1.0)
ERAVEL=100,0% (AVEYL=AVEXL) JAVEXL
ERVAR=100,0%(YVAR=XVARY /XVAR
ERVARL=10U, 0% (YVARL=XVARL) /XVARL
CEM=1,U-$SRES/SSXRES
CEML=1,0-SSRESL/SXLRES

RAE=TUD_ O%SRES/ (AVEX#TD)

AR=SQRT (SSRES/TD) FAVEX
BBESQRT(XVAR)

BY= (BB/AVEX) #(BB/AVEX)
BBE(BE*{TD=1.0) /7041, ) %40,25
EMECE=1(0,0%AA/BE

DU 14 KK=1,NFDC
AVERCEAVFDC+NTX(KK)
AVFDC=AVEDC/FLOATINFOC)

B0 15 KKs1.8F0C P
REDLENTX (KR)=NTY (KK}

XRFDC=NTX (XK ~AVFDL

SFPC=SFDC+RFDCXRFOC

SAFOC=SXFRC+XRFOLHARFDE

CEFDC=1,0-5FDC/SXFDC

DURB=DURH/SSRES

CALCULATE STATS ON HAXIMUM DalLy FLOW/MONTH

BCE=],U-SSBRES " 1BVAR

¥BVAREXRVAR/ (TD=1,0)

YBYAREYBYAR/(TD~3,0)

BERMNSI00,0+(¥YBTOT-XBTOT)/XATOT
BERVAR=100,0%CYBYAR-XBVAR) /XBVAR

BRAE=100,U*SHRES/ (XATOTATKY

WRITE(6,18)

FORMAT{SX, 'COMPLETE SET OF MEAN DAILY FLOWST/5X,3Z2(1=¢})
MRITE(6,19) AVEXL,AVEYL,ERAVELZXVAR,YVAR, ERVAR, XVARL, YVARL s ERVARL
FURMAT(/BX, 116G, DATLY <EAN ; OBSERVED=',F10,5,' SIMULATEDS!,
*£10,5," % fRROP= ',¥6,2,
*//8X, "HATURAL DAILY VARYUANCE 1 PRSERVED=!,F10,5
*? SIMULATED=%,F10,3,' ¥ ERROR= '.F6, ZI/IBX;‘LBG DAILY VARIANCE
#' OBSERVED=',F11,4,F SI#HyLATED2 1+F14,4,' XERRORE ?,F6,2///)
WRITECE,20) CEM/ CEML, RAE, EMECESCEFDL,DURB

FURMATU(BX,'SPECTAL COEF OF EFFICTENCYCNATURALIS?,F8,3//78X,
*VSPECLAL COEF OF EFFICIENCY(LOG,)=',F6,3//8X,'RELATIVE MEAN',
*' ABS, ERROR{X)=?,F7.3,//8X, 'MAX EQUIVALENT CONSTANT ERROR(X)=!,
*Fb,2///8X,COEF OF EFFLCIENCY OF FLOH DURATION CURVES',F7.5//8X,
AIDURBIN~WATSON D=STATISTIC=!,F4.3///

WRITE(6,21)

FORMAT (/5%, THONTHLY PEAK MEAN BAILY FLOWS > 2,0 » DAILY MEAN',
*/9%,5001=1))
WRITE(6,22)(BTOT,YBYGT/AERMN, XBYARS VBYAR, HERVAR , BLE BRAE
FURMATU/ /8%, "MONTHLY PEAX FLOW MEAN ; OBSERVED=',F8,3,
*' SEMULATED= ',FB,3,' ¥ ERROR= 1,F6,2//8X,'MONTHLY PEAK ',
#VFLOW VARIANCE : OBSERVFDT',F10,3,' SIMULATEO=',F10,3,' % ',
*ERROR =7 ,F6,2// /8%, COEF DF EFFICIENCY(PLAKS)=V,F6,3//8%/
*YRELATIVE PEAN ABS, ERROR(PFAKS)(X)= V,F7,3///1)

WRITECH,24)

FORMATL//SX, TBATLY FLOW DURATION CURVE'/5%.26('-V)//6X,
*ICUMECS EACEEDEDT,3N.' nnS,(3) ' ,.3%," SIM,CX)V,5%, % ERROR'/)

pU 25 Iz1,NFRC

NI



B75(a)

TFANTXED) EQ,0)60T0 25
ERFDE=100,04 (FLOAT INTY LI ) =FLOAT(NTX(I)))/FLOAT CNTX (1)) i
INTX=10U0,O*FLOAT(NTX (L)Y /TD :
INTY=1U0, O%FLOAT(NTY (X)) /TD
WRITECO,23InCCI) ZNTXLINTY S ERFDC :
23 FORMAT (8K, 4F11,2)
25 CONTINUE
WRIYE(6,32)
32 FORMAT(///5X, 'LISTING OF MONTHLY PEAK FLOWS(CUMEC) > 2,04MEAN'/,
*5X,43C =1) /76X, THONTH NO,'»7XsT0BS, PEAK(,5X,’'SIN.PEAK’,5K,
%1% ERROR')
PO 30 1=1,KA
BIGER=T00,0% (YBIG(I)~XBIG(Id)Y/XRIG(})
] WRITECO,31INPK(I) A XBIGCY),YBIG(I)»BIGER
31 FURMAT(S5X,110-3F14,2)
30 CUNTINUE

CALCULATE STATS ON LOW FLOW pERTODS

mano

. QCE=1,0-qud/xeV
XQV=XUV/FLOAT(KLD=1)
YRVYaIYUV/FLOAT (KLO=4)
ERQY=TUD, O (YRVXQV) /XQV
EXCUM=100,0% (CUMY-CUMXY S LUMX
BRAE==100,0%0/ (CUMX*FLOAT(KLO))
XIFLO=FLOAT(IKFLO)/FLOAT (IMX)
YIFLO=FLOATC(IYFLO) /FLOAT (LMY)
ERIF=100,U*(YIFLO-XTFLOY/XIFLO
ERLGE=100,0% (FLOAT(LGEY=LGEX)/FLOAT(LGEX)}
WRITE(6,60)
60 FORMAT(/5X, 1104 FLOW PERIOD (<2,0%DAILY WEAN) STATISTICS's
*/9%, 410 1))
WRITE{6,61)CUMX,CUMY, ERCUK, XAV, YAV ERUV
61 FORMATC/ /5K, "MEAN NON~ZEROG nAlly LOW FLOW  0bS.=2',FB.4,
*' SIMRS',F8,4s' % EWROR=t,F6,2/ /5K, "VARIANCE NON=ZERO DAILY',
*' LOW FLOW ¢ OBS.=',FB,4," S1M.=',F8,4s" % ERROR=',F6.2///1)

WRITE(£,62)QCE/NRAE
62 FORMAT(SX, ' COEF OF EFFICIENCY OF NON-ZEROC LOW FLOWS=1,F7,3,
*115%, " KELATIVE MEAN ABS, ERRQR mniownwnitsnliyyar ¥ . 37///)

WRITECO,6Z)XTFLO,YIFLO,FRIF, L GEX,LGEY/ERLGE
63 FORMAT(5X, "MFAN DEFICIENY FLOY PERIOD(DAYS) : UBS.=',F8,1.
®' SIM,E1,F6,101 X ERROR =1,56,2//5X, 'HAXINUM REFICIENT FLOW!,
#' PERLOD(DAYS) 1 QBS,=',16,0 SIM,®',16s% % ERKOR=',F§,2)
RETURR
END
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LIST

PROGHAK (LALM)

INPUT 5=Ck3

QUTPUT 6=LPA

CUMPRESS INTFLER AND LOGICAL

TRACE U

END
MASTER DaLM

BAENEAR P EAR N O s g n s n SRR uNn»ﬂﬂﬂ&ﬁﬂ#ﬂvH#H#N#ﬂﬂkr#dﬁ##d##ﬂ###ﬂv
DAL¥ UpTImlisg
THIS PREGRA% GEERATES wnuTHLY PUNCFF FRON SMONTHLY RAIRFALL (M)

AND RMUBTHLY PAN EVAPURATIuN(&M),

HeRRGRBARbLhrgpAaAL canRgne vliny N34nhﬁﬂﬂﬂ’fﬂHﬂﬁdﬂWﬂﬁﬂ”ﬂﬂﬂ#d#ﬁﬂ#ﬂﬂlﬂkﬂ"ﬁ#
LuGicat 1(s

CUNMOL BALNEIUTD S FST4700) 2 08FL (1UU) ,PFLT0D)
* PEABSUIZI /RHN(ZID,ANKISEIZANY (40D,

*NFION,NY T, Nt TFURS,  LNE, ILIM/ ISTAT, SEL, 554,856, PUNER, !

* BCURAAMAXZPFRE,OSL, AFOR,EVR0LTIND),

* A1), 8012,12), 203,180 ,uPAR,MOPTLORT 25T, JCS,NUPT,
* FrEV,SRESO,VARD, ONAR,NIT/ARER

OLNENSION SOBS(19)

READ HUFT AnD NpAR

READ {5, (L1)NURT Npay
FURMAT(21¢)
B R e e R Rt A R R LT R T T LT T E T T Py o
READ LR CATCHRFAT Ma+4t ng RUN IDPENTIFICATION - 32 COLUMNS
Lt e A R N e N I L T F T ST T T TS TS P
READ(5,1) 65,62, AREA,IT
FURMAY (ZA5/F7.01,1%)
*ttﬁwxvxkrﬂw*«xwukkhx*n..h*—xi*;#!i&k****&wk*w*aﬁtt***kh*ﬁ**ﬂ*ﬂ*t***t
NUBBER CF ROREL ITERATIONS REWUTRED PLR MUG'TH,
STARTIIG YEAR (It 1425) »~D mONTH (IF 1 FOR CALENOER YEARS AND
TU FUR HYDROLOGTEAL YER®RS) OF STSULATION AND
TFORS =1 FOR nO EAREST fAVER UN CATCHMENT
=¢ FOR (UNSTANT £02FST COVER ON CATCHMERT
23 16 ACCAMSNIATE ¢HANGING FOREST [UVER
AfD LINE sba ILT# 10 COLT*OL THE NON«LINEAR STORE
ﬂt*kﬁw*iiirk.wao«»t'nxq.AAtlaﬁﬁ-vtiaikk%k***kxﬂ*ﬁ*ﬁkk'«ﬂ’nk*a*kt*tx**
READ(S,2) YRl NYuZ, unl, 1FOFPS/LINE, LLLM
FURAAT (015}
R R R ek e T e R g R A T T 3
READ 1P 2LDFL PRRAMFTER vALUES anb INITIALIZE VARIAHLES
SSL INLTIAL LFVEL of sall =ODISTURE STORAGE(AH)
§55  RAXIMUR CAPALITY OF S7IL SQISTURE STORAGE (M)
SSB  STUKAGE LEVFL 4T wICH BASE FLOW BEGINS
PUBER FUweR 0F RASE FLOW FUNCTIOW
BEUR FOWLK DF ~0N~LENERF STOKAGF DEPTH FUNCTION
AMAK  MRXKIFUM VALNE JF STORAGE nEPTH FACTOR
PERC  mAsimim FRACTIgw OF SOIL WOISTURE Tu DEEP PERC
631 INATIAL VaLUE OF AwbUanRATER STURAGE LEVEL (Mn)
AFGR  AFRCPFSIATIONN SARACETFR (SFY TO 1,0 Fox N0 FOREST COVER)
D T T o e
READ(S 82 8<i /88,85 4,0 af R HEUE,ARAX ) PERL,AFUK
3 FukaAl tare,2)

~
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H KA R E R KR R RF AR R AF Ko kAo ke kN IR T A AFARIRA TR IRk h h ek ke hde kT kR bk b
It LFukS=1 40 FORESTRY CARD REGUIRED
If IFURS=Z READ IN PERCENTAGE FORESY COVER IN FORMAT 1FE.2
1F LFURS=3 PFAD M PERCENTAGE FOREST COVER FOR EACH YEAR OF RECORD
Iv FORMAT TUFR.2Z
‘*lt**ﬂ’tﬁ*ﬁ’ﬁ***'ﬂﬁﬁ*")*ﬂ*k****i‘**itk****il**tﬁ***dﬁﬂ***ﬂ*k***‘*t*ﬂ‘
IF (1tURs.Ea.1) 60 TO 420
TFY=HHON/12
17 (JFORS,E0,2) 1FY=1
READ (5,418) (PFL(KR) KR=1,1FY)
0 FUKMAT (T0FK.2)

SEY IMITIAt VALUFS oF pARAVETEpS

0 ¥Y(1y=58m
X{3)=450
X{2y=PUKER
XLay=pERT
HoPT=U
18T1=u
OMAR=W,
VaRG=D, G
NNOH=NYR2-uYRT « 1
NAON=KRON* 17
R e T e e A s R e e R A LA S
READ LK WONTHLY VALUES OF AVERAGE PAN EVAPORATION (MM) JAN~pEC
R L T R R e N e g R e A e e S T R TS e L
READ (5,4) (FVHO(NL) »NX=1rsNRON)

4 FURMAT (25,12¥6,1)
B TR T P L N e A et e s A AR R AR R S e R S R e A T R s 2l
READ iRt 12 pAK TU FPEE wATER SURFACE EVAPURATION CONSTANTS JAN~DEC
B T R L L LA L LTS T Ty L ey S
READ (5,1710) (pEADICR) ,x=1,18)
FURBATLI2ES,0)
Inlrialize nhskavED RUNODFR ARRAY

PR UL

LA A R R e L R e T e e R e e T T S A T
READ [N #0uTHLY &AINFALL nATA(PH) FULLOWED YY UBSERVED MONTHLY
RUNGEF DAlh (THOUSANDS OF CUR[C WETRES) .
AR RAR KA KA R AR FRRE € R kK8 hdn AR e d B AR AR I AR TR AR RRA AT ENE* e MRk R A AR
READ (3,15) (xATNCIY 12, 000N)

FURMAT (2X,12F6,2)

READ (5,15) (LBFLIKI #n=1, 84042

L=y

DU 7Ph IR, aMuN

LELed

THL, T, 120121

OMARSUBARTGUFLLY)

SUES(LIESUBS (LI +OMFL(Y)

DU BY6 x=1,1¢2

SUBS(NIE1 2, iindURSIK) FELORT (umaN)

OnAR=GHAR/FLOAT (N UDN)Y

w

§=mN

TECH ool A edesd
VARGRYARCH{ORIL () = tan i) CATRL LT =0Nak)

[SE————— ]
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SHESUSSRESOH(UBFL () =S0m8 LK) )8 (GRFL(II=SOBS (KD
748 . CONTLInUE
VAKOZSGRT(VARG/FLOAT (Nm02=1))
WRITE (6,2U0) 61,62
200 FOKAAT (11, 2uBSIRULAYIDN RUN FPR  ,2A3,/1)
THRITE (6,210) AREA,SSL#SSM,S56,POWER,BCUR,ANAX,PERC,GSL
240  FURMAY (140,33HPARAMETER VALUELS USED IN THIS RUN,//,5X,4HAREA-5X,
TISSLA, 5%, 5SH!,5X, ' SSBY 33X, tPUNER 24X, "OCURY A4X, VAMAX S 4Xs
2VPERCY /5K, 3HGSL, /21X, 10F8. 2,71
WRITE (6,212) IFORS,AFOR
212  FORMAT (4X,S5HIFQRS,GXs4HAFOR,/ 1%, 18,F8.2,11)
N e T T T L T T Ty ey
CALL GPTR
L e L T e R R L e T R R s s e T e s d

¢
CHPtdbtbhtd bbb as bbb+ttt ertbartta ittt dbedtbbtdtttdtbritedttittts
CALL ouTPUT
[ T R L T T R e e =S S
§Tup
END
L L Lt LR T Ty T

¢
<
< MUNTHLY FLOW SUAMARY SURROUTINE
¢
4
3

T T L L s LT T ey

SUBROUTLNE ny)euT

COMMON KAIN(TUU) AFS 160310) ADBFLEIULY L PFCCTI00) »

* PEADI CIg) s PRRE3II A ANKESI) 2 ANV L5

*NMON, NYR1, N1 TFOPS,LINE, XLIp IGTAT,SSL, 851, SEB,POWER,

* SCUK,AlSAX,DFRE, GSLARFOR, EVI0CIAG) 4

* KCE2)2RC12,9¢4),703,1¢),8PAR, MO0RT/LOPT,ISTT, 105, H0PT,

% FoF1,ShESO,VARD,OMARNTTFAREA

CLMEHSION FINCT1Z)2KA38(12)

Fo=1, U~FixFq

WRITE(6,3)F5

WRITECO,TU) (1 X(1) /1= /4P ARY
10 FURHAT 1y, (30,12, FH. S
3 FURMATCIa FP 0}

DU 74 Mzl heOn,12
+11

XUBS(RI=LLFLIN)
FENCRI=FSIrQ))
X¥L=XYCHOLFL (J)
53 FYCRFYC4PMIN(J)
54 WKITE(0,55)4Y, (F18 1 N=1,12)sFYC
55 FORMAYTC//1B,1¢Fu,1,F1UL1)
WRITECO, 6913 (X085 (¥}, 821,123 ,KY¢
491 FORMATUZX,'0BS. ', 2K, A¢FR1,F10,1)
74 CUNTIRUE
RETURN
END
C HRRRREA R KRR AR A S o kR AR R AN KR AR R A kAR R
€ MALN OPTLiMISING SURRUUTINE
L R I L
SUBROUT Lok DR Th
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LUGLLAL ICS
COMMON RAIN(IGUY A FSLACIANY A08FL (100) ,PFELCI00) »
* PEAGILI2) RER(RUIAANKCSISANYLSG),
*NAON,NYRY Mol s JEORS, LINE, ILAM/ISTAT, S50, SSH, SSB, POUER,
* BCUR,ANAR/PERC,GSL,AFUR, EVRGLTOND,
* XC12I/A(12,1¢),203,12) ,NPAR,MOPT,LOPT,1ST1,1C5,NOPT,
* FrEY,SRESO,VARD,OMARSNIT/AREA
Icg=,TRuE,
L L LT R e e P T TP S T )
€ TEST FOR ZERG STARTING VALUES
¢
L T L e e S 2]
DU 25U I=1,MpAR
TFCABSIXC1)),GE.0.QU0Y) 60T 21n
IFEXQ1)) 214,212,212
211 X(I)==u,u001
6070 210
212 xtI>=L,Lout

DL 24L 4=1,NPAR
AL, ) =0.00
240 CUNTINUE
AL LYE1, 00
250 CUNTIAVE
A R R T A L I A T T
¢ GET THE FIRST vALUF DF F Tn PUT In §1
L T T T e
fsU, 0
CALL CALCEX
fr=f
C hharhdkhrkbhr Ik kmb ke rdhx
€ THE &NPLESS ITFRATIOW HELIMS WERE
[ L eI R s R A s s E g
360 DU SU0 LapT=1,N84R
ARZD L 6* 2 (T,LOPT)
B0, pulin
CaLL auGtAR)
CALL CALCEX
TECF1. BT F) GuTa 310
CALL AUGL-Z.0%AK)
Fezf
CALL LALUFY
TECF1.0R.F) GuTR 30
CALL AUG(AA)

WUR(F+E2=2,0%F1)
GOTO 520
310 IFCFA.EU,F) AA=«1,0%AA

T ARERR AR E AR TR DDAk DR R KN H 4 E N g Ik F

€ DO SUCCESS LuOp
D L S L R T Ty e
200 F

Fe
1
AR=T 5¥an

CALL abL(en)

CALL CALCTES
THLFT,0T,8) GuTa 2o

N :wwnﬂ*ﬁ“



880

I i R L S
€ FAILURE HOUYINE STARTS HERF
[ L e e e AT TS )
CALL AUG(-AA)
ARZAA/N.S
L8t LGFTI=Ar
BOYS3, Ukpevb URFI42.0%F
TOP=2,25%12=1,25*F1~F
DI R it g T LT ]
€ END UF SUCCESS ROUTINE
C Wbk bRk bk kR AN F R R kR hw kAR Rtk
320 ¥F{B0Y,LE,N,0000000001) G0TD 40N
DEAAKTUR (4T
CALL AuG(DY
CALL CALCFY
IFCFL0TLF1) 6UTO Jea
£ R H R KRR KRR A KRR KR AR R AR R A KA Rk KRRk F
€ ELSF ACCEPT pPRFNLCTED pOIMT
PR L R T S T T LT T o
[AARART S PLI YR
Fl=F

BE44p
GUTO =iy
340 CALL AUG(-D)
LU0 LFAR RGO, 0a0rl) hEsA/ 10,0
v 47U ANBAR
! ALE,LUPTY=hratd, LDPTY
410 CONTIRUE
500 CURTIMUE
[ R L R T Tt AL A T e ey
€ WRITE A SET pF VARTABLES ANn TEST THE TERMINATING CRITURIGN
i [ e L e L e L L R S E R S e S s R F R P L e
: CALL SCRIbE
[ R T R T g L L e T S
€  THE URTHUGAMALISATION LDUP HEGLNS WERE
€ RRARRA AR AP R KRRk kAR RRN KR E s b hd kKR AR A IR RIRRF A
DU 54U =g MBAR
LUPTaRFAF=$+1
1Y)
505 ACI,LUPT
510 centINvuL
OO YL =1, MpeR
TECI bv 1) ROTy S0
154=-4
BU 33U LGrT=1.0
AR=U, W00
: DU 52U k=isNpAR
H 520 ARSAATA{K, )ALLK OPT)
pu =1, NPAR
525 ALK 4)ZA0H A d)=AhRE{L,LIPTY
530 CUNTINUE
540 AR=(,0UC
DU S5it k=1, MPAK
550 TRCABS A , 007, 0T, GuUoRnDN0Y) ARZAALAIK,,d) k% ¢
TECAALLT 0, BOUOBDENDT) aa=0, 0U0A0LUG)T
AA=1 DO/SURT (AR
DU S6u K=isMPAR
ALK 005 aRrRCCs )
560 CUNTIuuE
60U CONTINGE
LFOILS) cuTo S

3
FEA(TALDFTYHALL, ) UPTHY)

AVE—
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WRITE D, 12) MUPT i
12 FURMATL/ 71877 B

R AR L S s s g e T E L e A R TR T T2 S L s
€ CALCFX CALCS THF MODEL VALUES AND COMPUTES THE OPTIMISING FUNCTION
I L S e L e e S e e e e e e LT T Y
SUBROUTINE CALCFX
COMNOH HALN (100, FSIREING) ORFL(IVOI,PRCCIODY
* PEADJC12) 7RRE(Z1)-ANK(SM) 2ANY (500~
*NMON,NYRT 1it41, LEORS AL INE, ILTHr ISTAT, SSL,SSH, §5B, PONER,
* BCUR,ANAX,PEKC,GSL, AR, EVROCIND) »
* AC12)7A(1241€), 203, 1€) ,NPAR,ROPTALOPT,ISTI, 108, NUPT,
* FrFY SRESD,VARD,) DARR,NITAARER
TFONCI) (6T, 270, 0, 0R XY LT JU0, 0 6OTU 150
TE(XE5) 6T 1000, ARLXE3) (LT, AU.MEOTO 150
IF(X€2) . 6T210.0,07,X¢4) LT 0,U)E0OTO 150
IF(X(a) . 6T 0L, 08, X (63, LT.0,U)60T0 150

<

13 SET UP NEw PAKAMETER VALGIS

4 -
SsM=x(1)
$S8=X(5)

PSL=§SL
BRASSSB/§ur
VARS=U, 18
SAAR=Y .U
SRESC=U,U
2335 IF (IFUKS,E4,1) PGHROLU
IF {1FORS.GT,1) POHSPFCCY)

§555=35n
¢ e ————— cm—— -
g START UF THE MGNTHLY LOGP

bu 100wzt mmsun

1A2Tn41

NARNME]

IF ChbaGTL12) Must
PESCeVROLm) = Re AR (N1 (FLUATANTTY )
PPPPpE

TF (RALRCED) W FUL L) 60 To 40

WESR L UF L 572K C(RAINEY) +1. 6wt 0 p)
WEW/RALN(HD
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R e

o

882

Er=1 4B/ (T, (lemw) %1 49)
LF (Ew,6T,120.) ENM=120.

§e1=y,
SEAREU,
0 Tl
C ———-
[4 START of lTlnATIQ« LnoP
¢ A —— . -

bU 50 J=1,NTY

IF (RAINCH)  NE.0,) G0 TH b0
BRRCGIIE0, Y

GV T& 70

[4 CALLULA1k kAlNFALL Fon PRFSPNT INTERVAL

6U

srA SSFAREULLU/FLDAT(NLT))
SPZERAIN(HI * (STAR®HEN/{SFARFHENG (T y=SFARI **END)
RRR($ISSH =581

¢ ————

1F (S$SL,.GT, TMS) THS=EHL

c THE lNrtRckalom FUMCYTUN OPERATES UN A FINLTE LINEAR STORAGE

¢ U PV S ERU

L4l

A

¢ U U

450

GUTO 1544
EPKMET, 54U, QRO*PLH
SINP=EFXM-SCEF

JF {SINP,LT,N.) SlHB:u,

IF (RRACGIILATLSINPY GU TO 449
SCEP=SCEP+RRR ().

RAR(4)=0,

60 Tg 450

RAR(II=REK{II~S ¥

SCEP=EPRN

DJUST SUIL CAFﬁC}TV AND FOTENTJAQ EVAPUTRA“S FOR FUREST COVER

FeF=q 0 LLARDR=1, H)/1nu n)tpcn
PLEppPP*fef

ApD LN gALIEALL AND Taxt Aubv £VAs FROM STORE AND INTERUEPTION

RAT=S5L/YS
IF (RAT.6T.1,0) RAT=3,U
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