Lavi of Frewres

List of Tables
Table 3.1 Sales to Customer Class in 1980................coo e 37
Table 3.2 Population and Semple Sizes....................o oo 38
Table 3.3 Population and SRS Sample Size..........c.coo oo 3.9
Tabls 3.4 Population and Sempla Characteristics.................covcvevvninnnnnn. 3.10
Table 3.5 Pradetermined Semple Precisions........c..o.cooceviiviiiniiien e 3.11
Table 3.6 Bulk Sample Adjustmant...............coiiivieiiiin e, 3.14
Table 3.7 MBSS Precisions of Disaggregation Samples............. ....cooveeeens 3.16
Tabie 3.8 Coincident Peak Contributions.............cocoveviiininnieereen, 3.21
Table 3.9 Key Statistical Indicatars........c.cccivvreiiiie i eaa e 3.21
Table 5.1 Dascriptive Statistics of Error Profiles.............cocevnneee. e e 58
Tahble 6.1 Saasonal Corraction Factors..........cc.. vovvveiiince e 6.2

Table 6.2 Annual Maximum Demands and Load Factors for the Moderate

oo T o1 P - 1 & |

A Demand Pretile Fovecasting Meaded for Fxhom Frave T4



List o Fivares

Figure 5.3 Avarage Winter Week Error Profile for 1981............................54
Figure 5.4 The Tariff E Load Shifting Correction Profile........................... 54

Figure 5.5 Ave Winter Week Error after Tariff E Correction......................... 55
Figure 5.6 Eror Distributions for the 1991 Forecast......................... ... 5.6
Figure 5.7 Damand Profile of Recentiy Electrified Community.................... .57
Figurs 5.8 The Uncorracted Error Profile for 1892............... ..., 5.8
Figure 5.9 The Error Profile for 1992 Corrected for Load Shifting.................. 5.8
Figure 5.10 Total Load Shifting............ccor oo i 5.10
Figure 6.1 Excel Implementation of XDFM...........coiiii s 6.1

Figure 6.2 The Improvad Demand Profile Forscasting Process..................... 6.4
Figure 6.3 Improvad Dameid Profile Foracasting Modal..................ooooevn 6.4
Figure 6.4 Tariff T Profile Shaps.......cooc.. oo e 6.6
Figure 6.5 XDFM Modsl Error 1993.......vv e ciiiircre e e 6.6
Figure 6.8 1923 Error Profile with Tarif E Load Shifting................ccooeon 6.7
Figure € 7 1993 Error Profita with Tariffs E and T Load Shifting.................... 6.7
Figurs 6.8 Sectoral Energy Sales based on Moderate Forecast.................... 6.8
Figure 8.9 Forecast Average Winter Week Dernand Profiles.. ..................... 6.9
Figure 6.10 Avarage Week LDCs for each Season for 2000..................... 6.10

Figure 6.11 Mcderate Growth Forecast Annual MDs and Load Factors ....... 6.12
Figure 6.12 Tracking of the Annual MD by the XDFM model....................... 6.12

Figure 8.13 Annual MDs for the Three Forecasts...............c.ococeeiiien e, 6.13

A Bennond Progite Foreeaviing Medel ter Fskom Puee 1.4



Livt o Frgueres

Figure 3.7 1990 Average Winter Weekday Demand Profile of Traction.. ... .3.18
Figure 3.8 1990 Average Winter Weekday Prctiles of Peak Customar
oY PP T R PR 3.18
Figure 3.9 System Disaggregation of the Average Winter Weekday
1980, v e eaa 3.19

Figure 3.10 Comparison of Actual and Modelled System Demand

Profild..o.ooie i s 3.20
Figure 3.11 Proportional Peak Contributions of Cu.tomer Ulasses............. 3.22
Figure 3.12 Tariff E Load Shifting.................cooviiiiin i 3.23
Figure 4.1 Monthly Class Salas in 17°80......... e rE e e e 4.5
Figura 4.2 Averags Winter Week Demand Profile for 1990..................... B
Figure 4.3 Average Winter Week Load Duration Curve for 1990................... 4.6
Figure 4.4 Eskom Weskly Peaksfor 1992 t0 1984,............coooiiiiccii s, 47
Figure 4.5 Clustering of Weakly LDC8........ ......ccoiiiini e, 4.8
Figure 4.6 The Aggregation Modal.........c.....coviiriniinciins e o 4.9
Figure 4.7 Components of a Disaggregation Modal............. coon i 4.10
Figura 4.8 The Basic Demand Profile Forecasting Process........................ 4.11
Figure 4.8 Basic Damand Profile Foiacasting Model..............c.co oo 4.11
Figure 4.10 Seasonal Sales Variations.............ccoveiirriin e 4.14
Figure 4.11 The Quatro Implemantation of XDFM.................occeein, 4.18
Figure 4.12 The Prototype Average Winter Waek for 1890..................... 418
Figure 5.1 The XDFM Error Analysis Process................cooee e v 5.2
Figure 5.2 Average Winter Week Profile Error for 1990...................... NPT 53

A BDemand Protife Forecasiing Model for Fskom Paer 2



Pt of Froures

List of Figures
Figure 2.1 Foracasts by Milton and Troost.................ooo 2.2
Figure 2.2 Eskom Annual Sales 195510 1983.. . ............ .l 24
Figure 2.3 Eskom Annual Sales and FOrecasts...............cooviiiinicnene 27
Figure 2.4 Eskom's Long Term Foracasting Process in 1992...................... 2.10
Figure 2.5 Assumad Load Factor MD Forecast.............cc.coiiviiiiinns 2.1
Figura 2.6 Eskom Annual Load Factor 1955 - 1993..............ccooiiiinn 213
Figura 2.7 The Ralationship bstwseen Morning Peak and Annual Sales......... 2.14
Figure 2.8 Evening Peak Growth...........ccooo i, 2.15
Figure 2.9 Eskom's Changing Customer Composition 1955 - 1993.............. 2.18
Figure 2.10 The Elactrification Program............cooceeiiniiniiicciiin e neene 2.16
Figure 2.11 Load Shifting by Tariff £ Customars..............cccoceii i 217
Figure 2.12 Migration of Electricity Sales Between Tariffs.................... ... 2.18
Figure 2.13 Limits of assumed Load Factor Forecasting.............coccevenn. 2.19
Figure 2.14 Propossd L.onyg Term Forecasting Process...........cccevvvnveiinnne 2.20
Figurs 3.1 Class Aggragation ProCess.....c......oviiii i 3.2
Figure 3.2 A Disaggregation Model.....................cceei, N 3.2
Figure 3.3 The Eskom Customer Pyramid in 1990 ..........ccoovviin, e 3.4
Figure 3.4 Marksting Customer Classification..............c..oooo i 3.5
Figure 3.5 Revised Customer Classification.......................coooe . 3.8

Figure 3.6 1990 Average Winter Weekday Profiles of Base Customer

Clag88S8. ..o e e 3.18

A Demand Profile Forecastine Model for Exkom Peve B L



{ontenrs

4403 The System Demand Protile 414
45 IMPLEMENTING THE MODEL 4.14
451 The first iprototy ped demand profile forecasting model 4.1

51 THE ORJECT AND METHOD OF THE TESTING PROCESS L1
5.1.1 The Test Method s
5.2 TESTING THE BASE YEAR - 1990 LW
5.3 TESTING THE FORECAST YEARS 1991 AND 1992 5.3
5.2t Measuring Additional Loud Shifting in 1991 53
5.3.2 Measuring the Impact of Electnification in 1991 5.6
5.3.3 Measuring the Load Shilting in 1992 59
§.3.4 The Electrification impact in 1992 59
5.4 - CONCLUSION 59

6.1 EXPANDING THE MODEL FOR FORECASTING 6.1
6.1.1 Additional Load Classes 61
6.1.2 Improving the SCF Factors 6.2

6.2 MODELLING TARIFF IMPACTS 6.3
6.2.1 The T impact sub-models in XDEFM 6.
6.2.2 Testing the Luoad Shitting Sub-Models 6.5

6.3 LONG TERM FORECASTING WITH XDFM 6.8
6.3.1 Demand Pralile Forecast 6.8
6.3.2 Scenario modeled for the 1996 Demand Profile Forecast 6.9
6.3.3 Seasonal Average Week Demand Prolile Forecast 6,10
6.3.4 XDFM Annual Maximum Demand Forecast 6.11
6.1.5 Probability Distnibution of the XDEM Annual Peak Demund 613

Referances R.1

A Denwnd Provile Fovecasiing Modef tor Eskem Wwe O



Contenin

16210 The "Random™ Aspedt
3.6.2 2 The MEU Focus of Standard Saomple Validation Tests
1.6.3 Sabjevtive Sample Vabidation
3.6.4 Further Validation of the "Bulk & Onher” and "Theseloping
Community " Classes
1o S Testmg of the Modelled System Denuand Profile
s eh Seonsle Vatidation with DPEM Sample Design Error Ranos

A7 THE MSAGGREGATION MODEL IMPLEMENTATION
3.7.1 Validation of the Model
A 7.2 Coincident Peak Contnibutions
183 Anpoal and Summer Models
184 The Demand Tmpact of Tarifr B
39, PROJECT EVALUATION

3.10. CONCLUSION

4,1 ALTERNATIVES TO THE ALF METHOD

4.1.1 Econometric Peak Demand Models

3.1.2 Disaggregation Models

4.1.3 End-Ulse Hourly (Aggregationt Models

{.1.4 The Contribution to Load Factor (CLF)y Method
4.1.5 The Most Suituble Method for Tiskom

3.1.6 A Note on Confusing Terminology

#.2 REPRESENTING THE ESKOM SYSTEM DEMAND PROFILE
4.2.1 The Representation of Systen Demand Profile for the Model
4.2.2 The Reguirements of the Users ol the Model
4.2.3 Analysis of the System Demand Seasonal Compreaents
4.2.4 The Representation for XIDEM

4.3 THE AGGREGATION MODEL PROCESS ANDSTRUCTURE

131 The Aggregation Model Process
132 Demand Profile Forecaving Structure

dof DATA FOR THE XDFM MODEL
L1 Class Penmuand Pr Gile Shapes

B2 Class Energy Sade s Figures

A Pemennd Prodide Forceasting Modvl tor Fakom

4.k

4.2
4.2
+.2
4.3
4.3
4.4

4t
4.3
4.5

4.7
4.8

4
110

4.1

413
42

Page O3



Centiends

17 Nosman 1977 & [982

1.8 The Sales Growth Disconnmunty of JUN2

1.9 Recommuendations of the e \diers Commission of Laguars . 1984
E 16 Jouthert G TURS

.11 Davison 1990
|
I
{

T Tt b

A2 Prinsloo (992
13 Berristord 1943
A4 Assumed Load Factor MD Forecasting

I BV BRI

2.2, STRUCTURAL CHANGES IN ESKOM'S DEMAND PROFILE
2.2.1 The Sules Growth Discontinuity of JUR2
2.2.2 Declining Annual Load Factor
,2.3 The Evening Peak Growth
.24 Factors Affecting the Structure of the Eskom Demand Profile
241 Charging Customer Composition
24,2 The National electritication Program
243 Tarifl L The first step into DSM
A Time-of-Use ¢ TOUDY Tandts Proposed and Implemented
2.3 THE GOALS OF THIS RESEARCH PROJECT
2.3.1 The evaluation of the present process

2.3.2 Convlusions
2.3.3 The Goals of this Project

1 r3-Th stemn Disagor ion Projec

31 INTRODUCTION
4.2 PROJECT OBJECTIYES
LIPROJECT OVERVIEW
3,31 The Electricud Towd Struciure
2.3.2 Tarifl Structures and Metering
333 Daata Available for the Disaggiegation Project
3.4 CUNTOMIER CLASSIFICATION
3.5 THE SAMPLES
152 A Sample Design Exerciwe
3.6 SAMPLE VALIDATION

161 Testing Vabuhity as Simple Random Sanples for MPU Expunsion

A Demand Progide Foreeasting Mot tor & ke

23
23
25
In
a4
4
10
1

1 I

!u
—
[

1 !-i R BLEV N PO E o B
—_ o o o ——— -
R T TR IS R PTR U N

-I
—
-]

AN
219
2.20



(TR

Contents
Dechatition 1
Abslract it
Acknowledgements ni
Confents 1A
List oof Figures K1
Last of Tubles T1
Chapter 1 - An Overview of Demand Forecasting
L1, INTRODUCTION L1
1.1.1 Forecasting. Uncertainty, and this Project .2
1.1.2 Reguirements {or Forecusting in Dhilities 1.2
1.1.3 The Applications of Long Term Forecasting 1.3

1.2 A HISTORICAL PERSNPECTIVE ON  LONG  TERM LOAD

FORECASTING IN ELECTRIC UTILITIES 1.4
1.2.1 In the Beginning... 14
1.2.2 Early Maximum Demand Forecasting 1.5
[.2.3 The Advent of Econometric Madels 1.5
1.2.4 The Need for Improving MD Forecasting 1.7
[.2.. The Development ol Aggregation {End-Use Hourlyy Models 1.7

1.2.5.1 The ECLS Project and other early end-use nradels 1.8
1.2.5.2 The Development of HELM 1.8
1.2.5.3 Other End-Ulse Agpregation Forecasting Models 1.4
1.2.5.4 Alternative Muxonum Demuand Forecasting Technigues 19

1.2.6 Seenario Planning and Uneertinty Evaluation 110
1.2.7 Current Long Term Utility Forecasting Practise 1.10
1.2.8 The Future of Long Term Forecasting in Utilities 1.1l
1.3 THE STRUCTURE OF THIS DISSERTATION L.12

- De Forecasting in Eskom

2.1 LONG TERM FORECASTING TECHNIQUES USED IN ESKUM 2.1
2.1.1 Milton 1947 21
1.1.2 Troost [956 2
213 Fenwick and Torr {961 21
214 Straszacker 19606 22
208 loubert 3T 1971 22
21 6 Stoftherg 1978 21

A Demand Profile Forecasting Model tor Exkom Puer O



Acknowhedveneinta

Acknowledgements

This document represents a gread achievement in my Iife. It would not have
heen possible without the support and guidance of my family and collcagues
in Eskom over the years. In particular, 1 would like to thank:

My parents, who never let me know that | was slightly different.

Mr P. Crawshaw (ex Senior Engineer, Measurements and  Standards.
Electrizal Test & Research Department, Eskom) for employing and opening
doors for a person with epilepsy. in an era that provided few opportunities
1 disabled people.

The late Mr G. J. Korvink (ex Chief Engineer, Measurements, Eskom), who
was my ‘mentor’ for many years and supperted my research and
development work in Eskom until he passed away.

Mr Rob Surtees, Mr Andries Calitz, and Mr Tony Britten for supporting this
venture, and making Eskom resources available to me.

Lastly. my wife Yvonne, and children Talitha, Henry, and Byron, for

sacrificing time with their husband and tather to make this achievement
possible.

A Demand Projile Forecastine Modol toy Eakom Posre 1



Abstract

Abstract

Accurate forecasting of system Maximum Demand (MD) is vital 1o Eskon.
Under-estimating the MD could result in a generation capacily shortage.
with devastating consequences for the economy. Similarly. a high MD
forgcast would result in overcapacity., with expensive generating plant
standing idle. The traditional method of MD forecasting in Eskom has
become unreliable due to a changing relationship between forecast energy
sales and expected maximum demand. The reasons for the changing system
demand profile were isolated and analysed. Alternative MD forecasting
technigues are evaluated and end-use hourly aggregation models were
dentified as a method suitable for Eskom. An experimental demand profiie
forecasting model was developed, using data from a previous project. The
niode] was tested and proved able to cope with the structural changes in the
system demand profile. This resulted in the adoption of this technigue by
Eskom and approval for the development of a full scale demand profile
forecasting model.
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Chapter T A Overview of Besmand Porecasiny

countries abo do not depend on Jow electricny prices o a global compenitise
advantage. as does South Afnic. The atthor adso potes tha i the TUSAL one of the
wirdesizithle consequences of deregulaton has just started to oecor: There hase been
two blackouts iy the US i recent months - aind with oo obligaiion o sapply. 1o
ditficult w fay the responsibihty or gecountability at the door of the utilits, The Free
murket makes no guarantee for the supphy of the commodity. The aushor suspects
that a purely market driven ES] may have a shert life in places hke the USA when
customers are wialie w get electneny. s likely that aomarket deiven ESTmay require
a different form of regulation to limit price extremes amd eosure suppiy. Thiy would
imply an ongoing need for long term planming and some form of {EP process, The
vhange nmay be that 1t the regulator rather than the atiley that performs this Tunction.

1.3 THE STRUCTURE OF THIS DISSERTA- ION

The rest of this dissettition covers the developtent and testing of the Bxperotental
demand profile forecasting model (XDIFM),

Chapter 2 is a review ol forec-sting teclimigques s used in Eskom. The evolutic. f
these technigues wnd their sorcoemings under corrent conditions provide the
background Tor this research.

Chapter 3 described the disaggregation project which provided the customes demand
profile duta for the experimental model. B was vital to establish confidence in this data
set. as inaccurate customer class demand profife dat wonld raise serious doubt about
the XDFM 1aodel’s test results,

The development of the XDEM madel is covered in Chapter 4. followed by the testing
discussed m Chapter 5. The last chapter demonstrates the wse of the model in Eskom’s
long term lorecasting process und dlustrates it performance sinee 14994,

The success of the experimentad madel Yed to support for the development of a fwl-

scile Demand Profile Forecusting Mode! (DPEMY. This development is corrently
under wauy amd the mode] is expected o be in pse by 1998

A Demand Protile Forecasting Modet o Ekom Fogr 112



Chapter 1 An therview of Pemond Fovevasting

o Scenano Phmning fotiowed by Bnd-Use Toorometie nodelhing tor Encrgy Sales
Foreciting,

o End-Uee Aggregation moadelling of selected seetianos tor Demand . Probife
Forccasting. This meludes statistical analysis of exogenous ampacts like weather

The entire provess mchudes explicit guantification of uncertainty. wilt the goal of
producing a Forecast range within wiich Teust regret’ planmag decis s can e nrde,
together with contimgency plans 1o cater o less Tihely but possible alteratives,

1.2.8 The Futura of Long Term Fonr. ~asting in Utllities

World-wide. the electric utility industey is currently undergoing - revolution which
has implications for forecastu e, This revolution s encapsufad 10 the concepls
Privatization, Competition. and Deregulation. Large, vertically mtegrated public
utilities are heing broken up into components. The Generation. Transmission. and
Distribution  Tunctions are sepurated, often with competition infroduced at the
Generation level and sometimes ot the Distribution fevel. There are many Jditferent
mudels of this restructusing in different countries, but the general trend is towards
whoalesale comperition with retail competition as an altimate goal. The Elect ity
Supply Industry (28D has been operating in ilns mode for several years i womne
countries such as Norway  while other countries ook set {o continue operating large
utilities such as EdF in Frunee and ENEL in Dalv. The ESI m Great Brituin was
privatised in 1990, and recent legislation in the USA [Richardson 1984 is set 10 allow
competition for customers aml open access o iomsmission systems tor Independent
Power Praducers (IPPsy

Thix revolution has - erious implications for Tong term forecasting {Landgren 1995].
a utifity has mo cuplive customer base or service territory, artd no obligation 1o supply
customers, it may have no need for long term exeansion planning or forecasting. 1
market forees' can efficicntly regulade the LS the type of long o plunning
raditionatly done by utilities for a century could become ohwolete. As capaeny limas
are reached. @ is expeeted that electricity prices will rise uniil the wikits or an PP
(inds it financially beneticial o batld new plint - 10 theary. The connomy of scade that
led o huge central power stations was hosed mainly on higher efficvienvies ot Lager
umts, amd new technological develophienis have reduced this advantuge in recent
years, Modern technology has made at possible 1o construet sprall but efficient power
plants with relatively short fead Umes. A 300 MW Combined Cvelie power station can
be buiht in under wo years [Farogui & Melendy 1995] The Jdesigns of small (100
MW or Tess) pebbile bed nuctear plants are available [Eskons 19496].

This concept his proved workahle mn some countetes for a relativels short perind ot
thme. o few vears, I bas been applied e otlier previoushy patioitalined or regulaned
ndustries, such as elecommunications «d wansport. B has also happened 1o energs
service Indusiries. notably gas atihbies, The owtries i swhich st appears o work e
these where electiteiry use appears B have sauvated. sesalting in low growih. These

A Deowind Protile Foreencme Model tor 8 skop; Pave 110



Clapter 1 An Overaew of Demand Porecasting

value distributions wnl Monte Cario siimedation hose been wepaorted [Beleer &
K. log 1yady,

1.2.8 Scenarlo Planning and Uncertainty Evaluation

Increasing uncertainty about econome mdweators and customer belaviour, as well as
increasing infervention in the nurkel by utilities with PSM nwaswres. bed 1004 new
approach during the Eighties. Forecasters shifted their focus from predicteng single
line forecisis accurately, 10 range of hkely values guantifsving the uncertiainty within
the range [Gellings 19910 An TEPRL sponsored workshop on forecasting models in
1980 |EPRI 19R0] identificd the treatiment of ungettainty as o primaey concern and
lirst evaluated three altermative approaches to evaiuaiing uncertainty. namely scenario
planning, probability trees, and Monte Carlo simulations.  These methods are
discussed af length in an EPRI research report {EPRL FIO0. Several case studies of
U'S utilities applying these methods were Later desenbed [EPRT 1882) More US
Utilities have since reported their experiences iy uncertaintly evaluation at several
conferenves Je.g. Insh 1992hb, Logan 1995],

Scenario Planning [Davison 1990] attempted 1o define a small set ol possible
economie seenarios for the wility's service area. The scenarios were browdly defined.
and each econometric pmameter used m the forecasting models was given a value
consistent with cach seenariv. The forecasting models were run for cach sel of
parameters, resufting in forecasts for each seenario. Plannets could then develop
expansion plans for the 'most likely' scenario. and ontingency plans for the other
scenarios, Forecasters abo started using several techniyues together, ¢.g. time series.
econometric, and aggregation. combining the wsults by averaging or weigiting
according to cofidence in each method [Gellings 1991, Adanw 1992, Irish 1992],
Comparing the outcomlme Irom. a e series [orecast with an cconometrie or
aggregation model highlighted some of the shorfeomings in one or 1he other method.
enabling the Forecaster to fmprove the imal forecast |Gellings 1097,

Seenario planning has been refined by the adoption of technigues to evialuate the
uncerfainty of some assumprtions and o deternine the sensitivity of the Torecast
cariations monpwt parameters. Methods wsed fovlude Probability: Tree Analssis
[Gellings 1991 und Monte Carle Simulation [Belzer & Kellog 1993] The uswe of
probabilistic rather than determinintic methods in forecasting hay spread 10 the
cxpansion planning process isell. A cent paper describes three approaches 1o
implementing  probabilistic expansion planmng, namely  determinisiv equivalent.
seendrios, and stochastic optimization {7 iorenstin of al 193], One of the modeds used
by Eskom for expansion plamning and production costing, EGEAS, uses the suchastic
optentization upproach.

1.2,7 Current L.ona Tarm Utllity Forecasting Practise

The current state-ol-the -t in long werm fmecasting i 4 combination of the 1olow iy
welmnigues:

v Dewvand Protde Fovecastine odel tear Fakonn Page 110
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model. HELA gained widespread support i the S, with about S0 alaies using by
F9RA [Irish & Maswell 19861 A growmyg tange of HELM appheattoas has siwe heen
reported [Dorsey 1987, Inghs & Adams 19921 Carrensly over 200 US utifiies uswe

HELM.

Although Eskont was aware of ir's exisience. the hick of castomer ot end-use denand
profite data in South Africa and the adeguate perfornunee o ex atmg forecasting
techniques dictated against us obaiing this madel (e 1986 Eskom nanagement still
{elt that the low growth since F982 was transicnt, and that high growih rales would
returmn.)

In 1993 HELM was rewritten as a Windows hised PC pachage. amd Eshont was by
negotiating an affilistion agreement with EPRE The awthor developed a spreadshueet-
hased disaggregaion model. using class demand profile data fom @ 1990 cost-of -
service disaggregation project [Bluff 19930 & bl 0 test e coneept of hourly
aggrepation models for Eskom. This model was tested agaanst the system demand
peafiles of 1980 1o 1993 and showa to be capable of discerning the changes and theit
causes, The adoption of HELM Tor Eskom was proposed |Berrisford £994a] and
subsequently accepted.

1,2.5.3 Other End-Use Aggregation Forecasting Models

The bourly end-use approach was gaining ground in olher countries al the same tune.
A dispggregation model Tor medium term (seven yvearst hourly demand  profile
forecasting wus reported by the CEGB [Allera & MoGowan 1986] in the UK. The
modet dealt with weather impacts by using weather normalised end-use  demand
profiles und wias run for cach of sev ral typical days with hall-hoor intersals, More
recent examples include the DFLMOD aggregation model developed in New South
Wales, Australin |Bartels et al 1992].

L.2.5.4 Alternative Maximum Demand Forecasting Techniques

In recent vears several altermatives to end-use hourly models have heen proposed
These have alv been attempts (o nprove on the ALF method withowt the high costs o]
end-use hourty modei . There are two basic approaches, namely:

o Improving the ALF accuracy by combining weighted load Tactors Tor each
customer class, (o cater Jor changing customer mises and lowd  numagement
impitels, This approacit s fist seen m 1972 as applicd by the {T'GB JUNIPEDE
721 B owas einvenled in 1990 and reponed at the AEIC Load Research
syimposium [ARIC 19,

s The apphication of statistical techmigues 10 the disiribution of annoal peaks and
their relationship to annual energies. average seasonal peabs, o other ol
paramieters. fnee weather v tagor Gaetor cffecting demand peaks, tus attes
tahes the form of weather mmpact anabvas, ' ccenkly tedhmigques using exireme

A Devrand 1 rotife Foaecavmpe Mode! for Fakoon Paee 18



Chapter 1 An Chvervcien of Demand Forecanting

Parti & P 1Pt & Parte 1980] was used by severad onfites o geserae resdental
end-use profiles from whole bouse demand e Tegn ARIC 19%0b, Bartels et al
1942]. This statstical teehmgue proddoced g ©re o i some cases Md ot oy orfers
[Gellings 1991}

The Toad research data and end-use mndels mewde it practiod to miplement emd-use
hourhy  gggregation models. The copcept of  manmmum - deman: Torecasting
simultaneousty deseloped to cover more than just a sigle esti e of 1h e+ annual peab
demand. Ti imples rather @ range or distribution of nspamen d- mand probabihies,
and ineludes load shape forecasig and Toad duration curve lorecasamg as well.

1.2.5.1 The ECLS Project and other early end-tise models

One of the first serous altempts a1 emd-use aggregition modelling was the Electrie
Load Curve Synthests 1ELCS) project undertaken at PSE&G (in Calitorniag in JOR0
[Gellings & Taylor 1981]. ELCS forwwist abant 160 components of the system foad.
inviuding weather sensitive end-uses and using hourly weather data. The model
forecasts nou.ly demand for 30 years, but summarizes the annual demand profiles mio
two seasons and three day tvpes per season. This approach is common to aggregaticn
models, simultaneously taking advantage of similarities in daily aemand proliles and
reducing the size of data sets considerably. This model was used very suceessfully by
PSE&G, and s versatifity in dealing with weather impacts, DSM, and  oad
managenent progriams generated a lot of interes.

Brochl o worted the development of a similae model [Brochl 19%1). Ths hud 1wo sub.
medels, one of which was an end-use aggregation model tor the residential,
commercial and industrial sectors. The Electricity Council in the UK also started
using this technigue. initially modelling the end-use demand profiles of residential
oustomers [Skinner (984f Unfortunately a lack of good end-use load research d-sta
hampered the widespread use of these models at the time.

1.2.5.2 The Development of HEILLM

The Electric Power Research Institute (EPRD Tater developed an improved end-use
hourly aggregation model. isndally wermed the Load Shape Forecasting Model in
P9RS (LS {Dichson 1984 and fater called the Hourly Electrie Load Model
tHELM) |EPRI 19851 The LSE had an hicrarchical structare. with user-defined end-
uses being aggregated to Class Loads, which were then aggregated to get the System
Load. End-uwses conld be weather semsitive or imensitive, and LSF could Torecast cliss
or system load shapes for different weather scenarios [Dickson B984] A model to
develop weather ser-ativity parameters from demand and weather diatic wits not
inciuded, and the user had o establish these parameters externally, 1LSE conld abso
forecast te mipacts of Toad management and conservation programs,

HELM was minathy writlen as o maintroye apphcation, and five TS utihines

subitted sstem data 1o EPRT 10 test the model during development [EPRD FORS ]
Ihe model was an enlunweent of the TSE icluding o weather sensitivity sub
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1.2.4 The Nasd for Improving MD Forscasting

A major shotteoming ot the ALEF method is the Lk of demand profile slupe
information it provides for espansion planners. Although MDY tofecists mlorm
plamers of the future capaeity teguired. they do nor provade any inforniation on the
optinal capactty iy required, Typrealls lastoric system ademand profiles are used as
indivative of tuture system demand prodite shapes. This was o reasonable assumiption
before logd management. time varant farifts, amd 28M programs appeated - all of
which can change s dem demand profile shapes.

Despite considerable detil and complesity, evonometric mode!s eould not deal with
changes in system demand profile shapes, These  data-intenwive monuments to
computer madelling could not cope with the increasingly unpredictable changes i the
electricity industry. Tiis applied particularly 10 peak demand requirements. The key
shorteoming was the inability of econmnetric madels to cater for diversity and the
impacts of increasing kead management and conservation PDSM programs,

1.2.6 Thae Deveiopment of Aggragation (End-Uss Hourly) Models

As it beeame clear that the more complex econometric models did nol necessanily
produce more accurate forecasts. particularly for system maximum demards, sectoral
for segmentation) hourly models were developed [Broeht 1981, Irish & Maxwell
1986, Gellmgs 1991, Initiallty the lack of detailed data limited these 1o a top down
(disaggregation hourly) approach, but in recent years emphasis has fallen on
developing bottom-up (aggregation or end-use hourly) models. These models
forecast daily average demands or hourly demand profiles for each end-use and sum
{aggregate) these o simulate the system demand  profile. These were used
conjunction with cconometric energy sales maodels to forecast system maximum
Jemands and demiand profiler. The models attempt to develop the wily demand
protile as the sum of all the electric end use cobsumption patterns, The assumption is
that the use for any given end-use applisnce will be consistent, and the applance
penetration can be established by means of surveys. The futare energy requirenwent for
cich end-use iy then madelled using econometne technigues and scaled profiles
summed (0 the aggregation model. This approach can capture the changing fortunes of
difTerent end-uses and cater for changing costomer mixes. Hourly end-use models can
more accurately forecast mavimum demands and changes 1o the sesteme demand
profite shape. Loads that contain weather seositive components can be sepataied into
weather sensitive and  weather-independent end-uses, which van be  represented
separately in the aggregation mode! [Schick 1988). The Econometric approach and
agepregatio models can be described as "catssal ohjective’ types [Ammtrong 1985]

The availability of Joad  research  data increased  during the Eighties,  and
stmultancously several ‘physical’ or ‘englnecsing end-use models were developed.
The mast poputar ‘physival” sedebs i lude those deseloped by the TS Departroent of
Foergy and LOADSIM developed by EPRE JEPR] 198X JURTL although several
others hive hoen desertbed FCalloway & Bnce 19820 Thara & Schweppe 1981 ] During
the siine period the Conditional Demand Analysis 1CDAY technique deseloped s
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s a resitll of regulators teguirements jirsh & Mavsell 198G, Gelangs 19911 These
programs, often with contlicimg impacts on the sastem demand. distorted. the
previow s stable relutiombip herween enerpy sades and systen manimni demand.
Liskom was not seriousty affected by e sil erisis, i Eshom does not ase ol as a
primary {uel for electricaty genweraaon, Purmg e sanke peniod other atilities
Eura,e, such as the CEGH in the UKL were facing unpredicied changes i electrioty
usage patterns by thein customers, i particular residential customers [Armistrotg
TURS]. as a resull of saturations uf some appliances and the introduction of more
efficient technologies. The introduction of load management prograny by silines
further istluenced growth in unexpected ways. Electnenty demiuand growth patierns no
tonger followed histeric trends, patterns or cyeles.

These changes resulted in the next phase of ferecasting technigue developtent.
Recogitizing that electricily sales growth was a fuaction of economic growth, and
further that sales to different sectors wis relited tecconomic activity in those sectors,
forecasters developed econometnic muodels [EPRT [976] o suppleinent thesr time
series madels, The first eeonomelric modeis Tooked at the system level only umacro
econometric models), but they soon developed tnto end-use variants which forecis)
energy needs in cach sector separakely (end-use or sectoral econometrie models)
[Peck & Weyamt 1985). Feonomeiric models could accurately characterize the
behaviouryd relutionships that represent market decisions based on relative prices and
costs, This includes estimating the impacts of DSM progrioms {Irish & Muxwell
1986). Although these generally wnproved sales forecasts, peak capavcity regoirements
Jerived {rom theni Jid not improve.

Some utilities started experimenting with econometric models in the late Sixties,
Econometric models introduced & ‘promising new methodology' according 1o the FPC
(FPC 1969], The UNIPEDE manual {UNTPEDE 1972] described 'conditional models’
which were mavcro econometric regression medels. it is apparent that both taly and
Great Britain were using simple econonzetriv models at the time,

Insceurate forecasts, usually high in the US [Gellings 19891 resulted in high
electricity rates as utilities built wore generating plant than they could use once
construction was complete. The {orecasters” cconometrie nwdels  becime more
sophisticated in an attempt to cope with these structural changes [Gellings 1991]. A
major desvlopment was residential and  conmercial end-gse models based on
combinations of econometric al engineering {physical) models to forecast end-use
energy provesses separately and collate them o get systean total energy requirement
forecasts. Popular examples of these models include the Residemiad End: Use Energy
Planpmg System (REEPS), Commercial Residential End-Use knergy Planning Syseimn
COMMENDY and  Industrial Iind-U'se Planning  Methodology  (INDEPTH: all
doveloped by EPRE [Gellings 19911 This set of madels represents the apex of
development of end-tse cconometnie models for ntilsty forecasting. They are still in
use and EPRI sl runs training courses on theim,
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sales forecasts with acceptable results. These time series models fuse been classatied
as "naive objective’ weehnigues by Armstrong [Armsrong [98S]

Time series models Bave the mlierent advantages of relative simplicits and limated
data requireinents, sinee the only inpub required s also the output, teo monthly m
annual electricity sales. Technigues used elude {Bleloch 194920 Armstrong TURS]

Extrapolation dlinear. exponenital)

Curve Fitting

Smonthing

Moving Averages

Auto Regression

Autoregressive Integrated Moving Average (ARINA) or Box-Jenkins models

.« & = 8 =

Often combimations of the above wechniques are used. Time series forecasting softw are
packages usually include several techniques, which allow the user to exploit the
advantages of ecach. A good example of such u package is Forecast Master [EPRI
£941). This program includes u range of tme series and ceonometric modetling tools,

1.2.2 Early Maximum Damand Foracasting

Prior to the 1973 ofl cristy, anmad maximun demand (M) forecasts were derived hy
simply applying an Assumed annual Load Factor (ALF technigue) to the energy sales
forecasts. This approach. while vers simple, proved wlequate for many years. The
primary underlying ussumption of a stable energy / demund relationship. was
consistent until the vl crisis.

Approximately half of the respunding utilities in the FPC report [FPC 1909} derived
MDY forecasts from the cnergy forecust, using the ALF technigue. The remainder
forecast MDs separalely, extrapolating historic values with some adjustments, 1t is
apparent from the UNIPEDE mumual [UNIPEDE 1972] thet, for many Europemn
countries at the thoe, the primary capavity constraint Wis tat maximnn demand b
energy. Ensuring enough generation capucity for forecast energy requirenients thus
alwitys ensured MD requirements, The manual details an enhanced ALEF technique
used by the CEGE (UK) to dedve their annual MD forecast. (The CEGRB had
introduced off-peak tariffs several vears previously and was one of the first atilities 1o
expericnee [vud shape changes ay o resalto The CEGB bad a effective Load Rescarclt
facility, and had noticed changes mthe amual load factors of ditferent classes off
customet, due to the off-peak tanfts. They theretore forecast the load luctors of the
cottwident demand lor cach elass, derived a coincident peak for each class using the
forecast sales and LE, and summed shese 1o obtain o lorecast of the system peak
demand.

1.2.3 The Advant of Economaetric Models

I the wake of the 1973 ml crass many ubilities m the USA infrenluced energy
eonservation amd losd maagement programs (Bemand Side Management or DSM,
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These two Lacts combuied mahe Jong erm torecasting an inescapable necessats
despite the considerable ditticulty m predicting esents Tong mte the future.

1.2 A HISTORICAL PERSPECTIVE ON LONG TERM LOAD
FORECASTING IN ELECTRIC UTIL/TIES

Alliough the Tocus of this dissertation 15 demand profile forecasts, e strong Ik
hetween demand Torecasts and energy  forecasts requires some insight imo the
historical evolution of electricity safes forecasting. The methods disctissed wiil! not be
Jdealt with in any great detail,

1.2,1 In the Beginning...

Energy sales forecasting technigues in utilities evelved from subjective. “pug-teel”
estimates a century ago, when the first power siations wen constrocted. These rather
subjectlve technigues then devetoped through simple exirapolations to time-series
technigues in the Sixties [Stnton ot al 1969, Trish & Muaxwell 1986, Geblings 1941,
Bleloeh 1992]. These miethods were no longer subjective, it the nwdels assiumed thal
the future could be predicted adequately by projecting historic patters into the {uture.

A study of electriv utility load forecasting techniques [FPC 1969], produced for the
('S Federal Power Commission (FPC) in 1969, repotts that one third of thirty
responding  utilities used judgemental {orecasting and another third wsed simple
extrapolation based on linear or exponential trends. Four of the thirty reported the use
of correlution or rudimentary eeonomietric models. The report deseribes carly sttempis
1o separate the weather sensitive load component [rom the total load. creating
probabilistic peak «deinand model.

A UNIPEDE manual on electricity  forecasting  miethods in 1972 mentions an
observation that 15 "so general that it is somctimes taken as having a toree of Law ; this
is the famous 1) year Joubling law' [UNIPEDR: 1972] Apparently it was generally
aceepted that electricity demand doubled every ten years, The authors of this repuort
were from Germany. Ttaly, Span. Belgium. Frapee and England - this must have been
a widely applicable Taw ! The manual desceribes ‘autonomous' forecasting method.
which inclode linear and exponentsal extrapalation. and introduces the klea of market
saturation with a bogistie Torecasting model. Alihough the mannal indicates that sales
growth was still exponential, it anticipated sauration in the future.

For decades electrivity demand grossth in industrialized countries grew strongly.
consistently. and predictably: and time series techmiques pertormed adequately. No
thought was given to dynamic market forees or cateil factors thar atfect the demand
for elediricity {lnsh & Maeaell 1986) Forecass on the high skde were considered
acceplithle, as it was believed that demuanud woubd inevitahly grow o meet any exyess
capacity. while Jow ferecasts were considered sermons problems finsh & Maswell
TURO]. Throughout s peoad mavimum demand Torecasts woere derived Trom enerpsy
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wae iy sehieduling of generation plant to produce the reguired energy as chwaply as
possible,

o Medium Term - Weekhy o i athly energies and MDD for o period of one 1o fine
vears aheid. These dite are needed for planning and budgeting over the business
planning horizon, and for planning the primary resources a wility needs - coul nd
walcr.

¢ Long Term - Ansuul encrgics and M for 10w 30 years ahead, The vonsructian
of new power sations fakes from 8 10 15 years, fron planming to commissionimg.
Future electrictty demand therefore needs to be known and planned Tor long in
advance. Loy term forecasts are usually updated on an annual hasis,

Thin dissertation is concerned primarily with long term forecasting, and covers the
fullowing aspects:

o A survey of demand forecasting methods wsed by overseas wiilities, and their
applicability o Eskom,

s An review of the techniques of energy sales und annual MD forecastimg technigues
as used in Eskom.

s The development and testing of a prisotype model using the disaggregation
approach, using the limited data available in the organisation at the time.

A impartant  assumption underlying this research is that Eskom will remain
essentiolly & vertically integrated public utility For several years. Th value and need
for a Long Term Demand Profile Forecasting Model could be perevived to be
significontly diminished in a privitised and competivive electricity supply industry.
This is diseussed in more detail later,

1.1.3 The Applications of Long Term Foracasting

Large public electricity atilities have two fundamental reasans for requining long term
forecasting, with horizons den 1o thify vears) that appear ridiculous for most
businesses. These are the following:

¢ Long Construction Lead Times - The henetits of cconomies of scale apply
strongly where o utility bas access b large quantibies of cheap coal. as in the case of
Eskomi. The large Six Pack’ power stations that are most economival for base load
generation in Scuth Africa take over ten years to complete once the decision to
proceed has been made. This amplies that Eskom must be confideat of the cnergy
and demand requiremetits i decade before they materialize.

« Obligatien to Supply - Public utilities usnally have o monepoly in their arei of
supply. Inoreturn Tor this captive and secure market, they are also obliged 1o supply
all the electrival energy requirenwtts in their franchtiscd’ arca of supply. 1I© kom
currently carries this ablipation.
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ainl predict the Jowd stafting by Eshomt's ca-dorers in respatise to Tanifts b oand T
ttecently renimed Nightsave and Megaties or Mmifles

1.1.1 Forecasting, Uncartalnty, and this Project

It hias heen said that the only cerlainty aboit forecasts is that they will be wrong.
Somie, however, will be more securate than others. Ferecasting is as much an art as a
seience, with the seience component gridually inereasing as more is understood of the
reasons for changes in the forecast quantities, Mark Twain s 1eporied [Harding 1991]
as huving said the {ollowing regarding forecasting

"In the space of 176 vears, the Tower Mississippi has shortened
itself 242 miles. That is an average of a trifle over one mile and a
third per year.

Therefore. any calm person whe is not blind or idiotic, can see
that in the Okl Oolotic Silurtun Period. just a million years ago
next November. the lower Mississippi River was upward of |
300 000 miles long.

By the same token, any person can see that 742 yeurs from now,
the [ower Mississippi will be only a mile and three-guarters long.

There is something fascinating about forecasting. One gets such
wholesotie returits on conjecture out of such trifling investments
of facts,”

This author, like Mark Twain, is not a forecaster. and had a rather eyvnical view of
forecasters and their tools. While studying changes n the Eskom system demand
profife. the author became aware of the sunplistic approach Eskom forecasters had
used for annual maximum demand  forecasting, and propused a better method
[Berrisford 1993b]. The proposal was accepted und led to the development | Berrisford
1994u] of a maodel that is better able 1o cope with the current chunges oceurring i the
Eskom wystem demand profile. This dissertution deserthes that project.

1.1.2 Requiraments fotr Foracasting In Utilltlas

Lidectric utilities have a range of different requirements for forecasting. These include
operational dematd forecasting, energy sales, masenuun deinand (MDD and revenue
forecasting. There are thiee classes of energy and demand forecasting. Each has it's
own lme hotizon, accuriawy regquirement, and update rate. These van be loosels
grovped into the tollowing categories:

o Short Term - Howrly denund values for o diy 024 hours) e o week ahead,

normaily updated daily. These forecasts are requited for aperating the generatuom
and ransmission syste, used by the Systems Operations Department. The priman
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Chapter 1 - An Overview of Deamand Forecasting

1.1. INTRODUCTION
“Prediction is a difficult art, especially when it involves the future” - Neils Bolr

The traditional method of system annual Maxinam Demand (M) forecasting utilised
hy Eskom has served well for many years, but has proved wnable o cope with
dynamic structuritl changes currently occurring within the Eskom system. Bnergy sales
foreeusts, uswdly based on some form of cconometric modelling, are used with an
assumed futore system load factor to derive o forecast MD. This techiigiie, known as
the Assumed Loud Factowr ALF) method, depends on a long term consistent
relationship between a utility’s annual sales amd MD. This relationship can be
disturbed by chunges in the customer hase of w wiility or the introduction of |

Side Management meas ures by the atility. Within the past decade both ol these ypes
of disturbance have taken place in Essom, and long term MID forecasting using the
ALF technigue is suspect. Unusually severe winer weather in 1994 resnfted in a
system peak demand of 24 800 MW (more than T 000 MW higher than the forecass
MDy, as well as an unexpected increase in energy sales of about 3%, Ths haa
increased the urgenvy to improve FEskom's forecasting process.

Accurate forecasting of system MD is of vital impostanee 1o Eskom. It lakes from ten
fo fifteen yeams (o construct a new power station (from planning to commissioning).
Under-estimating  the MD could result in an generation capacity shortage, with
devastating consequences for the economy. Similarly, a high MD forecast would
resull in a situation af avercapactly. with expensive gencrating plant standing idle,
resulting in unnccessarily high triffs. Duripg 1993 the author used data [rom a
system disagpregation done by Load Research in 1991 to illustrate MD furecasting
vang a disaggregation baved model [Berrisford 1993h). In 1994 he improved and
cxpanded the disaggregation model] to produee MID> and load duration curve forecasts
[or Eskom’s Integrated Blectricity Planning Committee [Berrisford 1994h]. These
Forecasts bave been included in Eskom’s Corporale Plamning Directives, and led 1o
support For the full scale implementation of a demand profile forecasting mode! over
the next two years [Berrisford 1994,

This project covers the development of the denwuud profile forecusting model. It s
bused on a disaggregation of the system dentand peofile. incorporating end-use
aggregation. weather impact. amd tarill impact sub-models as well, This approach
combines the simplicity and refatively low cost of the disaggregation approach with
the detail and accwracy of erd-wse aggregalion for custonser chsses expericicing rapid
crowth, weather sensitivity. or shitfting load in respomse 1o ardl messages. This
resereh covers the development of the disaggregation wodel it generad, with
particular emphisis on the developrient of a sub-model that o aceurtely mcasure
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Fipure 2 8 illustrates the technique wsing o Toad fuctor of 745 1o densve an estimitted
MIY ol 27,7 GW From anannual sales Torecast of 179 TWh i the vear 2000

2.2, STRUCTURAL CHANGES IN ESKOM'S DEMAND PROFILE

2.2.1 The S8ales Growth Discontinulty of 1982

The decline n safes growth in the carly Fighties heralded structural changes to the
Eokom system demand  profile which would have tur reaching  eifects. with
consequences similar 1o those of the 1973 o crisis for U8 utilities, Growth averaged
abowt 8¢ per annum Irem 1950 )] TYR1, and then dropped suddenly to about 44 pey
annuin, This sales growth discontinuity is clearly illustrated in Frgares 2.2 and 2.3
The fundamesntal reasons tor s change were

¢ The reduction in growth of large, energy mteeosive mdustrial projects that meant an
end to the regubr large wicreases in base Toad Eskom had experienced over the
previous fwo decades.

o The change in global economie growth tremds after the 1973 amd 1979 oil crises.
This impact was delayed ‘n Eskom o sales growth rute. mainfy due to Liskom's
dependence on coal rathes Lan odl, and the continuing construction of large energy
intensive indusnies afler 1973,

The decline had made electrivity sales forevasting almost impossible using macro
cconometric forecasting methods. It resulted in excess generating capacity wlhich ma
lust (11 carly in the next century, Eshom has been eriticised for this situation |Coll
1984, Pouris [986] and s aftempting to improve ity forecasting abthity. In the future a
far better undenstanding of each customwer sectar will be necessary im order o
acctrately Torecast the system growih.

2.2.2 Daclining Annual Load Factor

Figure 26 ithestrates Eshoms anoual load factor trome 1955 10 19723 A peieral tend
o improving load tactors ts evidenr from P55 w0 abouar TURD This s, it o suspected.
due o improving load management by the Mining and Industrial sectors daring this
periad. The trend has, lowever. exfubited a convstent decline vinee FURL
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The prototype disaggrepation model was nprosved do become the Experimentat
Demand Forecasting Model (XDEMs [Beastond 19930] and has been used sinee
1994 1o forecast loog terms annuad MDs and load factors for Fahonvs 1FP planning
process, The XDIEM demonstrated the dvantiges of demand profile forecasting. This
lead o management support for o (ull seale denuad profile forecasting modet
(DPEM) 10 be based on the HELM package deseloped by EPRIEPRT 1985

2.1.14 Assumed Load Factor MD Forecasting
The annual load factor for Eskom has varied berwee., 73% and 78% over the last four
decades (Figure 2.00, and can change by up o 3% from year 1o year. Prior to 1993, 4
single average long term annual LEF (eg. 74943 wis assumed, and the annual MD
derived from the Torecast sales with the following relationship:

Annual MDyw = Annual Salesswr®e T+Loss FaclonA8 7607 ALE)
where:

Annual MDDy o s the forecast Anbual MP tor the forecast yoar, in MW

Annual Salesypn 18 the forecast Annual Sales for the forecast year. in MWh

Loss Factor : is the fraction of generated electricity lost in the transmission und
distribution systems, typically 6% or (L06 for Eskom,
ALF i the Assumed Load Factor. for example 74% or (3,74

Assumed Load Factor
M D Forecasting

Assumaed Annunl Loed Factar of 74%

180 . 3z
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é 170 waj 128
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130 + -4~ 4 20
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Figure 2.5, Assumed Load Fuctor MDD Forecast
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Sales & Max Demand 'orccasting
in Eskom (by 1992)

Sactoral Modal
RAU Ensrgy Mode! i Energy Sales
Hoonomatric Mocel ~p= | Toreoasting
Distributor Bales l

Meximum Dsmand
Forscasting

= Maonlhly / Annual Sales

Agsumad LT v wedie  Annual Max Demand

Figure 2.4 Eskom's Long Term Forecastlng Process In 1992

A final energy sales forecast was derived {rom the output of several models and alter
consultation with experts hoth inside and outside the organization. (Typically. it was
found that Eshom Regional sales st would under-forecust and Generation siaff’
would over-estimate [uture safex.) The annual MDs were then derived from annual
sales Forecasts using an assumed lowd factor.

2.1.13 Berrisford 1993

The author, while studying the system demand profile to determine the mmpacts of
Tariff E and the electrification program. hecame aware of the continued use of the
Assumed Load Factor methed of MDD forecasting in Eskom. He identified several
reasons {or this methed being wappropriate for Exkom in the future. including -

The chunging composition of Eskoni’s customer mix.

A clear change in the trend of the systent annual load factor.

The introduction of PSM measures by Eskom.

The impact of the nativnal electiificaton program inittated in 1900,

The author brietly described several better methods of armnual MDD forecasting, and
suggested that an hourly disaggregation approach with end-use aggregation models for
specttic customier classes be adopted. He then desenibed a0 spreadshect-based
dinaggregation mdel [Berrisford 1992b], based on ¢lass demand profifes from a
previous disaeregation project JBluft B9924. bloand illustrated the ability of the
model 1o wdenar: suspected changes i the sy stem detnand profife,
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2.1.11 Davison 1880

By the late "ROs ik was choar 1o Eskom forecasting staft that single iae forecasts hased
on previonsivy stable ccononne relatonships were no fonger adequate. and
itrespective of new techntgues, some neins o including and dealing with mercased
upeertainty wis essential The message in the Contmission's teport amidersteind global
coomiomie driveray was not ost on Lskonm, as a paper on the use of seeninto planning
tor forecasting [Davison 19907 ilfustrated. The scenario development was preceded by
an evaluation of the process as used by other utiliies. an analysis of the South Afmean
ceonomic situation, and a detiled analysis of Eskom customer class attnibutes. This
wis followed by a look at environmental factors atfecting the South Atrican eleciricity
market. inchuding issues like urbanisation and the twure prospects of South Afriean
gold in an increasingly competitive ntermational market. Finallv, four seis of
vongrient assumptions were dvaeloped as possible electrivity sales seenaries, which
were translated into guantilied clectricity sales forecasts. Annual MD were derived
from these using the ALE technique. This project. carried o by Davison and
Prinsfoo, was the most comprehensive murket research ever done for forecasting
purposes, and added substantially 10 Eskom's understanding of the changing eleciricity
sales environment.

2.1.12 Pringloo 1992

Buring 199} amd 1992 Prinstoo developed a sectoral cconometric model. forecasting
over &) sectors of electrical load separately [Prinsloo 1992]. Some of these sectors
were individual large customers, while others were groups of smaller customers. Rales
to each sector was forecast using a technique appropriate to thiat sector, Sales for
traction, for example, wore forecast using ton-km figores obtained from Spoernet.
This model has since been improved and refined. currently consisting of vver %0
sectors grouped by Standard Indnsirial Olassification (310 eode. This allows the
sectora] energy sales forecast figures to be sed direetly in the XDEM derand protile
forecasting mode] tsee below ),

By 1992 Eskatn's tong term forecasting pracess vouid be itlustrated as i Figure 2.4,
The scenario plapning is not included. but formed an ioput in fenms ol assamptions
tsed in the models. A fong term cconometnie energy model iconering electnieity. coal,
and liguid fuels)y developed by AL Gildenhuis in Eskom’s Marheting Division, was
used to quantify” the seenarios. Gildenhuis alse developed a mediam term electrivity
sales foreeast model. The Ginal energy forecas was then checked against national
encrpy models, such as that by Kotze a1 the Randse Altikaan ¢ Universiteit [Kolze &
Conper 98],
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The author was unable o famd wddimonal evaderce of improsed forecastimg micthods
Eakom as a vansequence of the Cofaepont It does appear that broader consubianon
with ¢ sternad economies experbs il customers was achicsed

To cestumd the torecasters problems, the annual growtm 1984 was XX up from
2450 m TURD amd 2.2 1983 This seemed o support the Norman vies that the
recent bow growth was st a short term economie fuctaaion. Nevertheless, the long
tern forecants from 1983 o 1988 cach showad successive reduetions in fong term

growth rate (Frgue 2. 300 and by 198K the Torecast had assumed the new rate of abowt
L
LA |

\ “y Pourts [Pourts TYR6] reviewad forecasting technigues o Exkonn iy some
% Aith consaderable erticism, He concludes:

The o cvasting literanere on the demand for electricily in South
Alta consists of + apolations, maive regressions, and some
voempts t use input-output medebs The reviewed studies are
sriticised on the basis of the hypothesis on which their forecases
are developed. It is soggested that the studies suffer trom
spurious correlations, inadequate «tatistivad investigation of the
ditn and mainly resrivtive specificanon of the madel. It is
supgested that research s meeded in developing 1 odels 1o
mvestigute prive effects. energy/non-energy substitution. interfuel
swbstitution and energs price-macro-ceonomy {eedbacks.”

The awthor fimds this criticismy rathe - biased by the incredible gift of hindsight. Semilar
criticisim int 1981 would have been ndivuled, as the simple models used by Eskom had
performed remarkably well until that tine - despite their theoreneal imperfections.
The Failure of the forecast in 1982 was due to a Jack of understunding of the focal and
imternational drivers of ceonotnre growih, and their consequences for eleciricity sakes
growth, This was tHhustrated by the De Villiers Conumission, which in 1984 conelnded
that a stroctural change in energy cconomics lad resualted in a permanent change i
wurld economies tollowing the 1973 o1l crisis, which had finally caught up with South
Africa in 1982, This, they wrote, nnplied a Jong teritt growth for future Eskam sales,
of about 57 and not 7% as was then forecast by Exkom, Their forecast was made
without gy model, and was based only on g thorough understanding of global
evonomic events. It was also more accuraie than the Eshom Torecast. Although the
Comnusston did therr study alter the sides drop of 1982, it is clear tha the data they
used ~ouild hase been used by Eshom to predict the drop. T8 is also elear, Trom internal
memoranda, that certain people within Eshom. mcluding Stollberg. suspecied the
drop in sales was strwectiral and perpranent by 1983, but were unable to convinee
Eshom maagement of this, Itomust be beroe momind thea Eshom had Gaced some
critical capacity shortages during the winters i the Tate 70w Tivis had Ted 10 0 "Never
again 7 oattiude by management o the posathiling of capanty shortages), which
restlted i preference to ey on the high side.
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Figure 2.3 Fskon: Annuul Sales and Forecasts

An Eskom public information brochure dated Aprit 1986 [Eskom 1986] deseribes
Eskom's forecasting process as based on four ‘independent methodalogies’. these
being:

¢ Customer Opinion Survey. which involves interviews with Eskom's largest and
potentially Targest customers o obtadn updates of their projected vonsumption.

o Time Series Modelling. This method uses an clectricity sales model developed by
an independent economic forecasting conpany, which analyses cyelic factors and
underly ing cconomic trends.

» Sectorn] Madel, which ases past statistics of electricity consumplion and forecists
the Tuture demand in five different sectors of the economy, these being Mining.
Industry, Traction, Bulk tor Munivipahtesy, and Dom de & Street Lighting. The
model ook inte aceount GDP. inflation. exchamge rates, ndustrial production. and
relative prives of different energy forms,

s Energy / GIIP Model. This wis the Stoltherg/Nonsan model, which relied on the
relationsinp hetween GDP growth and energy prowth i the country.

The brochare then mentions that the above models are tun for several differem
ceonomic scetirios, e GDPogrowth rtes of 2.8, 389 and 457 in {98A,
Forecusts were tlen modified (o include e expected mmpicts ol demand side
nutnagement programs |t concludes by safing that Eskom s coastantly evminine
methods of impros ing inputs to s load torecasting process.
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RIOS  Billion by the wear 2008 The  Commission made e ollowimg
recommendations regarding leng werm foecasting:

o “The risks mplied by Joad forecasts for elecineity consmnption which amay present
evimates of growth which could be o figh or oo low, should be reduced (o i
minimum.

o Clowe co-operaion should be ehicited from consumers when establishing future
clectricity consumplion regairements.

¢ A power station construction programime should be developed which 15 hased on
the simultancous construction of more than one power station, but which posesses
sufficient flexibility in respect of follow up sets to aflow the assimilation of
changes in growth rate which require constant monitoring. without supplying an
exeess of generating capacity.”

These recommendations are folfowed by this statetient:

"Since 1973, the economelric method of forecasting electricity consumption has
becomme unrcliable, as a result of a discontinnity in the world's ccononic growth
patiern.”

2.1.10 Joubart G 1985

One conseyuence o the De Villiers Commission of Enguiry in 1984 [Col: 19841 was
the study varried vul by Jouhert [Joubert 1985] 1o evaluate the use of Box-Jerkins
TARIMA) time series models as wn alternative to the sectoral forecast. Joubert forecast
the years 1970 - 1980, using monthiy sales data for four sectors, and adding a yeur to
the model datw for cach suecessive forecast year. The study indicated  thar no
improvement on the sectaral approach could be achieved with uni-variate ARIMA
models. A bi-viviate model that used ‘consumer expectations’ as the independent
varigble  was  also tested, and indicated that under cerbidn circumstanues  an
improvement could be expected. Tt appears that this approuch wisy subsequently
uhindoned. Joubert also attempted 1o derive prive elasticity inforimation from sales
and tarif{ data, winch yielded very low and somewhat uncertain elasbicitios associatued
with fong time lags. The author 15 not convineed that changes in demand during that
period were uctually due o clianges in electricity price. as suspected by Joubert.
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Chapter 2 Dend Fovecasting in Eskom

camps within the organsation. I seems that Stofiherg telt that there were warmngs of
a passthle permancnt strie el change o the hstorcal relatonship between the
elevireity growtn rate and the GDP growth rate. and he appears (o have supported o
revised fong term growth rate of abouy 5,647, Norman, at the same tune, felt that the
247 pa growth of 1982 was due 1o medinm term eeonomiv eyele vartations and not o
structural change m e growth rate, e theretore suppotted o long weem growth of
about 7% pa.

An Eskom internad memorandum in Apnl 1984 JEshom T984] rprobably in response
to quedies by the De Villiers Comnuission of Enquaryt describes two forecasting
approaches used. The ‘econumetric” methad s that developed by Stoftherg and later
wsed by Norman. Alse described for the first time is the sectoral’ forecast, which is an
econometric muadel based on independent Larecasts for five industrial “sectory’. The
meme explains Dwer sales (than expected) as o consequence of a change in the
structure of the economy. moving away from energy intensive primary indusny 1o
more fabour intensive manufacturing industry. and concludes :

“Te is clear that Eskom should give continued attention to tw
development of it's forecasting technigues, It would be wrong,
however, to pretend that = hitever the sophistication of the
methods,  Torecasting  1v  ever  Tikely to be o certain
business..... This  wunderlines the need to accept changes in
tredium and long term forecasts and the importance of flexibility
in the expunsion plans hased on these forecasts.”

2.1.9 Recommendations of the De Villiars Commiseion of Enquiry,
October 1984

The large increase 10 the price of electricity in 1980 followed by anmher in 1984
(ocused public attention on Exkom, who needed the increased revenae 1o finance their
expatvion plan. This plan was based on the econometric forecasts which had served
Eskom wetl until 1981, whet the constant growth of aboul 8% per annum suddenly
declined. The De Villiers Commission of  Enguiry [CoE 1984] cvaluated Lskom's
past performunce. with respeet te Inkoan's ohjective and policy of munagement. and
against the performance of major electricity suppliers in other countries. The Col
found it necessary 10 consider two periods of time independently, namely 1950 (o
1974 and 1974 10 1982 The CoE fell that the oil cerisis of 1973 had produced «
discontinuity in the world cconomy. which had repercussions for the global electneds
supply indusry. This had changed the previously stable relationships between GDP,
energy, amd electricity sules, disrupting the trends central to cconamnetric {orecasting
models. South Africa was able 1o stave off the tmpact of this distuption for several
vears, (il 1981, because of an abundanve of local coul and Lwge energy inlensise
industries. The Commussion analysed ortermational growth rends and South Atrican
statistics abier 1473 in detail, and voneluded that Eshom's sades growtlt was kel 1a
he about 8% per ana. This was substantrally lower than the olficil Exkom forecust
predicimg aboat 7'¢. The cont naplications of this ditterence were reported o be
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aniitg GDP data for the period 1946 to [975 Thes s essentially o simple muagero
ceonometric mcdel, Norman then assuened a0 satarateon of 787 for the ¢lecinaly
comporent of energy required 1 the country, and deseloped logistle and modilled
Gompertz models (o predict electricits growth, He felt tha the Gompertz model was
more aceurate and uaed that lor his energy Torecast. Norman then caleulated annual
MDs using asswmed foad Gactors of 777 for Eskom and 404 {or Municipahities. Wah
Eskont supplying 904 of the energy, this tmplies an overall system LEF of 7067

Norman's sevond torecast in 1982 was sinular 1o the first, bat updated energs sales
and GDP data (1950 10 198 gave slightly different coefficients for the models, and
he opted for the fogistic form of the saturation curve rather than the Gomperts nindel.
He again used the ALF method of forecasting annual MD. using a nitional average LI
ol 744,

2.1.8 The Sales Growth Discontinuity of 1882

1981 wis the last year that proved a consistent exponential electricity sales growth
pattern (see Figure 1.2, After decades of repeatable growth of about 8% per annum,
the sales growth in 1982 dropped suddenly to 2.4%. This was initially considered 1o
he a short term aberration. bul the growth in 1983 was even lower. al 2,2%.

Eskom Annual Sales 1955-1993

Bales TWh
1000

Figure 2.2 Eskom Anmaz Sales 1958 1o 1993

By e 1983 doubts were being rased as 10 the accuraey of Eshom's kong renn
Torecasting pravess, leading to vanious sterital documents gquersing and qustifsing the
forecists s explisiming 1w grosang differences between the forecasts and avtual
satbes [gres. Lettors Tweiween managers in BEskom trom 1983 gnd 1953 indicale two
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o The forecast for total South African salex was hased onan integriion of 1w
forecasts tor each of eight Undertakings and five Municipalities. The hest fit
funetions lor cach Underuking were comhbined in three different ways. (o
produee three timal aggrepated annaal energy sales forecasts,

s Joubert dul not forecast madmum demands, He did, however. use 0 computer
model developed by GEC 1o forecasi hourly demand proflles for cach
Undertaking and the total sum. This miedel represented the annual demand profile
as three duily profiles for each month. These were average Weekday, Satarday. and
Sunday profiles. Forecast houtly profiles for 1980, hased on 1970 profiles. were
tubulaied. Although Joubert recognised some of the sudvantages of dentand profile
forecasting as opposed to MD forecasting, he did not persue this approach [urther.

2.1.8 Stoffberg 1875

Stoffherg in 1978 suggested that a stable lincar relutionship exited between South
Africa’s economiv growth (as measured by the GDP) and the wotal energy conswmed in
the couniry [Pouris 19%86). Similarly, there existed a Binear relationship hetween the
total energy and the electricat energy consumed in the country. He cxpressed these
relationships as follows:

Z = ax -+ hy (2. h

where Z is the GDP, x represents the electricity component of total energy. and y
represents the non-eleetrical energy contribution. The coefficients a and b he found by
fitting the wodel to energy and GDP figures for Sowth Africa, the USA und the UK,
for the years 1947 to 1972, The relationship indicated a continued exponential growth
in electrivity sales. The electricity propontion of energy use in Somth Africa was
increasing steaddy. and Stoftherg assumed a saturation level of  75% by the veur
2040

2.1.7 Norman 1977 & 1982

Norman produced two forecasts, the Fiest in 1977 [Norman 1977] and the second in
982 [Nonman 1982). In 1977 Normwun sarted with the Stoffberg energy/economy
relativnship:

Z=ax+ny 224

He then developed a forecast of GDP wih the exponential fotm:

2=l

”
-
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Sent Out Forecasts bv
Milton (1947) and Troost (1956)
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Figure 2.1 Forecasts by Mllton and Troost

2.1.4 Straszacker 1986

The long term torecast by Straszacker [Straszacker 1966], was sed on the techniyue
used by Felix "o 1964, Felix suggested that the major determinants of demand were
the population in a4 country and estimates of electrivity consumption per capita.
Straszacker assumed a population growth for South Africa resulling in 37 million by
the year 2000. He used a development growth in KkWh per capila detived from the
medizn of the 153 countries studied by Felix, but adapted o South African conditicns
with South African statistios for popultion and electrivity consumpiion spigining
F917 to 1964, This resulted in a average long lerm electnicily growth rate of ="
7.5% per ammum. Alhough this proved fuardy accurate. Straszacker'’s aemytn
decrcasing future toad Tactor resulted ina poor forecast of capacily cequremeni-.

2.1.6 Joubert J T 1871

Joabert, in his MBA dissertation {Joubert 1971], provided o thorough review of
previous larceasts, snd then introduced severad new aspects 1 his forecas. These
inciude:

¢ Juuber! recognised that a single trend extrapolaion funetion may not capture all the
likely tware developments, He apphicd cleven estrapolidion functions s sales dita
for cach Eshom Undertaking, the Eskom total and the South Afvcen iotat. These
functions ingluded polynomials, exponentisls, saturation curves, and averaging
techniques. The tfunctions were dested for fie o the hisiorical data and the best
lunctioms Tor eawh Undertakmg were selected for ¢he overad] tarevist
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Chapter 2 - Demand Forecasting in Eskom

2.1 LONG TERM FORECASTING TECHNIGUES USED IN
ESKOM

A Jook at the evolation of long term torecasting in BEshoun will pive soame msight o
the reasons for success of the relatively simple techiicques used by in the past. as well
as the reasons Tor thetr Gailure i recent seaes. The reader is referred to the reference
documents if more details are required.

2,1.1 Milton 1847

The earlicat record of a forecast in Eskom that the author could trace was that by
Milton in (947 [Milton 1947]. The technigque he emploved was simple exponential
extrapolation of hisorical unnuad electricity sales figures, Milton applied an
exponential electricity growth rate of bout 114, modified shghtly 1o aceount tor
issues like the ‘recovery” from the effect of the war vears. He torecast annual MDD by
assutning a system anttal loid factar, which he expected to inerease slowly at the rate
of 0,1% per year,

2.1.2 Trooet 1956

A forecast by Troost in [956 [Troost [956] assumed an exponential growth rae of
R%., and stated that “only a catastrophe can prevent a contimual growth m demand for
the next 20 years”, Troost abso used the ALF method, amd assumed an igaprovement in
unnual LY from 674 in 1952 10 705 by 1970,

The Milten and Trouost forecasts are illustrated in Figuee 210 along with actual sent-
out figures, Both [urecasls were high,

2.1.3 Fenwick and Torr 1961

A forecast by Fenv ok oamd Forr in 196l [Fenwieh & Torr 1961] mentions the
influenee of external Fatoss ke papubation and Tabour on the forecast, as well as the
importance ol orecasts of ocal demand i order o correctly site new  generating
plant. Althougn thes forecast did not inciwde MDs. i was the irst fo recognize thin
fuctors ather than historical growit could nluence futare growth,

[ )
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3.3.3 Data Available for the Dinaggregation Project

Maonthby billing Higures, meludimg billable energy comsamad and mavimum dens s
were availobie for almost ali the huge customers Smce the prmarny. poal vas 1o
deternune the class coinendent peak densatds. which mevitably occurred ding o
winter wechday, only the average swomer weckday was modelled.

100 SMD Customars ~—g.

100 Printomster Cusiomacs 40% of Seles

58% of Sales

Largs Customars

No Demand Profiles

40 000
4% of Bales
8mall Customars
No Dsmand Profiles
N

Figure 3.3 The Eskom Cystomer Pyramid in 1990

The hilling records for Juse, July and Augast for all layge customers theretore
provided the customer population data. Demand profile data were available for 187
customuers. As can be seett fron: Figure U3, these 187 costommers represented afinast
JtFa of Eskem's sades, even thoe, ghohey comprised only 3% of thwe number ol
CUSHINIETS,

3.4 CUSTOMER CLASSIFICATION

Ihe Marketing Classification mentoned ¢arlier, i which Lyrge costotners forpe four
classes (Minmg, Indusries Bodh and Tricnon and stadl castomers form three
classes Domcstie, Commuenvial, and Rurad/Farming ), soas nor ertirely suntble For this
project The Linge customer classes were too coane, and o demand profife data was
avaifable for any of e smadl custotmers,
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simadrities t darby densand aafiles soreduee e quannts ot date and bilter o
tindoni vatiations,

The key problem was that 1 would not be possibie to design representittse samples ol
cach vustomer clisss, We swere requaned o carny vut the projedt with exasting demand
profile data. This was Jimted 10 demand protifes wsesd tor bidling purposes. A
description al the tarils and metering for biffing purposes s pecessany o apprec ey
the demand protife data set asvalable.

3.3.1 The Electrical Load 3tructure

Eshom's customers are divided into two niun groups, Targe and “small” customers.
Large customers are those with notified demmasds in excess of 255 VAL Approsimaiely
6 000 Large enstomers consumed sonie 9674 of total energy sales i 1990 and were
supplicd opder o two-part energy and demand tarsff. amd recently abwoe off-peak amd
Tone-of-Use , TOUY tarifis. Some 240 000 small customers were on a vty of
energy-only tarifts. Large custonmers comprised four chisses, nimely Vhanmg, Tdusin.
Traction, and Bulk. Bulk 1x o class of cuistomers that redistribute power to most of the
residentiah and commeraral customers and manafuctaring indust v in the countn.
These clnde municipalities and other local suthiorities. The Mining and Indusirial
classes historivally provided a dependable and consistent base loid that comprised
somme two thirds of the system lod, The 49 of sales to senall’ customers went 1o
direct residential supplies, small businesses (eommercial tas well as rutal and farming
custoners. Figure 34 shows the safes per class for each of these seven cliasses n
198},

2.3.2 Tariff Structurss and Meteting

The stundard tariff’ for large customers (Tartth Ay for many years has been a two-part
cnergy and demand (Hopkinson) tariff, whech encouraged customers s mprove thewr
load fiuctors and Timit theit masgnum denands, The mines and industries responded
well to this message, typically aclhieving dily toad fuctors in exeess of Y87, Metenng
for the two- part Gt was simple atd i most cases consisied of an energy meter with
i thermad or block anterval (Mers) masemn demand indicator, The hourty 1or halt-
hourlyy demand figares from about 100 muliple pontt of supply customers were
manually captured m cach region every meaith, The data were transterred 10 o Head
Office computer where the Simultancous tor diversilied) Maximum Demand (8MD)
for cavh costomer was valenlated tor bilhing purposes. This wealth of demand profile
datit wins then discarded beture the neat hilling date. A further 100 Jarge custonen
with simgle pomts of sapply were equipped with prantometers bor Pilting purposes, As
a result, only about 100 of the 6 OO Large customers had metenmg that is capable of
providing demamd profites or sustabic for more comples tanifts in 1990 (Figure 3.3,
These printometer tafes for wbout X8 custotaers provided e balh of ihe hourly
dentand dati as afable in Eskom at the ame. Adl the small customiers use enly single
repister AWh energs metenng, afso unsaitable for complex forifts or load reseach
TRITPUsSes.
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Aggregution of Class Proflies to produce System
Profile
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Figure 3.1 Cluss Aggregation Process
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Fignre 3.2 A Disagy egation Model

Ax it alsoimpracticad toomoded el hoar of the year, the fde? comdenses the vear
ino w nwnber ul das evpes for o hamber of seasons Thas thes advantage of the
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Chapier 3 - The System Disaggregation Project

3.1 INTRODUCTION

Allwough the Disaggregation Progect is not part of this mesearch projedt, 8 prosded the
datia sets used 10 the XDEM model. As siwh the provess, samiple designe sinnple
validaton, and mode] testing have a direet hearing on the XDEM development. Thas
chapter desenibes the Disaggregation Progect [Blwft 19920 & b, Berrsford 19933] 10
provide support for the deselopment of the customer class demind profides used Luter
in the XDEM model. It mast be noted thist a lot of the work in this project was carried
out by Ms 1 Bluft under the direction of the author,

Early in 1991 Lewad Research was requested to establish the contribution ot various
customer class ta the system nravimum demand. This was 1o form part of & cosm-of
service study initated by the Finunce Departmens.

3.2 PROJECT OBJECTIVES

The purpose of this project was to deterimine the Coincident Peak (P contributaons
1o the systent demand of eoch of the major customier classes in the ‘Targe custotmer’
group. This information is used in the determination of tanff structures that reflect the
costs of supplying ditferent classes of customer. The bisic process is shewn in Figure
31 The large vustomer group coniribules 96% of Esken's revenue, A second
objective was o determune the impact of TurifT E on the system demand profile i
possible. A precision of 0% at the 90% confidence level win determined as
desirable target for cach class CP contribution,

3.3 PROJECT OVERVIEW

I is impriwtical 1o obtain denmiand profiles for every large customer. The usual
approach 1o determining customer class contributions would be 1o design a stratified
random sample for each class, usmg stamdird sumple design technigues, Devzand
profiles tor eech customer in cach sample wonld be colfected for the pernod of coneern
- in this case. a vear. The mverage profiie I cach clase woukd then be detenmined
USENE et per-unit expansion or ritio expansiony, d the classes then aggregated 10
mode] the svstenm demand prolile. The structure of the mode? i illusirated v Frgure
220 The muodeHed sysiem der and profile would then be tested against the actugl
swstem deimand profide, asailable as the actt output of alf Eskom's power stations, If
the correlation between the modelled and actual system prontde is good epough, the CP
confributions can then be derived Sroms the class protile estinations,
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2.3.3 The Goals of this Project

This reseurch s aimed at proading Bshom wih an alternative o ALT masiman
denuind forecastng, based oo the principles of the best cwrment practise by leading
wirlites, The altertative s itended 1o address the deficiencies in the currens miethod
suhjeet 1o the constraints of Eshom's particutar circtmistanees. Ve constraunis inclwde
data availabifity  and qualiny, Timancisd  linats, computmg resources, and  staft
availability. These goads are dthistited helow.

Sales & Demand Profile Forecasting

Seatoral Modeai
RAU Energy Modsl seial  Energy Sales
Economatric Modal == [ TOroRsting

Distributor Saiss rad

wie  Monthly / Annusi Sales

\l

Customer Proflies vAnnual Max Demand

&em&gmg:tl: Data Demand Profl ' Weakly LDC's, Penke
sather R oI | g 7 HON

Yariff Impaots Forsaasting f;.sﬂ:::.pon:

DeM impaaty Weather impact

End-UlO PI‘OﬂIIl R nnu.J LF'.

Figure 2.14 Proposed 1.ong Term Forecasting Process
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Proviston of weekhy EPOS used Dor fong tenn espinision planning
Syatem response o TardFand DSM measares

The itnpact of weather vanations

The empact of structord changes 1 the ssstem foud makeup

Sales & Demand Profile Forecasting
(in the Past)

Sectoral Modei

RAU #nergy Mocist
rgy il Energy Snles w  Monthly / Atniusl Salss

Economstric Modsl |  ToTe0AMINg
' Bistributor 8ales l

7 Annusi Max Demand
B 2Weekly LDC'n, Pesks

ASSUMB LR e ;:";:imln —— :T ariff Response

DSM Responsy

* Weather mpaut

*Annusi LI's

FFigure 2,33 - Limlts of assumed [,oad Factor Forecasting

Lastly. since an assumed LF is used 1 the forecasting process, the tuture system LF
cannat he determined with oiis approach.

2.3.2 Conclualons
The above all indicates thit thege are serious shorg e ungs © e assumed lowd factor
methed of forecasting annual madimam demanes “hose can be summarised i the

following twa datements.;

¢ The ALF met’ odd is no longer relad. and avenrite, due to sieuctural changes i the
system demand profile,

¢ The ALF method camot provide all the aformation necessary to plan future
GRS In the most cost-elfective manber,
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2.2.4.4 Timesof-1se ¢ TOU ) Tariffs Proposed and Implemented

Imterest mr TOU tusttts and the related tssue of targimal cost based electnety pricing
grew, culminatiog i a report by the Pricme Polwy Development Department m
Janvary 1989 [Calitz [984]. This report secommended the mraduction of TOV farifts
Tor large customers, using muarginal costing as the basis for the tandf structure. TOU
ritts for large customers were introduced mo 1990 s ophons, and Tormally
promubgated as standard tinfls an 1945,

Sales by Tariff Breakdown

Includes Customised Pricing Agreamant 3alas L—‘I.-r. ToU
140 e - 'J._‘_"” _.i_ it . ) 11%

Bd%

Aswwal Sales TWH
[--]
[~ ]

I T T 7%
19 1887 1688 1880 1690 1091 1902 1903 1904

1

Figure 2,12 Migratlon of Electricity Sules Between Tariffs.

Exkom is abso presently evaluating resdential TOU tarifTs for high consumption all-
electric hauseholds, Figure 212 ilustrates the migration of customers (and sales trom
the standird 1wo-part Hopkinsen tanft to the off-peak and TOT! farifis, By the end of
1994, nearly 409 of Eshonys saees wis hilled on time-difterentisted tarifls. These
customers respond to the tarifts to sarving degrees, altering the relationship between
demand amd energy consemption.

2.3. THE GOALS OF THIS RESEARCH PROJECT

2.3.1 The evaluation of the presant pracess
The T term MDD torecasting process used in Eskom was ehbustmated as Figwe 24

The shorteomings of this approach huve been discussed smd are shosae in Figuge 213
Hhese mclude the mebthiy of the ALE method o deal woath the following:
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evenng peaks, and alter disersty load Tactors are m the order of 304 Thee
customers have muande a contribution 1o 1he growing cvepmyg peak (Figore 2.8

2,243 Tariff |k . The {irst step into DSM

By the mid-Eightios 18 was appareni to Eshom that some form of DSM strategy had 1o
be follvwed by the utility. In 1986 the first hesstant step in this direction wis taken by
mtroducing Tariff E. This wan identical to the standard Tartfl A but the customer’s
maximum demand was measured for billing purposes enly during on-peak Himes
(70080 10 23000, Monday to Fraduy, exeluding Public Holidays), This was hesitant in
that a ‘safety pet' was built into the tarift to [imil the possible revenue loss 1o the
utility. This limited the savings a customer could make 0 o maximum ol 7¢ of his
Tariff A hill. Some 200 large customers have opted lor this tariff. Small process
industries have been able to benelit most from TarifT k. Some of these customers have
re-scheduled their plant operations te take full advantage of off-peak periods. both at
night and during the weekends, Figure 2,11 shows the estimated average winter
weekduy demand profile of al) indusirial and mining customers in 1990, The averype
demand fur these customers during peak hours was about 4 400 MW and during off-
peak hours was about 4 7600 MW, The reduction 10 average demand during peak hours
is clearly evident, indicating load shifting of approximately 300 MW by . arilf E
customers in these sectors,

Tariff E Load Shifting
Base & Other Industries

4700 MW
8000 ——
4800
4600
3600
3000
MW 2800
2000 -3
1500 48
1000 -
300
0

4400 MW !

1 3 8 7 & 11 13 18 17 18 21 23

Average Winter Weekday 1990

Figure 2.11 [oad Shifting by Tuariff E Customers
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Eskom Chaﬁglﬁé Customer
Composition 1955-1993
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Figure 2.9, Eskom's Changing { 'ustomer Composition 1955 - 1993

The Electrification Program

|
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Electrified Homes in SA

Figure 2,10 The Flectrification Program

Nevertheless, the demand protiles of recently electritied customers are very peaky
jHerrisfond & Bluft 1081] Therr peahs are cocinerdent with Eshond's nworing and
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Evening Peak Growth
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FFigure 2.5 Evening Peak Growth

2.2.4 Factors Affecting the Structure of the Eskom Demand Profile
2,241 Changing Customer Composition

As cian he seen in Figure 2.9, the Mining and Industrial sector contributions to the
alility sales have declined from swver 7097 i 1You omder 509 in reeent years, while
the Bulk supplies load has increased from 200F 1o over 40%, This © . significant. as
the load shape of the Bulk sector s peaky while thay of Mining und Industrial loads i«
it and has contributed (o the decline 0 the annual system load Tuctor (e Figure
2.60. This vhange accelerated front 1985 to 1990, so that Butk supplics now constitule
about 45% of Eskom sales.

2,2.4.2 The National Electriflcation Program

In 1990 Eskom embarked on a vountry-wide program to provide electnicity i the
homes of all South Africans, This progran, lanched under the banner of “Electricity
for AWV, aimed at electrifying over 3 nolhion honwes by the tum of the cenury "he
plan will wore than doable the number of homes that were electrified it South Africa
e P9 iFigare 2000 Doital estimates of e impact of this prograt on Eskonr's
swatem demand profide [Berrisfond & Bluft 1491] have proved rather ugh, as the
»rudy elevinfivd costomers consume less electricits tunder [0 EWD per monthy than
expected tover 380 KW per monthy,
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Morning Peak Growth
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Figure 2.7 The Relationship between Morning Peak and Annual Sales

The relationship between the morning peak and the evening peak started changing
after 1990, with the evening peak increasing in relative magnitude, The rising evening
peak finally exceedsd the morning peak in 1992 (see Figure 2.8), and since then the
annual peak has oceurred on a winter weekday evening at 19h(M). The good
relationship between sales and the morning peak is po longer of any significance, and
the evening peak does not have the sume relationship. The assumed Joad fuctor
methad can therelore no longer be accurately applied by Eskom,
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Eskom Annual Load Factor
1955-1993
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Figuie 2.6, Eskom Annual Load Factor 1955 - 1993

The load factor is expected to deteriorate even further as a national clectrifivation
program takes shape [Berrisford & Blufl 1991]. Since 1980 the manufactvring and
commercial Joad has also grown in magnitude, placing further pressure on the
declining load fuctor. These customers are nol supplied directly by Eskom. but
indirectly vii Bulk ( Municipal) redistributors,

2.2.3 The Evening Peak QGrowth

Historically tzskoms annual peak demand ocetrred on o winter weekday mormg. ot
(9h00. The peak in winter is due to increased heating demand in the colder weather.
muinly in the afl-electric residential sector and the cemmercial sector. The annual
morning MD and annual sades are plotted below in Figure 2.7, for the period 1988 to
1993, The excellent ¢ rrelation hetween sales and mornmng peak shows the inherent
acerracy of the AL wdiod of annual M) forecasting during ihis period.
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Cuastomer Class Sampie Size Frror Raiin Preciston

(L uslomers) (MBSS) (MVBSH)
Developing Communities K MRS RN
Bulk & (ther - 23 0,144 4.7
Traction 27 vrev Lo
Other Industries th) 0.0749 d.o
Base Industrles s (LIt 4.4
Other Mires ki 11867 [N
(3old Mines {0 O3 [ 1L

Tahle 3.7 - MBSS Precisions of Disaggregation Samples

The MBSS sample tor Traction included all the cnstomers, amd ne eiror o wias
caleufatesd. The relative precision figures do assume that an optimally ~insctied MBSS
sample is used, and an examination of the prederernuned amd MBSS samples revealed
Mt al ost ali the predeternuned wamiphe customers were i the MBSS samples. Thy
MBSS samples alsao included several smaller enstomers, Thes: sample precisions are
tar more realistie, I weighted by class comnibntion proportions, they correlate well
with the systen, level aceuricy obtained with the model. as deserthed Later,

3.7 THE DISAGQGREGATICH MODEL IMPLEMENTATION

The demand estination mode] For the system comprising sesen claswes is a three siep
avpraging and samination process, The first step is to deterntine the average winter
weekday tAWW demand profile for each customer i each elives sample. This wis
carried out for cach of the 132 customers.

1 J
SAn s '}E“-w:‘” (3.1
i ” T

The second step involved creating the AWW profie for each sample by summing e
individual customer peofiles i each saople. The average winter weekdin profile for
cach class wav then produced by cypanding the sample average winter wechday
prefies asing simple atio expansion: The AW energy comamption | e the threr
winfer months fer both samples and popubations were used as the matio exps nson
vatzables. AL thas ime e 53 4 diinibution sysdem losses were propostionally
allwated o each elass,

a r
o Z*'_..m- SRR 03
: ¢
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As can he seen, Baam$ was better wath respect to e 0 contribunion audicatons, aud
Buamid was more avvurate with respect to the weighted lowd factor, The custenwer
CORNPREON Percentiges Wore 20ty suspect, as i customer conidere] 1o be
business t one mumapality couwid be corsadered an industry inoanother. T WLE
indicator wirs thus considered more © pportant ard  Bamd was chosen as the mow
representative sample for the Bulh & Other customer cliss

A vimk analyses of the BPeveloping Compunmity” sample seveaded i no changes
WETC MCCUNSrs .

3.8.8 Testing of the Modslled System Demand Profile

Sinee doubis about a number of the samiples existed, 1 was decided o test e tinad
modeHed system demiond profile against the actual system profile for the average
winter weekday hefore final acceptance of the predetermined samples. As will be
seen, this test indecated a high degrec of precision in the samples.

3.8.6 Sample Validation with DPFM Sample Design Error Ratios

Although no further sample salidation was possible at the tne of the pnyect, 1he
sample design carried out i (9% for the DPFM project provided sormwe staiistical data
that counld be used w further validate the samples used i this project.

The DPFM samples were designed using MBSS methodelogy [Wright 19X3, 1992} A
hey component in MBSS samiple design is the error ratio derived tor eac 1 class from
population consumption figures amd the MBES mnde). The relative precision for a
given sample size is given by the following equation:

R~ :C/Vn (1.3
with:

P s the relitive precision

¢ s LA6AS for a 90 ¢ contidence fevel

C isthe MBSS error ratio for the castomer «liss
n s the nomber of customess i the sample

The DPEM project isesh a totally new custon. classifivation, based on SIC coding.
This classilication was designed in sich a way that the 17 DPEM classes could he
aggregated 1o the seven Pisaggregation Project classes. The MBSS error nios for
cacly of the 17 classes sere wergited by annuad safes amd combsned to give error takios
for the seven clusses o this provect. Cadealated rebitive precisions for the
predeternaned samples are tabuluted below
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assess the relnbility o) these 1wa samples. aml i posaible, 1 s them more
acvturatey o the popubstions they tepresented. Averave imonthly foad factor of Bulk
cisiomers appeared o be related 1o the small generic , cobile shape sarations. The
dastribution of customer ok Tactors was abse pich more nornial than that of then
consumption figures. The deviation of individual customer shapes s desenbed by
deviations of thewr average toad factors. The Joad fuctor of the Bulk' custemer,
weighted by KWh consumpiion, is thus a more suitahle sariable 1or vahdating the
shape of the 'Bulk’ sample. The annwal cossumption breakdown for cach "Bulk’
custormer mto domestic, commeroal, dustnal and other components was also
avatkable TEakhom 1990), The comsumption componenis of buth population and san-ple
were de.erntined. It was decided 10 tardor the Bulh' sample o represent the popubation
as closely as possiblie with rospedt to weighted load factor (WLE) and convumption
campenent ratios, These figures were tved as indicaters o deternune samiple saliduy.
This process was carricd out as follows:

ay The WLF and ¢ corcributions for both populution (Bpopr aid original sample
tBsant) were determined. These are hated in Table Yao As can be seen. the sample
had a significantly higher WLE than the pepulation, due to the ngher tadoskrnd
camponent.

b} The largest ‘Bulk' customer (Durban Corporation was in the siiple. This customer
consumed 117 4 of the class usage, and had an unosually high load factor. When
weighted by annual consumption, the contribution of this customer (o the cliss
weighted disiribution was very high and biased the mean of the weighted distribation.
It was removed from the sample.

¢t Four of the sample customers (Johannesburg, Port Elizabeth. Cape Town and
Bloem{ontetn) have their swn generation capacity and one of them (Cape Towi also
his o pumped storuge scheme. This own-gencration capacity i sometimes used {or
peak-lopping their supply from the atility. which distons their demand peotites. These
foner were also removed From the sample, Fhe renuuning sample (Bsandy was a ot
more like the population, bt could sill be improved.

di Custenmners were suecessively remoeved  from the sample and  the indicators
recalcudated. For cach Heration cach of the rentining customers was evaluated. The
customer having the nost adverse impact on the indicators was then removed. This
process is thustruted an Table 3.6,

Sample 1 Weighted LF 2 Reys % Com % Ind % Oth
Bpop 65,997 35,894, 10434 24,907 907
Bsum 09,1607 11,28 8516 51,754 N.77

Bsam2 67197 RN NKRT 9 K7 K58

Bsamd nORM N 7,600 4R A4 917 |

Bsumd O6 R 5,024 N Y 17.03¢; 9760

Bsam5 6515 600 N AN 45317 10,3475

Table L6: Bulk Sample Adjustment
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s Other Industries : This v the Lagest class o tenms of namber of costomeis Fhe
sample 18 the poorest bath i terms o mbers and percentage of class sales
Although redeemied 1o same extent by gomd demand management by lie customers,
and by snall seasomal varstions, i was constdered poor

» Traction : This sample consisted of 83 4 of the customrers and oser 80 %6 of the
annial comsumption i the class. This sample was considered good.

¢ Bulk and Other : This and Developing Communities, twhich is actually o suhset
of ‘Bulk' are the enly two clisses umabie to espond well 1o tartt muessages. These
are therefore most important when convidering contributions to the system peaks.
Several of the largest customers i the sample were known to be atspical of the
class. Due to tiis, the 1000:1 consumption tange, and fogarithmie shew n the
capswmption distibution in the paptlation, the sample conld ot be consudered
acceptable.

» Developing Communlties : As wilh Bulk, there was a large variation in anmud
consumption figures and severe skew. Our sample was totally urban in natwe. amd
we knew very Hittle about rural villuge characterinties, T was felt that thas sample
required a closer Took belore it could be considered aceeptable,

3.6.4 Further Validation of the 'Buik & OGther' and 'Developing
Community' Classss

Due 1o the importance ol these classes to peak contributions, it wis decessary o find «
means of validating these two samples despite the bias, skew and range problems. The
stundard  sumple design and sample validiation technigues as used  above, were
developed largely around the needs of residential surveys at houschold Jevel.

though such popalations can have consumption ranges of up to 301 and afso
exhibit shewed distributions, these are not as serious ay those encotintered i this
project. The top ten Bulk customers cosutned over 3877 of elass annual sales. ad the
largest wis over | OO0 times the size of the smallest. As with the otler class, the
sumple consisted  of the Fargest customers. The sample size and their large customer
bigs ¢could not be tmproved, but more suitable sample evaluwion tests could e
investigated. These had to take imo account the distributions of the populalions and
had to be hased on vaciahles thn better expressed the contribution of a customer o the
class profile. What was eeally destred was 1o test the representativeness of the average
weekday demand shepre of the sample o that of the pepulation. Vagations in snnual
vonsmption were nol the read issae, variahons in demand profile sfiapes were. Buik
vustommers hive a common ar generwe denvnd protile shape. This shape s unaffected
by the customer's size - whether | MW or 1000 MW Al have morning and ¢vening
peaks comeident with 1he Bshom ssstem peaks. The refatine magnitudes of the twao
praks and taocsadleys are a tusction of the residental/commercial/industria, foad i
withi the redistributer. More idustry: means more o -peak Toad - Aliwe ressdential
Joad mean sharper peaks The concept o o vereric Toad shape applies 10oonly tae
vdasses Hulh & Other” and Developing Connnenies . amd to 4 Jesser eatent o
certain Aliming sub-classes Phe authion decnded 1o ise thrs properts 1o mone accuatefs
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sample that represents the mean amd sanation cor disersiter of dhe vaabie ol ainterest
in the popuiation  This i the appioach o be used 1t exparision of the sample denkand
prafile 1s o be done using MPU expansion. The precision of a MPU estintate depends
on the variation of demand in the sample cor sratuem for steatified samples). With ratio
expansion. however, the mean o averige custonter iy of neaclesance whadsoever. The
sample 1 regured 10 represent ondy the total cliss deniand. When the population i
severely skeww, an 1s the case with electricity consumption. the mean cusioirer dentnd
has even less significance. The precision of a ratio estimate depetds on the varagiee of
the residuad component of demand (e, the differenve between cach cistoiner’s
demand and the demand that would te predicied based on the customer’s comamption
- which is the ratio estimates {Wiight 1992

3.6.3 Subjective Sample Valldation

Additional information that could be deduced from the hlling tigures mcluded Toad
Factors, load Tactor variations, seusonal variations and non-seasonal vartations, as well
as consumption and load factor distributions. This perimitied o sertes of subjective
sample validation tests, When considered. these implied greater confidence in sonie of
the samples than the initial statistical tests indicated. This applied in particular to the
‘Bulk' und 'Developing Comnunity” classes. These subjective tests, by their nature, are
vaguely defined and unseientific. but nevertheless indicated that a careful analysis of
the class and sample attributes could prove them more representative than the abose
statistical validation implied.

Al this point the Load Research team had the folfowing impressions about cach ol the
luas samiples:

s (Gold Mines : Demand profile data for 3 of the 93 gold mnes, representing 7 ¢+
of the ¢iass consumption. wis available. The mines all used some lorm of dennnd
management in respunse 1o the gh demand charge in Tanff AL esulting in
excellent lowd factors, The Targer mines were better af this, with datly Joad factors
cousistent]y in excess of 95 % The seasonal vaciation in copsmsphon was under §
% from summe to winler. Five customers fud opled for Tani? L These were all in
the sample, amd no intentional response to this ofi-peak taof! was discermible. Thas
sample was consdered good.

¢ Other Mines : The sample was vers small, although it represented 40 ¢ of
comiiplion. As with gold mines, Toad Tactors were very good and seasonal
comsumption variations were under 5§ 70 Seseral of these mines were on Tarntt E
amnd had shifted Jomd o oft-peak times. but they comprised  an msignificant
preportion of the chisy. This sample was considered satisfiwton

¢ Base Industries : The uny sieple of § cisomers was oo small,. These live were
the base fidustries on Tartd? Eooand wnlorimately ne Tandl A customers were
included. They represented abeait 25 '3 of the class comaaaption as webk 2 45 7 of
the class Tard? B oaales. Swnee this s the class with the largest Taridl B oad, this
was important. As witl the ather hase jowd classes. rost of the custonrers had geold
load Factors. This sample was provissontad by accepted as adeguate,
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Customer Class Population size Sample Siee | Preclslon
(Custotmers) 1{ ustomers (SRS

Sample)
Developing Communities (16 1 104
Bulk & (ther a7 5 560
Teaction A2 7 R
Other Indastrles 2442 iS5 + A
Base Industries REX 5 taxe
Uther Mines JUy ] ad
{;old Mines 93 10 14.6%

Table A.5 - Predetermined Sample Precisions

The implication of the above validation iy that the samples are not represemtative of
therr populations at the 90% confidence intervals (with the exeeption of Traciiom.

The SRS sample design and validation procedures were cleatly not of much assistance
in establishing confidence in the predetermined samples. The intaitive teelings of the
project tedrn, ov ver, were that the samples were more reliable than the tests
indicated. The aut. o feels that there are several reasons that these sample design
principles and validation tests do not apply te this project. The samples do not refiably
represent the averuge ctstor  pach china, or capture the diversity of demand in
cach population. The real isst wither of these. but "Does the diversified demsand
profile of the sample represend the demand profile of the claw?"

3.6.2.1 The 'Random’ Aspect

Statistictans appear to have an almost religious reverence fog the coneept of randoinly
setected samples. This is in order to remove any bias a researcher might ntroduce by
selecting @ ample by some other means. Conventionad sample design theory s bt
around the Central Limit Theorem (CLTY which states that the means of a large
nmunher of rapdom samples for a popubtation wiil tend to have a normal distribution
with i mean evual o the mean of the population [Cochiran 1977, Frank & Afthoen
1994]. When ot is not posaihle to cheek the vabidity of a sample. the rescarcher is
tatally dependant on the properties of the CLT. This would ocvur when. foe examiple,
simpling the population to find the svenge weght of adults in the coumry . In most
Ioad rescarch applivations, slatistical incasties for the sample selected can be tested
against those of the population, to contirm that the sinple does indeed represent the
population. A sample that proves 1o be non-represemtatine can be discarded and
another drawn - despite thal et i the orrginad sample s stastically valud. The
randarnness iy ot as crueiid indoad reseanch as in the sovial seiences.

3.6,.2.2 Th- MU Focus of Standard Sample Validation Tests

The SRS proncdare and salidittion tests were desved from standisd sescarch sampling
wehmigues {Cochran 19770 where e primary goad of the samphe desien o (o obitain
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Normathy, onee asample s een designed wind selected dowall e vatdated by
compartng soveral charctenistos of the sample to those of e popadaiion. such as the
means and standard des tatons ob the vanable of interest.

3.8.1 Testing Valldity as Simple Random Su.aples for MPU Expansion

The means and standard des sations 1 annuwad energy sales per coseomer tor cach class
population and sample were determmned. Ahout 278 of the 'Bulk' and Developing
Community’ customers were escinded from thesr populabions due 1o unreliable bithng
information. As ewpected (Figure 34, the sample means were greater than the
population means, reflecting the Tact that only the Targer customers were present i the
wamples. The high stundard deviations of the populations indicate the severe shew.

Customer Class Mean Mean Std. Dev, | Std, Dev.
{op.) (sample) {Pop) {Smmple
Developing Communities 414 £54 260 Q%
Bulk & (ther 234 1549 1583 455
Traction 124 IR 3 in
_(E_lerlnduslries EL L) *hohw EEETY LR ¥ 2]
Base llldl.lsh‘ll‘ﬁ PLEL) T Ty, rrnx
Other Mines 271 326 0 264
Gold Mines 978 1{IRS 47 440

Table 3.4 « Population and Sample Characterlstics

I 1he predeternined sionples had been SRS samples. the exspected pivcisions of euch
for a WH% conladence interval. are tabolated in Table 2.5 Theswe cileulutions were
mide using the following eqguanon:

Coes
Koo e o 13y
M

whete:
R i e relative precision
k in 1645 for a 904 confidenve Tevel
a i~ the population standard deveation
n 15 the number of customers m the sample
M s the pepulation meae
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chopper 2 - The Sovewr Doaeerecanon o

Although s Predeternined Sanple Designe was unacceptable tfrom o SRS ponat of
view, {was Tnted by the onds custonies deniadrd protele daaavalable at the me

SRS Jeads fo escessive ample sizes where e populatien distnibution: desiates
sigifcantly from Normal wor Ganssian) Statstical tests mdwate that all she Cliss
populations twith the esception of Tractiony are severely skewed 1 the nght This
reflects the fuct that there are mamy  customiers with refatively  low annual
cotsumption, with tewer haying higher consamptions. This shewness s characteristic
m usilines world-wide, amd because of thiis SRS 1w mat often used by load rosearch
neactitioners [Wnght 1993],

Customer Class Population Size | Sampic Size | Sample S8lze
{Custoniers} {Customers) | (SRS Sample)

Developling Cor:amunities 06 11 55

Bulk & Other 67 25 23
Tractlon i) 27 12

Other Industries 2442 15 Yk

Base Industries 223 s bl
Other Mines_ 4499 ) 216 )
Gold Mines 93 40 14

Tuble 1.3 - Population and SRS Sample Size

In practise. stratified random sampling AEIC 19904, Hines 1993} or Model Based
Statistical Sampling (MBSS) [AEIC 19902, Wright [993] would be used. which
would reduce the sia ple sizes indicaied with SRS considerably. Stratufied samphing s
tsed where the populition is kinown (o consid of 1wo or more distinet groups, or
where the population distribution is known to be severely skewed. SRS and stratilivd
sumpling can be used with both mean-per-unit (MPUY expansion or ratio eapansion,
MBSS. witich tnes g moddel 10 make explicit use of the severe skew typically found in
load research populations. can only be used with ratwe expansion.

This exercise demonstriated only that the predetermined samples could et he
considered as 1epresentitiae iF a4 SRS approach had heen followed. Signiticant sample
size reductions could be achicved by stratfied saupling, bat this wonld have involsed
i lot of eftort amd the predetermined samples would have constituted onfy the upper
strata, Stragified saple desigu was not atterupied.

3.6 SAMPLE VALIDATION

Smee designimg or choosing the samples for cach class was not possible, it sas cruckl
that cach sample was cvilwated 1o Jetesmme how representative it was ol it cliss,
The hilling records provided monthiy energy and nvimn demand tipares for each
customer. Energy sales i the mast commonds wsed prosy sariable for sample design
swd vabidution i load research.
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Chupter £ Flie Svigem Disiegregation Project

Customer Class Popuiation Size | Sample Sire | Sample Sales
{Customery) (Customers) | Contribution
Developing Communities 106 11 404
Bulk & Other 567 25 oG
Traciion kN 7 "
{ther Indusiries hSK R 15 107 ¢
Base Indusirles 223 5 A5,
Other Mines Juy ) 40¢ 5
Gold Mines 93 ) 70

Table 3.2 Population and Sample Stzes

It is clear that even though the numbers of sample customers wre small relative to the
population sizes, these samples coniribute a consderable portion of the ttal sales. In
order to get a leel’ for approprite sanple sizes, it was decided to design samples and
compare the predetermened and designed samiples,

3.8.1 A 8ample Dusign Exercies

As an exercise, sample sizes using a simple random sampling (SRS) approach were
determined [Berrisford 1993af. The SRS sample sizes (n,,) were reduced by applying «
Finite Populution Size (FPS) correction, as the sctual populations were considerably
smaller than the theoretical ‘infinite population’ assumed. incomplete hilling data for
the population prevented this exercise for the two industrial classes. The equations
used JAEIC 1974, 1990a] were:

(31

where :

hin LA4S tor 807 conlidence fevel

n, 1 the intiad sumple size

i s the fimad sample stec after FPS

DD is 0.1 for the JO77 sample precision requred

N s the mean weighted annual consumption ot the population

N s the populition size

o s the standand deviation of the weighted anmual consumption of the population

As can beoseen i Tabbe 320 iy of the seven samples are smidlen tum rale of thumb
nunmmen stze ol 300 One of he predeterpsned samples CPraction) is Liger than 1y
requised sriple samborm sample sizes Smee the samples comprise e Jargest
cusioners e cach chisas they sclual’s represent L ge proportions of the class sales.
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Clapter 3 - The Svsrem Disaerevation Progec s

Customer Class 1990 Sales GWh 1990 Sales % of Total |

Butk :

~-= Munlcipullties 55128 J40.544

=== Neveloping Communlties 947 200,

Mining :

~n (Gold 24033 17.6%

v {OHher 93 HO9

Industries :

-« Base 19 341 I2.8%

= ther 18 693 123

Traction : 1 Y5K i

{ther:

== Domestle / Street Lighting 1 O8] ().R%

-« Commercial 340 0.2%

-+ Rural { Farming 3 641 2.7

= Own Usage 544 0.4%

TOTAL SALES 40 136 HI0.0%
j}'slem L.osses (7 19% (5.3,

Table 3.1 : Sales to Customer Cinss in 1990

3.5 THE SAMPLES

The availuble demand profile data for the 187 customers vielded gowd data for the
three winter months fur only 132 customers. These 132 customers comaumed 365 of
Eshont's siales. From bilfing reconds cach ot the 6 GO0 odd large customers was

allocated 1o one of the seven evised class.

Approxinsatels X 000 of these were

relatively small commergial and farming customers in the 25 KVA o 100 KV A range
billed vn Tariff A, and fhwese were incloded in the 'Other’ cliss, Abous 150 customers
were supplied wder Tarilf E.and these will be discussed separatels. Table 3.2 lists
the population and sample monbers tor eich of the seven clisses. Note that the 2 000
sontdl Taritd A customers and the 240 000 Tarl B, C. and 1) customers have not heen
inchuded in the Bulk & Osher populaton size count,

A Demand Frofife Forecasting Modod ten F ke
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Chaprer £ FPhe Svaem Provaegreeaiton Poaedct

o Al the sl custimiers cdirect residentral supplres, conmmerciel, rmal amd farm
supphiesy are grouped together as 'Other By vontrbute oss than S 0 of dlie
energy sales, Since these customers were expected o be sunilar w the wesdenenad
and commercial customers supplivd by the redistribators, and no demand profiles
for them were avalable, they were lumped together with the renusnine Bulk
customers 1o form a pew chins, "Bulk and Other’. The 0,47¢ for the utiity vwn
usage was added 1o the Bulk & Otber clasa, System losses were proporhonalls
allocited to each eluns (eg. 2897 of the sastem losses were adided 1o the 1otal KWh
of the Traction ¢lass) duriig the cliss ratio estimittion process. Tahle 3 1 shows the
annual sales for these cliss m 1990, and Frgure 35 alustrates the clissificatun
developed Trom the onginal Marketing classificauson.

LARGE CUSTOMERS 8MALL CUSTOMERS
& 000 98% of BALES 240 GO0 4% of SALES
2.8% 24.8% 25.1% 41.4% 0.8% 0.2% 2. %
| Rommera
Traction || Mines || industry || Bulk L‘zlmtmh 1amall .I
Business)

hY

! \

Qoid Qther Base Othar
Traotion I wrines || Mines [|/industriss ||industriss F‘“c"“‘
2

Y

Bulk &
Other

2.9% 17.6% 8.8% 12.8% 12.3% 8% 44.2%

Customar Classlification Revision

Figure 3.5 Revised Customer Classification
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Chapter 3 e Svaent Diageregidtoen Progect

Marketing's Customer Classification 1990

Largs Customars gmall Custormars
B000 98% of BALES 240000 4% of BALES
2.9% 24.5% 28.1% 43.4% 0.8% 0.2% 7%

Direct Commeo ural
‘Traction Minss || Industry Bulk esidentia (@mall .Y
Business){| Fermin

Tariils Taritte Taritfa Tarlis Tarft e Terff Tarlft D
AEF AEF AERKE AETF

® Large Customer Clasaes too Coarss (la Mines. Industry, & Butk)
& Nc date were gvaliable for gny Small Customer Classes
® Thara is ho tariff ditferentiatian In the Large Customar Claksas

Figure 3.4 Marketing Customer Classifieation

Unfortunately a radicad departure {rom this classification would have rendered any
analysis useless to the Marketing Department. The classification was  theretore
modified by splitting and regrouping the ariginal classes itte new clasaes. The
following changes were made

» Bave Industries (primary metal ore processing and smeliing) made up half of the
industriad sales. Due to the dilferent nature of base industries (o secomdany or
mianufacturing industries, Base Industries were considered 10 be o separate clins,

e CGiold mines constinnte over 70647 ol the Mamng sales. and wre collectively subject 1o
independent Toad varations due 10 exchange rate and gold price changes. Mines
were therefore divided into Gold Mines and Other Mines,

o The Bulk class inchides Municipadities and Developing Communities as well as
supplivs o neighbourmg countries. Developivg Conmmunities are residential
cornmunities that have traditionally wsed alternative domestic fuels twond, coal,
paraflin ete.). These commanities have recently been clectrilicd and are now
developing the use of electricity as o residemtia tuek. They are chanicterized by a
very ligh residential component €>>K0660 with a low load factor (300 -50¢;
Weekly LEY. Developing Communitios sug the snost ymportant growth sector due 10
the nmatiomal electrification program currenthy widerwas. Because ol the high
grawth powemial and low load Tactor of these customiens, ey were consadered as o
MOPRIEbe Cliss,
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Chapter 4 - The Experimental Demand Forecasting Model t XDFM | Development

In order o test this concept, the author developed an aggregation model. This was
hased on (he limited demand profile data used to successfully disaggregaie the sysiem
winter weekday of 1990, The model could be tested by forecasting 1991 and 1992
demaund profilex and lesting the forecast against the actual demand profiles for these
years. The gou! was to determine if 2 demund protile modei could discern the impacts
of the above influences or not.

4.1.8 A Note on Confusing Terminclogy

The use of the terms uggregation and disaggregation may be very confusing. The
difference between the two is subtle, but important, It has more io do with the
objective than the structure of the model {tself. Disaggregation refers to the process of
breaking the system profile into it's constituent components, using the system profile
as the reference. Aggregation is the process of constructing the systum demand profile
from it's constituent compunents. In this cese the end-use profiles are the references.
This may seem like splitting bairs, but it becomes relevant here. The disuggregation
carried out for 1990 provided a set of class demand profile shapes that represented the
systern. These demand profile shapes can be weighted by expected future claus sales
figures und aggregaied to produce e forecast system demand profile. Thus similar data
sets and model structures can be both aggregation end disaggregation models,
distinguished primarily be the approach and application of the model,

4.2 REPRESENTING THE EBKOM 8YSTEM DEMAND PROFILE

Models of utility demand profiles usually use a summarised version of the annual
demand profile [Gellings & Taylor 1981, Dickson 1984, EPRI 19834, Gellings 1991],
us it is impractical fo model all 8 760 hours per year. The unnua! demand profile is
represented as a number of shorter ‘typical’ periods, Where the profiles of weekdays
and weekends differ, an average weekday and an average weekend day profile may be
used. Where seasonal variations are significant, these may be duplicauted for each
season, The selection of the appropriate representation is @ function of the utility
profile und & compromise between complexity and inaccuracy in the model.

4,21 The Representation of Bystem Damandd Profilae for the
Digaggregation Mods!

For the 1950 disaggregation project. the system Average Winter Weekdoy (AWW)
had been modelled. There were several reasons for this, including

o Eskom is a winter peaking utility. The system demand during winter is therefo ¢ of
most importance. The disaggregation team chose the miliing manths of Juae, July
and August to be winter, as hilled sales for these months were higher than in the
ather months of 1990 (Figure 3,11,
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Chapter 4 - The Experimental Dentand Forecasttug Model {XDEM) Development

Two technigues for end-use forecusting have emerged. The first is o theoretical
engineering approach called thermal lond modelliug. in which detailed date on
weather, therma! churacieristics of buildings, and appliance loads are modelled on a
theoretica! basix, A simple form of this type of end-use model has been developed by
Eskom's Pricing Policy Depuriment [Probert 1992] \o study residential DSM options.

The second is a statistical approach, where end-use demand profiles are estimuted
from ectual observed data, This can be derived from samples of metered end-use
profiles or statistical enalysix of customer level profiles and end-use epplication
information using a technigue known as Conditlonal Demand Analysts (CDA) {Fari
& Parti 1980]. Load Research had developed a CDA analysis of severs] hundred
household level profiles from Naledi in Soweto in 1993 {Nyikos et ai 1994], and the
technique appedrs to work well,

A third epproach, which combines the ahove two techniques, was developed by EPRI
in 1985 [CPRI 19851, This method, known ux the Statixtieally Adjusted Engineering
(SAE) appreach to end-use modelling, combines the advantages of theoretical analysis
of joad behavior with the practical benefits of observed end-use load charucteristics.
Most of the overseas work on end-use modelling has centered around residential
electricity use and & little on commercial end-use analysis. The wide range of
electricity end-uses in industrial applications has precluded these clesses from much
end-use load research,

4.1.4 The Contribution to Load Facter (CLF) Methad

This iachnique, based on a combination of the assumed loed factor method and the
disaggregation method, was {irst noted in @ UNIPEDE manual as used by the CEGB
[UNIPEDF 1972] and recently reported again at the ARIC annusl Load Research
Workshop in 1990 {AEIC 1990c]. The contribution of each disaggregated customer
class to the xystem load factor is calcuiated and used to predict demands using energy
sales forecas! figures. It depends on the historical relationships between class vales
and demands. The impacts of external influences such &s weather are then used to
modify the model. CLF demand forecasting can cater (to a certasn degree) for
siructural changes in the sysiem composition. However, the impact of market
intervention or DSM programs cannot be easily included. CLF should be seen us an
intermediate stage forecasting lechnique, beiween ALF forecusting and disaggregation
or end-use aggregation forecasting. The information required hy this techrique usuully
exists within a utility's Load Research Department.

4.4.8 The Most Sultabla Mathod for Eskom

The CLF technique could be implemented immediately, but the benefits of CLF over
ALF were expected to be marginal due to the difficuliies of including external
influences. The ideal of a complele end-use aggregation model would be a costly
exercise requiring seversl years to develop. A disaggregation model with end-use
aggregution sub-modeis for specific eritical customer classes, such as Electrification,
was considered the most practicatl approach.

A Denwand Profile Forecasting Model for Eikom Puge 4.3



Chupter 4 - The Experimental Demand Forecasting Model { XDFM) Development

4,11 Reonomatric Peak Demand Modiels

Economeiric demand forecasting models are baxed on historicil relationships between
system peak demand and several ecoromic variables. These may include class sales,
economic growih, population growth, and appliance saturation levels, These models
tend to be based on overall economic indicators with little detailed information on
customer class characteristics, The main advantage of this upprouch is thut the
historical relationships between the econometric variables and peak demands can be
determined and explained. A mujor disadventage is that these models assume that past
relationships between econometric veriables and peak demand will continue into the
future. For Eskom, this assumption can no longer be regarded as acceptuble, as the
system dermand profile is currently undergoing some serious structural changes.

3.1.2 Diesggragation Models

If the systern demand profile for previous years has heen disaggregated into profiles
for each of the major customer classes, sales forecasl ligurex can be applied to the
claxs shapes, The shapes are then adjusted, if necessary, to cater for external
influences, and recombined to praduce an estimated demand profile shape. Estimates
for the impact of DSM programs, and emerging new customer classes, such as
recently electrified communities, cun be included in the recombination process. The
dagree of disaggregation varies from utility to wtility, and can range from as few as
three to over one hundred customer classes. The advantages of this technique are that
relatively quick (ene to three years) changes in the system makeup predicted by energy
salvs forecasting can be included in the model, and that the models are relatively
cheap and can be easily developed. Disadvantages wre that the accuracy of the
disaggregaled category profiles is critical, and thut the sales forecast customer classes
may not coincide with the disaggregation classes, Although changes herween classes
are catered for, changes within ciasses ure beyond the scope of this approach. DSM
impacts cen be included in forecasts as separate estimated classes. Since these models
are often based on average weeks or days, the impacts of external influences such s
weather are difficult to cope with.

4.1.8 Bnd-Uas Hourly (Aggragation) Modsls

This is & 'bottom-up’ approach, where demand profiles and characteristics for each of
the electrical end-uses are combined or aggregaled to produce a syslem demund
profile, There may be, for example. [ifteen residential end-uses, ten commercial. and
several industnal end-use classex. As with the disaggregation approach. demand
profile modifiers for DSM measures or external influences may be included. In this
cane these can be applied to gach end-use or class profile. These models incorporate a
lot of detail and ure conxequently very expensive, This is probably the most accurate
technique in rapidly changing utility circumstances. Due to the associated high costs.
very little end-use joad research has been done in South Africa, and only in the
domestic and commercial ateas,
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Chapter 4 - The Experimental Demand Forecasting Model tXDEM) Development

Chapter 4 : The Experimental Deamand Forecasting
Madal (XDFM) Development

4.1 ALTERNATIVES TO THE ALF METHOD

The ALF method relies on a stable relationship between energy xales and annual
maximum demund. Several structural changes taking place in the electricity supply
industry were actively altering this. These were discussed in Chapier 3 and include the
following:

« The changing customer mix. The proportion of manufacturing industry,
commercial, end residential load was increasing rapidly. The prospects for more
large energy-intensive base foad plants looked bleak. This implied that (he high
proportion of base load to which Eskom was sceustomed would not be maintained.

¢ The introduction of DSM Interventions In the market by Eskom. These
included Tuariff E in 1986, followed by TarifT T in 1990. These turiffs have singe
been renamed to Nightsave and @ range of TOU tariffs Megaflex, Miniflex, und
Ruraflex. These tariffs have the effect of limiting peak demand growth relative to
energy sales growth,

#+ The national electrification program initinted &: 1990. The impact of
electrilying an additional 3 million homes by 2000, effectively more than doubting
the number of residential customners ir “he country, was bound to have serious
implications for Eskom's peak demauds. Residential load is naturally peeky,
resulting in disproportionate growth of the morning and evening peaks.

The ahove impecis wame bound lo affect the peak demand forecasts using ALF. The
forecasting dilemma tha! Bskom faced was experienced by many North American and
Europvan utililies during the Seventies as a rexult of the oil crisis of 1973, Many of
these tilities had been successfully using the assumed load factor method of
manimum demond forecesiing. The sudden change in the energy - demand
refationship due to the introduction of conservation and DSM measures in the lole
Seventies highlighted the inability of this w.hnique o accuralely track these changes.
This led to the development of more sophisticated energy and demand forecasting
techniques by many utilities and other organizations. Most of the demand forecasting
methods depend on the energy sales forecests, merely using different methods of
deriving expected maximum demands from expected energy sales figures. All of the
mare sophisticated metheds make use of load research data to model the components
that make up the systemn load. Four of these techniques w1 be discussed briefly.
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Chapter 3 - The System Disaggregation Project

a) Ohjective Deflnitlon : The primary ohjective was clearly Jefined and well
undersiood. The secondary aim, determining the demand impact of Tarif E. was not.
A clear definition of ‘demand impact’ was not provided. This aspect was rated at BO%.

b} Data Adequacy : The sample data available for the system disaggregation was
poor in terms of guantity, but of good quality. The samples for each cluss were
predetermined and generally not representative when measured by the usual
techniques. Access to confidential customer billing data by Loud Research stalt was
testricted in 1991, and this hampered the sumple design and validation process. This
problem no longer exists. The good results had more to do with Tariff A (for base
load customers}, good weather, and luck, than quality of closs samples. This aspect of
the project was poorest, rated at 40%, and ix the area that dernanded the most attention
for future attempts at disaggregation.

¢) Analysis Methods : As the first such analysis done by Load Research, it was a
succeas, Computing fecilities and software used was sdequate. The team was well
able to imake the best use of limited datu. and techniques new to the team were used
successfully, This aspect was rated 73%,

d) Reporting : As well as the usual internal report, this project resulted in a paper
published & a SAIEE conference {Bluff 1992} and presentations to several audiences
in Eskom, as well as at the AEIC Load Research Workshop in the USA [Berrisford
1993a]. Apart from the actuai value of the rexult. to Eskom management, considerable
publicity and support for Lond Research was achieved by the project, This aspect rates
80%.

3.10. CONCILUBION

Although the avernge winler weekday model was very close 10 the actual system
demand profile, there were several aspects of the project that warranted a lot of
attention, The most serjous of these was sample design and selection. An innovative
technique of sample validalion was successfully used 1o overcome the limitations of
more usual methods, when samples are smail anc predetermined. This technique
needs to he tested more ngorously before heing cos sidered For genesal use, and is
probiably unsuitable for applications such as rate case hearings, as presently done in
the USA. The system model results were more accurate than the underlying sample
confidence and rehability might indicate. Overall the project was regurded as
successful,
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research nature, An atiempl was made to evaluate the project lonsely along the lines
suggesied in the AEIC Load Rescarch Manual {1990 Edition) [AEIC 19904,

Base Load Classes

Trixtion
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Average Winter Weekday 1990 l

Figure 3,12 Tarift E Load Shifting
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Chapter I - The Svstem Disaggregation Project

customers in 1990, anly 48 incurred off-peak maximum demands. Of these, several
apperred to have off-peak MDs by chance rather than design. and only 3 or 4 times
per year. 1t seems that two thirds of the Tarill E customers could not or would not
make use of the tari(f. In fuct several municipalities thut would never incur off-peak
MDs are billed on Tariff E. it was also noted that one Tarift’ E customer in the

Coincident Peak Contributions
Damand to Salas Ratios

140 m AMBntlo

Figure 3.11 « Proportional Peak Contributions of Customer Classes

sample made use of the weekends to increase demand, but did not consider this worth
while during the 8 hour off-peak periods between Mondays and Saturdays.

Ax can be seen from the disaggregated system demand profile, the base load (Figure
3.12) dropped xlightly after 06h00 and picked up again at 23h00. The average on-pesk
demand for the base load class wax 320 MW lower than the averuge off-peak demand.
This is an indication. within the accuracy constraints of the model, of the load shifting
which had occurred due to Tariff E. It was assumed (hat all customers that shifted oad
on Tariff E would have had average daily load factors above 93% had they been on
Tariff A. Assuming that energy sales to Tan(f E customers would huve been the same
under Turiff A, this implies an average decrease of 107 MW during the 16 peak hours
and an increase of 213 MW during the 8 off-peak hours. The impact of Tuariff E cui
thus be estimated ax 107 MW, 213 MW, or 3120 MW, depending on one's definition.

3.8. PROJECT EVALUATION

During 1989 and [990 the efforts of the Leud Research team were centered around
gathering customer demand profiles for evaluation of the proposed TOU tariff for
lurige customers. This systemt disaggregation was the first project of 2 truly load
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Customer Class Annual Sales Moyt ‘ng Peak Evening
Contrlbution (09HOD) Perk

. . _ {19H00)
Developing Comumunities 2.9% 11% 4 4%
 Butk & Other 44.2% 52,0% 49.1%
Traction 2,9% 2.5% 2,6%
Other Industries 12,3% 10.3% 11.0%
| Basg Industries 12.8% 10,5% TL1%
Other Mines 6,9% 6.1% 6,3%
| GoldMines 17,6% 152% | 158%

Table 3.8: Coincldent Peak Contributions

The amallest class (‘Developing Communities') had the largest proportional impact on
the morming und evening system peaks. This was also the class with the most potential
for significant growth, as a direct result of the natione! electrification program
[Berrisford & Bluff 1991]. This cless and the 'Bulk' cless together cantribute 47.1 %
to the total consumption, but 55.3% and 53 5 % lo the morning and evening peaks
respectively. The other clusses actually contribute less to the peaks ihan to the average
conswnption, depicting their base load nature.

3.8.3 Annual and Surmmer Models

A system disaggregetion [or the Average Summer Weekday and the Average Annual
Weekday for 19%J were done ss well. These models were not as accurate as the winler
model, due to the longer periods and greater weather and economic variations in the
system demand patieins. They were nevertheless considered acceptable. The key
statisticel indicators for the summer and annual modets are [abled below,

MAPE Rank Correlation
Average Winter Weekday 1.00% 0,98
Average Summer Weekday 1.29% 0,92
|_Average Anpua] Weekday 1.25% 0.97

Table 3,9 - Key Statistical Indicators

3.8.4 The Demand impaot of Tariff &

A small number of custormers are billed on Tariff E. & two-part tarifT in wldch
custorners are bitled for maximum demand occurring only during on-peak titaes
{07h00 to 23h00 weekdays). Since it’s introduction in 1985 Eskom hud notl been able
to monitor the impact of this olf-peak [ariff on (he system demand profile. The author
was requested to do this if possible. Since Turiff E is tdentical to Tariff A, except that
off-peak MD is not measured for billing purposes, o customer cannot lose by opling
for Tariff E. Tf his MD occurs during off-peak times, he will guin. If not, he will pay
the sume as ho w ald on Tariff A. This resulted in a number of customers converting
to Tariff E but not actively responding to the off-peak message. Of the 186 Tariff E
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Chapter 2 - The Svstem Disuggregation Project

Disaggregation Model Error

Maan Absolute Parcsntags Error = 1,00% Rank Cerrslation = 0,88

- < » Modellad ~— Asctual

Bysiom Demand W

Figure 3,10 - Comparizon of Actua) and Modelled System Demand Proftle

The correlation between the meie] and the actuael average winter weekday was a [of
batter than had been expected. considering the poor samples, particularly in the
‘Industrial’ class.

These good results were attributed ta the following factors:

¢ The high demand charge of Tariff A. which resulted in good demund management
by the 'Mining’ and 'Industrial’ classes.

& Regular weather patterns during the winter of 1990.

» The consistert generic shapes of both ‘Bulk' and ‘Developing Communily' class.

3.7.2 Colngiderit Peak Contributions

The base oad is made up f the 'Mining', 'Industrial' and Traction’ clusses, all of
which clearly exhibil excellent load facto:s. The response to Tari(f E is evident in the
Industrial classes, as a reduction in demand after 07hOD followed by a corresponding
increase at " 3h00. The urban commuter peaks in the morning and evening ure visibie
in the Trachon profile. These traction peaks are earlier than the sysiem peaks. The
"Bulk' and 'Developing Communities’ class make the major contributions to the
moring and evening system peaks. The demand contributions of each class are fivted
in Table 3.8, with proportional coniriputions to morning and evening peaks illustrated
in Figure 3 i1.
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Chapter 3 - The Svstem Disaggregation Project

System Disaggregation
28000 =
20000
18000 -5
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1 8 8 7 & 11 13 18 17 18 21 23
Average Winter Waekday 1990

Figure 3.9 - System Disaggregation of the Average Winter Weekday 1990

The system mode! built up from these seven class is shown in Figure 3.9, From
hottom [o top the classes are Gold Mining, Other Mining, Buase Industries, Other
industries, Traction, Bulk & Other, and developing Communities.

3.7.1 Validation of the Mods)

The actual average winler weekday system demand profile was compared to the
modelled profile. Both are shown in Figure 3.10.

The meun absolute percentage error (MAPE) and Spearman rank correlations were
catculated, The MAPE was |,0% and the rank correlation was 0,98. The model
slightly overestimated the morning peak and underestimated the evening pesk by
about 1%. It is suspected that the Buik & Other sample did not capture the peakiness
of many smaller municipr} customers adequately. Neverlheless, this model was as
good or hetter thap similar tnodels by other utilities, such as that of the CEGB in 1936
|Allera & McGowan [9856]
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Bagse Industries Other Industries

_..
-533

1I'r|\":l‘1l"tﬂﬂﬂ 1 8 0 TP Uit m

Figure 3.6 - 1990 Average Winter Weekday Proliles of Base Customer Classes
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Figure 3.7 1990 Average Winter Weekday Demand Profile of Traction
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Figure 3.8 - 1990 Average Winter Weekday Proftles of Peak Customer Classes
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Chapter 3 - The System Disageregation Project

The totul system demand for ¢ach hour of the average winter weckday was then
determined by summing the hourly demands for all the ciasses.

N
St =3 K, (1) (2.6

=l
where:

Syt is the average winter weekday demand of customer i of the sumple for class j
at hour t

d is the number of winter weekdays

Doty is the demand of cusiomer i of cluss ) on winter weekday n at hour t

Kty is the AWW demand of class j at hour

k is the number of customers in the sample for class j

P, ix the winter consumption of the population of class j
Q is the winter consumption of the sample of class j
S0 is the AWW system demand st hour

m Is the number of classes making up the system,

Average winter weekday profifex for each of the seven class are shown below (Figures
3.6103.8)

Gold Miney Gther Mines

2
4
L$8EBEERE

1 3 BT B BTN N 14 BT BT M

Flgure 3.6 « 1990 Average Winter Weekday Proftles of Base Cuatomer Classes
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Chapter 4 - The Experimental Deowoid Forecasting Modol (XDFEM )y Development

The model then summed the five classes 1o provide a system Total Salexs’ AWWK
profile This wus then increased by 5.3« to include system lusses to provide a ‘Nett
Sent Oul' AWWK profile. (Thin has the same ellect as adding proportional losses 1o
euch class, but involves less arithmetic.)

The Forecast System Demand Profile table consisted of the Total Sales and Nett Sent
Qui columns for 1690, 1991, and 1992,

The actua! AWWK profiles for 199] and 1992 were then derived and included to
aliow testing of the model output.

Average Winter Week 1990

78000 -~

23000

18000

10000

Howly Demand MW

8000

Figure 4.12 « The Prototype Avernge Winter Week for 1990
The stacked average winter week profile is shown in Figure 4.12. The week starts on

Monday, and the reduced weekend demand is clearly visible. as is the typical weekday
shape, with Mondays and Fridays being slightly different to midweek days.
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Chapter & - The Experimental Demand Forecusting MadelHtXDFM) Development

calersd for three years (1990, 1991, 1992, The spreadsheet consisted of input data
lables, sggregution mode] calculation tables, and output tables (Figure $.11). The
Seasonal Correction Fuctors were included in the aggregation model tables, to ailow
the Mexibility of using different fuctors for cach year.

Quattro Implementation of XDFM |

L 1990
Clas ,__/ Aggregaton
Demand Meudel
Profile
Shapes
! For- sl
199 Systerd
Aggregation fesessammemli Demamd
Model ’ Prafile
Cluss
Annual
Sales _ ¥
Forecasts 1942 Test
1 Aggregation 199171992
Muxdel

Figure 4,11 « The Quatiro Implementation of XDFM

The Class Demand Profile Shapes were the shapes of the Average Winter Week
profiles of the class samples (in 1990}, normalised to a weekly energy content of
unity. {This made it eaxy to generate class AWWK profiles from annual class ssles and
the SCF.)

The Class Annual Sulex Forecasts consisted of a tuhle of class sales as reported in the
Statistical Yearbook [Exkom 1990] and summated (o produce annual sales figures for
the five classes for which demand profilex were available,

The mode! tables calculated the AWWX hourly demand of each class as follows;

D=8 G, {52-H, (3.4}
with:
Nt is the forecast demand of ¢luss j at hour t
S0 is the normalised demand of class J at hour &, from the class prafile shepe

¢3 is the anncal safes of class j for the Torecast yeur
H, is the Seasonal Correction Factor for class j
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Chapter 4 - The Experimental Demand Forecasting Model (XDFM) Development

the Management Informatinn Decision Support (MIDS) system in Eskom. MIDS is a
mainframe ¢ tabase which lists key hilling data for cach tlarge) customer.

Since long term energy lorecasts are based on anmual sales and nol monthly sales, a
seasona! currection factor had to be estimated for euch class, The actual ratios of
winter sales to annual seles for 1990 (Figure 4.1) were initially used. It was later noted
that these ratios varied slightly from year to year (Figure 4.10), and averages of the
ratios for Lhe period 1989 ta 1992 were used.

Seasonal Sales Variations

Toho
g 2000 . RS
e L\ 7N ¢ N
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g‘mm Ifusiry
gogo MW’—\A — [
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1000 Trawt
20 L ol | Twen [ T —
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Flgure 4,10 - Seasonal Sales Yariations
44,3 The 8ystem Demand Profile

The actual hourly Neit Sent Qut (NSO) figures for the integroted Eskom system were
obtained from the National Control Center at Simmerpan. where the System
Operations Departmeni recorded the outpul of vach power station from a country-wide
SCADA system, These duln were required to test the aggregalion model. The NSO
figures represented the sum of all customer s % plus transmission and disinbution
{osses, estimated at about 5.3% ol total sales for 1990

4.5 IMPLEMENTING THE MODEL
4.8.1 The first (prototype) demand profile forecasting mode!

The XDFM was initially implemented as a Quattro spreadsheet. which was later
moved fo Excel and implemented as a workbook. The initial Quattra spreadsheet

A Demand Profite Forecasting Model for Eskoam Puee 4. 14



Chapter 4 - The Experimental Demand Forecasting Mode/ (XDEM 1 Development

each customer class. and a modification to the aggregation model to implement the
turget year ratio expansion and SCF.

Any changes in the system demand profile shape that are due to different class growth
rates will be captured by the model. However, any changes due to external influences
unknown to the model would e evident as a difference between the forecast profife
und the actual profile.

4.4 DATA FOR THE XDFM MODEIL

There were three data sets required for the protolype XDFM model. These were the
¢lass demand profiles for the winter of 1990, the cla-i energy sales figures for 1990 to
1992, and the system Nett Sent Out (NSO) demand profiles for 1990 to 1992

4.4.1 Clags Demand Profila 8hapes

The class demand profiles were derived from the 1990 disaggregation project.
Although the samples were predeisrmined, the accuracy of the final disaggregation
mode! indicated a high degree of confidence in the class demand profiles. The hourly
or half-hourly demand profiles for all 132 sample customers for the three winter
months were used as raw data. These demand profiles wers processed to derive
Average Winter Week profiles for each customer (Equation 4.1) It was then
discovered that g few customers in two of the samples had experienced abnormal
loads for porticns of the winter period, which were evident in the AWWk profiles
(afthough not upparent in their AWW profilcy) These customers were in the Other
Mining and Other Industries classes, These ‘bad' customers were removed from 1he
samples, This degraded the representative quality of the samples for these two clusses.
After some experimentation, it was decided 1o combine the remaining Other Mining
sample customers with Gold Mining, and Other Industries with Base Indusiries. This
resulied in only five custumer classes, namety:

All Mines (Gold Mining with Other Mining)

All Industries (Base Industries with Other Industries)
Traction

Bulk & Other

Townships

" & &+ ® &

Although this is far from ideal it was feit that five classes would be sufficient to
illustrate the principles of the model, and hopefully, to isolate the impacts of the
external influences.

4.4,2 Clase Enargy 8ales Figuras

Annual eneigy sales figures were oblained from the Eskom Statisticat Yearbook for
1992 and monthly sales figures for sample customers ane' . lasses were extracted from

A Demund Profile Forecasting Model for Eskem Paee 4,13



Chaprer 4 - The Experimental Denmnd Forecasting Model (X XDFM ) Development

The demand profile forecasting model is similar to that of the previous disaggregation
model. consisting of averaging and summation processes. The it step is Lo
deterinine the average winter week (AWWK) demand oot for each customer in
¢ach cluss sample. 1n this case the averaging takes place over 13 weeks rather than 63
weekdays, us with the disuggregution project.

o
.5‘,5:}:—[!20,",:” (4.
[{

nz|

The second step involved creating the AWWK profile for each sumple by summing the
individual customer profiles in each sample. The average winter week profile for each
class was then produced by expanding the sample average winter week profiles using
simple ratio expansion. The ralio for forecasting is the target year annual class sales o
ihe base year sample sales, This differs from the aggregation nodel which uses base
year sales for both sample and class. For an Average Winter Week model using
annual class sales figures, 2 Seasonal Correction Factor (SCFY is required lor each
class. This ix to allocate the correct propartion of annual seles to the winter season for
eech class. Al this time the 5.3 % distribution system losses were proportionally
allocated to each class.

L G
Kiy=35, EJ--H, 1,083 (4.2)

r=] Il

The tolal system demand for each hour of the average winter week was determined by
summing the hourly demands for all the clases,

L]
Fin=3 K0 .3

2=
where:

Day(1) is the demand of customer i of the sample for class j for winter week n oy
hour t

d is the number of winter weeks (13)

Sy is the AWWK demand of customer § of class j al hour t

Kty is the AWWK demuand of class j at hour t

k is the number of customers in the sample {or class §

G, is the target year annual consumption of tae population of cliss j
Q ix the base year annual consumption of the sample of class |

Fity i the Average Wint'r Week system demand at hour t

m is the number of classex making up the system.

H, is the Seasonal Correction Factor (SCF) for class j

Figure 4.9 shows the components of this forecasting niodel. The only additions to the
disaggregation model are target year annual tor seasonal) energy sales forecasis for

A Demand Profife Forecusting Model for Exkem Pagr 4.12
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Basio Damend Foracasting Process
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Figure 4.8 The Basic Demand Proflle Forecasting Process
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Figure 4.9 Basic Demand Proflle Forecasting Model
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Demand »- ls'h"m'
Profiles ipe
Generation

h

Aggregation
Mudel

Dlsnggregation Modsl

Figure 4.7 Components of a Disaggregation Model

4.3.2 Demand Profile Forecasting Btructure

The disaggregalion project provided the author with fairly accurnte estimated class
demand profiles for the winter of 1990. Using the annual sales figures to each class
for 1991 and 1992, il was possible to ‘forecast’ the sysiem d=mand profile from 1990
clasx demand profiles by using the ratio expansion process again, as shown in Figure
4.8, The hourly demand for each class is increased (or decreased) by the ratio of the
target year sales (o the base yeur sales for the class.,
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Chaprer 4 - The Experimental Demand Forecasting Model t XDFM) Development

The experimental demand profile forecasting model was based on this representation,
and initially only the winter season was considered. The XDFM was therefor
designed to forecast the average winter week (AWWK) using annual sales forecasts
for each class.

4.3 THE AGGREGATION MODEL PROCESS AND STRUCTURE
4.9.1 The Aggregation Mods! Process

The aggregation process is illustrated in Figure 4.6. The total system demand profile
consists of the sum of the profiles of each customer class. In order to estimate the
profile shape of each class. demand profiles of a sampie of customers that represent
the ¢lass are collected. These data are then aggreguied and expunded ratiomelrically to
pruduce the estimates of the class demand profiles. The class demand profiles are then
aggregsated to produce an estimate of the system demand profile.

Figure 4.7 shows the components that make up such & model. The primury
components are the raw demand profile data sets for the sample customers, the class
demand profile shape generation mode), and the aggregation mode] itself.

The accuracy of the mode! can be determined by comparing the actual sysiem demand
profile to the madeled profile, This process is described in Chapter 5,

Customsr Clasess Bample Class
Class Sumples Demand Damand
. a __Profils Profile
Bystem
Rssldantial - Pamynd
. M\ Prafile
i - v/\/’\
e T |
N Glura
i S, Aggregation
i
Bample Matlo
Bampla Design Aggrsgation Expanalon
DAFHDOCT

Flgure 4.6 - The Aggregetion Model
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Chapter 4 - The Experimental Demand Forecasting Model (XDFM) Development

* A Winter season consisting of weeks 23 to 35, This 13 week period is
coincidentally within a few days of the calendar months june to August,

s A Postwinter period with the remaining weeks bar the fast two of the year

» Holiday Weeks. The first week, the Easter we k. and the last two weeks of
every year do not fall into one of the above .ategories. Although the firsi
and last weeks of the year are fixed, the Easter week moves (rom yeur (o
year,

The K-Means clustering for 199} with four clusters is illustrated in Figure 4.3, As can
be seen, there are a few Prewinter weeks in the Postwinter pericd and vice versy, This
WwaS B common occurrence in the unalysis. The four Holiday weeks are also elearly
discernihle.

4.2.4 Tha Representation for XDFM

Based on thix analysis it was decided to ignore the four holiday weeks and represent
the system demand profile with three seaxons. These were defined as follows:

o Prewinter, weeks | to 22, 22 weeks long.
¢ Winter, weeks 23 to 35, 13 weeks long.
» Poatwinter, weeks 3610 52, 17 weeks long.

Clustering of Weekly 1.DCs

1991 K-Means, Four Clusters

Waaits of the Year

Flgure 4.8 Clustering of Weekly LICy
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4.2.3 Analysls of the 8ystem Demand Seasonal Componsents

The author carried out a cluster analyais m he weekly LGCs for 1990, 1991, and
1992. This was done in STATISTICA, end the following options were explored:

¢ Three clustering techniques were used. These were Euclidean Tree, Two Way
Branching. and K Meuns Clustering.

s Each technique was tried with the number of clusters varying from two to six,

¢ Euch combination was evaluated for actual weekly LDCs (to include both shape
and magnitude variations) and normalized weekly LDCs (to cluster only shupe
varigtions).

The outcomne of this exercise was & set of ahservations that provided a defensible basis
for defining & load shape representation. The K Means method of clustering gave (he
most coisistent results, which were as foliows:

s Normelizing the weekly LDCs to remove the effect of magnitude from the
evaluation resulted in inconsisteni resuls.

Weekly Maximum Demands
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Flgure 4.4 - Eskom Weekly Peaka for 1992 to 1994

¢ The optimum number of clusters was four. This resulted in consistent and distinet
sets of weekly LDCs with the following characteristics:

s A Prewlnter scason comprising weeks 2 to 22, with the exception of the
week including Easter Friday.

A Demand Prufile Farecasting Madel for Exkem Pe e 4.7
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Average Winter Week 1990
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Figure 4.2 - Average Winter Week Demand Proftle for 1990

Average Winter Week LDC 1990
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Figure 4,3 - Avernge Winter Week L.oad Duration Curve for {990
The author felt that a multi-sewonal approach would be essential to capture the

seasonal variation evideni in the system profile - see Figure 4.4, However, a more
scientific method of defining the number of seasons and their duration was reguired.
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Monthly Class Sales 1990 |

18000 ‘I'—"—'

FEYEYTENTENY

Figure 4.1 - Monthly Clags Salas in 1990

é The system peak invariahly occurred during a weakday. Weekend demand is lower
than weekday demend. The average winter week demand profile for {990 is
illustrated in Figure 4.2

s Averaging the approximately 63 weekdays during winter increased the reliability of
the model, as the averaging process filters out the effects of random external
influences, such wus weather variations, public holidays or serious outages.
Stmtistically this resulls in 65 observations of the AWW hourly demand for each
sample customer.

4.2.2 Tha Requirarnents of the Users of ths Modsl

Discussions with tha Generation Expansion Planning staff (GEP) indicated that a
forecast of the averuge winter weekday wauld be of little value to them. Their
planning tools used forecast weekly Laad Laration Curves (LDC, see Figure 4.3) to
represent system demand. GEP represented the system demand profile with an
average annual LDC or al limes as three average seasonal LDCs, dividing the year
into three seasons with approximately equal lengths of 17 or 18 weeks each.

A Demand Profile Forecasii. ¢ Model for Eskom Puge 4.5
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was derived from the leeders supplying (wo urban informal communities electrified
by Eskom in 1990, These were Ivory Park and Orange Fanm, hoth in Gauteng.

» Eakon: Own Usage. This small class, representing the foad supplied to operate the
transmission and distribution network, was previously included in the losses, Since
this load is continuous {100% Load Factor), it's consumption was extracted from
the fosses awd included as o separate eluss,

8.1.2 improving the 8CF Factors

The SCF factors used in the prototype were based on the monthly hilled sales to cach
class in 1990 (see Chapter 3). The SCF was calculited as:

S
H . 5" - (6.1
$r.

whtere:

H;,  is the Seasonal Correction Factor for class j
By 8 the billed energy sules to class j for month m
m  is the billing month 1 lo 12 vorresponu.ng 1o January to Degember

Billing monthx do not correspond to calendar months, us monthly meter readings are
ainggered through the last week of each month, and in some cases occur in the middle
of each month. The February bill for 2 cusiomer may, for example, represent the
customer’s eonsumption from the 29th of January to the 25th of February. A second
customer's bill may be for the period 15th of January o 14th of February. Seusonal
Correction Factors derived from billing figures were therefore suspect. und another
method of deriving them was desirable to check or improve them.

Year Traotion Bulk Mining Industry
1088 1.054448 1.118033 1.030848 1.013982
1980 1.024317 1.127478 1.021375 | 1.012682
1981 1.053016 1,133077 1.025481 1.027548
1982 1.038288 1.118337 1.034332 1.019883

Tabie 6.1 - Seasonal Correction Factors

The factors also vary ¢ ghtly from yeur to year. The SCF figures for 1989 to 1992 ure
tabulated sbove. An i atial improtement was made by averaging the caleulated SCF
figures for 1990, 1991, and 1992,

A second set of factons was derived by considering the mode! as a set of simultaneous

equations. The AWWK madel 15 actually a set of [68 models, one for euch hour of the
week, Each model can be represented as the sum of the demands for each class at that

A Denrand Profile Forecasting Model for Exkem Pupe 6.2
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Chaptaer 8 - Forecasting with the XDFM

The experimental model had to he expanded and niodified before it could be used in
practive. This chapter outlines the changes made and describes the application of the
XDFM in Eskom’s long term forecasting process for the [996 Integruted Ulectricity
Plan (IEPS).

8.1 EXPANDING THE MODEL FOR FORECASBTING

The prototype XDFM was expunded in an Excel workbook to include all years from
1990 to 2015, This entailed a complete redesign of the model. and several
improvements were added, including better SCF Ffuctors and taritf impact sub-models
for Tariffs E and T.

Excel Implementation of XDFM

Class
Demasyd

Profile
Shape.

T I;meum
) Sysiem
2018 %1 Demand
Ave Win Wk Profvte
Aggregation
fr:::;l / Muddel _
Sales Y
Fuorevasts \..vﬁ.ﬂ Tew
) 199 /1942
2% Sheets & Fullowing
Years

Fligure 6.1 - Excel Implementation of XDFM

8.1.1 Additionnl L.oad Clacses

For long term {orecasting purposes & number of additiora) customer classes were
added 1o the model. These included: '

¢ Electrification. The natiopal elecirification program. initiated in 1990, was

expected to consume u sigrifice't portion of Eskom sales by the win of the
century., even though the impact was small during the early years. The profile shape
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mode! 1o isolate the type of system demand profile change curont!s heing experienced
by Eskom.

Load Shifting XDFM Error
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Figure 8.10 - Todal Lond Shifting
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£.3.3 Measuring the Load Shifling In 1992

Figure 5.8 shows the error demand profile for 1992, Although the daily paitern is not
ax consistent as for 1991, a similar load shifting error is apparent. The procedure 1o
extract the additional load shifting was applied, resciting in the corrected error profile
shown in Figure 5.9, The correlation coefficient between “he originat error profile and
the load shift profile was -0.7320. and after the extraction process it was {1158, The
estimaie for additional load shifting (since 1990) was about 340 MW,

This is lower than the estimate for 1991, which appeared unusual. Inspection of the
1992 annual sales for the foad shifting customer clusses (Mining, Industry. and
Truction) [Eskom 1993] reveuled a corresponding salex reduction. The reduction in
jowd shifting was 110t incorrect

534 The Efecirification Impact in 1992

The total number of homes electrified by Eskom was about 300 000 by the winter of
(992, This implied an additional demand of about 180 MW during the evening peak.
Selex to alectrification customers in 1992 tctaled about 84 GWh. This translates (o an
expected evening peak contribution of about 30 MW, As in 1991, this peak demand
contribution was too small to be isolated by the XDFM model.

8.4 - CONCLUBION

The main descriptive statiatics of the error profile before and after the load shifting are
listed in Table 5,1. Both the Kurtosis and Skewness texts indicate that the error profile
has 8 much more Normal distribution ufier the lonwd shifting has been extructed,

1991 | 1991 (La ki) | 1992 | 1993 (Ld Shiy
Standard Deviation | 212 MW | O5MW __ | 228 MW | 150 MW
Kurtosis 14 0,188 087 0.6153
Skewness 0,0817 0,1472 0.5498 (,2651
Correlatlon Coer, | -0.8897 0.0265 .0.7520 0.11%8

Table 5.1 - Descriptive Statistics of Ercor Proflies

The correlation coefticients between the error profiles before und after load shifting
extruction are also included. These confirm the existence of the addilional load
shifiing and the high degree of success in removing it from the errar profile. The
muotel could clearly isolate the additional load shifting that had occurred.

The impact of the electrification program was, hewever, too small to be clearly
discerned.

Changes in the system demund profile struclure due to the impact of Tard¥ E load
shifting were clearly identified in this manner. These tests indicuted the ability of the

A Demand Profile Forecasting Model tor Exkom Puyge 8.9
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Ave Winter Week Error 1992
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Chapter 5 - Testing the Protorvpe XDFM Modrl

smaller than the 95 MW stundard deviation of the error profile after toad shifting
extraction, A visual inspection of the error profile (Figure 5.3 did not reveal this
additional evening peak demund. A correlation analysis between the error profile amd
the community profile (done in STATISTICA) confirmed tha the electrificution lowd
was hidden in the noise. it appeared that the random error content in the mode] was
too high Lo allow the resolution of the additional electrification load.
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Figure 5.7 - Demand Proflle of Recenily Electrified Community
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Figure 5.6 + Error Distributions for the 1891 Forecasi

Thix implies an increase in Tariff E load shifting from 1990 to 1991 of gbout 370
MW.

If the model accounts for all foads, the error profile is expected to vary randomly.
with a norma) distribution and a mean value of zero. The 'quality’ of the error profile
can therefore be determined by a measure of the normalness’ of the error profile. The
Kurtosis of the uncorrected error proile was -1.4 while that of the corrected profile
had improved to -0,188. Similarly. improving the etror profile should result in a
decreased standard deviation from the mean value. The uncorrected standard deviation
was 212 MW, which was reduced (o 95 MW after the load shifting correction. A plat
of the error distribution (Figure 3.6} shows the bimodal shape before load shilt
carrection. and the more normal shape after correction.

£.3.2 Measuring the Impact of Electrification in 1991

The weekiy demand profile of a community electrified during 1991 is shown in Figure
4.7. This prolile is typical for such communities and is charucterised by the high and
narrow evening peaks. The After Diversity Maximum Demand (ADMD) for this
community was about 0.6 kW, which was also typical. Approximately 100 (000 homes
were electrified by Eskom hetween the winter of 1990 and that of 1991, The impact of
the electrification program was thus expected to be identified us an unexplained
additional evening peuk demand of ahout 60 MW, and ubout 25 MW on the morning
peak. Actual sales recorded to Eskom electrification customers in 1991 of about [5
GWh implied an evening peak impuct of only about 8 MW. This was considerably

A Demand Profile Forecastine Movicf for Exkom Puge 5.6



Chapter 5 - Testing the Prototype XDFM Model

The additional load shifting evident had to he ‘extracted’ from the error profile. The
QVETIGE ENCTEY eITor was approximately zero (-136.9 MWh, or -0.003%), due {o the
model correction fuctor applied carlier. The Tariff E peak period error was positive by
1% 543 MWHh, or shout 0,5%, and the off-peuk period error was negutive by 15 590
MWh.

A procedure was applied to the error profile, reducing the average peak period energy
and increasing average off-peak energy hy the same amount, to simulate the udditional
loud shifting. This was done with a goal of minimising the average peak and off-peuk
errors. Reducing peak demand by 1946 MW while increasing off-peak demund by
1769 MW resulted in a minimum difference between the errors. This correction
profile (Figure 3.4) was applied to the model error profile, resulting in the profile in
Figure 5.5,

The correlation coefficient between the error profile of Figure 5.3 and the loed shilt
profils of Figurs 5.4 was -0,8897. This confirmed the large load shilt component in
the error profile. The correlation qoefficient between the load shift profile and the
error profile after the extraction procedure was applied (Figure 5.5, ix 0,0268, which
illurtrates that the foud shifting component has been successfully removed from the
error prafile.
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Chapter 5 - Testing the Protonpe XDFM Midvl

This indicates that additionat load shifting by customers has oceurred between the
winter of 1990 tmodel hase yeart and 1991 (model forecast year).

Ave Winter Week Error 1991
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Figure 5.3 - Average Winter Week Error Profile for 1991
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Figure 5.2- Average Winter Week Proffle Error for 1990

The prototype XDFM averestimated the evening peak and underestimates the morning
peek.

The maximum hourly errors were shout (20 MW, and there is clearly a cyclic
component with a period of one day present. The highest error of 120 MW
represented abou! 0,5%, which was considered acceptable. The clear cyclic nature of
the error profile suggested thut the random component was very small indeed -
cerininly helaw 50 MW, or 0,25%. This implied that structural changes in the profile
in the order of 50 MW to 100 MW should be discernible in the 1991 md 1992
forecasty.

Removing the 'bad’ customers in the Other Mining and Other Industry classes, and
consolidating the Mining and Industrial classes nlso appears to have improved (he
model mecuracy, as it is considerably befter than the original model described in
Chapter 3.

8.3 TESTING THE FOREBCABT YEARS 1601 AND 16892
8.3,1 Mensuring Additional Load Shifting in 1991
The AWWK error profile for 1991 is showu in Figure 5.3, The model clearly over-

estimated Tarifl E peak periods and under-estimated off-peak periods. (Turiff E hus
defined peak periods as G7h00 to 23000 on weekdays, excluding public holidays.)

A Demard Prafite Forecasting Model for Esken Page 8.3
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XDFM Error Analysis

Thia Ditisretron consists of :
« Tha srrar inharent In the model
~ Any load the model Is unaware of

Bystam
Nt GRHNEH O st
Frofile

Astual A
Waak Proffle

Figure 8.1 -~ The XDFM Error Analyste Process

8.2 TEBTING THE BASE YEAR - 1880

The actual AWWk Nett Sent Out profile was developed ana compared to the
madelied profile. The mode] was found to have slightly overestimated the energy
content of the AWWKk, and a facior of 0,9578 was applied to each hourly value to
correct the modelled AWW energy. The reason [or this overestimation was not
known at the time. The effect was to reduce the mean errar of the AWWK model to
almost zero, bul permit evaluation of errors in the profile shupe. The Mean Absoluie
Percentage Error (MAPE) was 0,26%. or 4SMW - which is negligible. The standard
deviation of the error was about 65 MW. The error profile i« ilfustrated in Figure S

A Dentand Profile Forecasting Model for Exkom Puge 8.0
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Chapter 8 - Testing the Prototype XDFM Mode!

8.1 THE OBJECT AND METHOD OF THE TEBTING PROCESS

The most important requirement was to determine whether the model could detect
changes in the system demand profile shape. There were two load components that the
modeiled 1991 and 1992 forecasts were unaware «f, These were increased lond
shifting by Tariff E customers, and the impact of the nutional electrification program.
It was hoped to identify und quantify these components,

Tesling the model consislted of two phases. The first was to test the base year
modelled system demand profile against the actunl AWWK profile for 1990, 1f the
model was sccurate enough. the forecast years (991 and 1992 were (o be tested.

8.1 The Tast Mathod

The test method is shown below (Figure 5.1). The actual average winter week profile
was subtracted from the modelled AWWK profile on an hour-by-hour basis to produce
an 'error profile’, This can be expressed as follows:

e = F() =~ Al 5D
where :
g(1) is the error af time ¢
F(t) is (he modelled AWWk demand at time ¢

Aft) is the sctual AWWk demand at time ¢
1t wax expected that this error profile would contain two components:
» A small random variation, representing the random error inherent the model

a Regular patterns or cyclical compunents, representing any load the model is
representing incorrectly.

A Demand Profile Forecasting Model for Eskom Pape 5.1



Chapter 6 - Forecasting with the XDEM

6.3 LONQG TERM RORECASTING WITH XDFM

Long term foregasting with XDFM implied a set of winter week modets for vach year
of the planning horizon. The GEP stafl use a 25 year horizon, and implementing this
in a xingle spreadsheet would have beer impracticul. The model wus ported 1o
Microsoft Excel as a2 workbook, with u separate worksheet for euach winter model
(Figure 6.1). The Excel XDFM model has been used for Eskom's long term
forecasting process since 1994, The remainder of this chapter is essentially an extrat
from the Eskom Integrated Elcctricity Plan for 1996, Volume 2 [Berrisford [996]. It
describes the use of the model in generating demand profile forecasts, seasonal LDC
forecasts, and annual MD and LF forecasts.

6.3.1 Damand Profils « areosst

The XDFM way used o forecast average weekly demand profiles for each season in
the long term foregasting horizon (1998 to 2015). The model estimates the Eskom
Integrated System Demand Profile including the impacts of tariff induced lowd
shifting. The primury output ix in the form of & modelled Average Winter Week
profile and derived prafiles for the other seasons, for each year until 2015, XDFM is a
disaggregation based mode) ideally suited to long term demand profile forecasting
(flve to thirty years). The model uses av primary inputs the forecast annugl caergy
sales per customer class [Prinsloo 1996] and weekly < 'mand prefiles for each
customer claws., Figures for Own Usage and Losses o the Transmission and
Distribution networks are also incorporated,

FCAST96L Annual Sales Forecast
1990 - 2015

S00000
g m Tawnagn 4
§ 1eono0 |
1 160000
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Forecast Year !

Flgure 8.8 - Bectarai Enargy Balas hesad on Moderats Foraonaat
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Chapter 6 - Forecasting with the XDFM

8.2.1 The Tariff impaot sub-modsls In XDFM

Two tariff response sub-models were developed for the new XDFM, for Tari(f E
(Nightsave) and Tariff T (Whateverflex). These models both assumed pure load
shilting in response ty the teriffs This implies that a customers (otal energy
consumpiion remained constant, although the demand increased during off-peak hours
und decreased during peak periods.

Demand profiles from several Turiff £ customers indicated that a responding customer
would incresse off-peak demand by approximately 10%. which implied a peak
demand decresse of [1%. This is hecause there are 80 peak hours and 88 off-peak
hours per week. This resulted in an effective shifting of 5.2% of consumption from
peek to off-peak periods.

The shifted hourly demand for each ciass Ly(t) was defined as:

Lin=Kn-L-E {6.5}
for off-peak hours, and as:

L(n=K (0089 E, 16.6)

for peak hours, with E, being the estimated proportion of class sales that would shift
logzl. The sub-model was implemented as an additional customer class demand profile
shape which sdded demand during off-peak hours and reduced it dunng peak hours.
This wes implemented for both the Mining and the [ndustry classes separately.

A similar approach was adopted to model the Time-of-Use tariffs, and this was
implemented for each of the Mining, Industrial, Traction, and Bulk&Other ¢lasses.
The Tariff T profile shape ix illustrated in Figure 6.4. The levels are relative to u
100% load factor shape, which would allocate 0,005932 kWh per week 1o each hour.

8.2.2 Testing the Load 8hifting Sub-Models

These sub-madelx were then used (o estimate the load shifting that had occurred in
1993 and 1994, using the same spproach used to validate the prolotype model. The
error profile for the uvernge winter week of 1993 is shown in Figure 6.5. The shape of
the error profile indicates & large component of Tanff E loud shifting. Introducing 500
MW of TarilT E load shifling with the sub-mudel results in the error profile of Figure
6.6. Note the improvement in the key statistics dexeribing the error.

The resulling error profile still contuins  pattern that indicates load shifting oul of
Toriff T peak limes (weekdays 07hO0 to 10h00 and 1800 to 200:00). Applying 200
MW of Turiff T load shifting removed this pattern and further improved the key
statistics (Figure 6.7). The MAPE was now 0.574%, the standard devinti ... s 133 MW,
The kuriosis is 0,229 which indicates a fai:ly normal distribution of the 168 individual
hourly errors.

A Demand Profile Forecasting Model for Eskom Fage 6.5
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Improved Demand Forecasting Process
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Figure 6.2 The Improved Demand Profile Forecasting Process
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Forecast Annual MDs and LFs _
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Flgurs 8.13 - Annusl MDs for the Thres Forecast:

The forecast figuren ere within 250 MW for four of the six years, with 4 worst case of
487 MW over-gstimate in 1991 foliowed by a 371 MW under-estimate in 1994, which
was mainly due fo the extreme winter weather in that year.

The annual MDs thus derived tron, the XDFM model for the Moderate forecast were
then scaled to provide annual MD figures for the Low and High growth forecasts.
These are shown in Figure 6.13.

8.3.8 Probability Distribution of the XDPM Annusl Paak Demand

The XDFM does not forecast annual MD directly, as this is affected by external
influences such as weather, The annual MDs are therefore estimated by applying
factor to the AWW MD ohtuined from the model. The factor ix derived from an
analysis of the historical relationship between AWW MD and annual MD. This
analysis indicated thai the annua! MD has a mean value of about 4% sbove the AWW
MD, with & standard deviation of about 3% of the AWW MD. The actual distribution
is not normul and obviously the annual MD cannot be lower than the AWW MD. The
use of historical relationships s ulso suspect due to the annual MD changing from a
moming peak o ah evening peak in 1992, Since the sysiem evening pesk is more
temperature sensitive than the morning peak. it is possible that the annual MDs will be
slightly higher than those estimated in this {orecast. The XDFM estimate for the 1996
annual MD wus ane of the inputs to the DD 1996 annual MI forecast, described in a
related report {van Harmelin 1996].
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Forecast Annual MDs and LFs
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Figurs 8.12 - Tracking of ‘ha Annual MD by the XDFM modal

The accuracy of the XDFM model, with respect 1o forecast annual MD. is illustrated
in Figure 6.12. Using actual sales figures for 1990 o 1998, the model was use? to
forecast the annual MDs for those years.
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8.3.4 ADPM Annuel Meximum Demand Forecast

Annupl Maximum Demand (MDY is derived from the AWW profile. The MD 1
It gely a Function of the winter weather impact on the AWW profile. Since the XDFM
t oes not tnclude & weather impact model, the relationship between the AWW and the
mnual MD is based on historical figures since 1979, These indicate an annual MD
that is an average of shout 4% higher than the AWW MDD, with a standard deviation
of about 3% of the AWW MD. The annual Maximum Demands and Load Factors for
the Moderate Growth farecast are tabulated below. The table includes the annuul MDs
and Joad factors produced by the XDFM for the NLS scenario in 1998 for comparative

purposes.

XDIFM Moderate Forecaat Annual Maximum Demands and Losd Fuctors
Yeoar MD (Base) LF (Bexz) | MD t9ENLS) LF MDD
(95NLS) | (Actusl)
MW % MW % MW

1990 22 023 Td.4 22 D37 4.4 21 863
1991 22 BO9 T74.6 22 809 74.5 22 342
1952 _22878 74.3 +2 600 732 24 640
1993 23 409 74.7 23 198 74.7 23169
1994 24 437 4.1 24 438 4.7 24 808
1993 24 547 74.6 pL 113_ 74,6 2511
1998 26 436 74.8 26 611 74,8
1997 37174 74.7 27 469 74.8
1998 28 06D 74.6 28 301 746
1999 22173 74.5 39 387 74.5

| 2000 30 140 74.3 30 260 74,3
2b01 31 197 73,9 31 i34 73.9

| 2802 32 240 73,6 32178 736
2003 33 283 73.4 33 148 73.2
004 34 168 73.% 34 181 74.9

2008 38 395 72,8 8N 736
2019 40 911 1.7 39 984 Ti4
018 46 337 71.4 |

Tebis 8.2 Anhuat Maximum Desmands snd Load Paators for the Modarsts

Porecast

These (igures are plotted below in Figure 8,11, along with the actual annual MD for
1990 through 1995, Note the long term decling expected for annual load factor, and
the 1996 boust previded by completion of the Alusaf Hillside plant.
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8.3.2 8sseonsl Aversye Weok Demand Proflle Foracast

Statistica] anzlysis of the system demand profile reveuled three distinet “seasons’
within the year. These are weeks | to 22 (Prewiniter), weeks 23 to 35 (Winten), and
weeks 35 to 82 (Postwinter). Prewinter and Postwinter have similar shapes but
different magnitudes, while Winter has a distinet shape as well as magnitude. The
XDFM mode! forecasts the Average Winter Week (AWW) profile for each year, from
which the average weekly demand profiles for the other seasons are derived. Figure
6.9 depicts the forecast AWW profiles for the Base Case scenario, for every fifth year
from 1990 to 2015, The major impacts evident are & continuing growth of the evening
pesk relative to the morning peak, as well us an large increase in the daily demand
swing, both responsible for the long term decline in annual load facior.

The average winter week demand profiies were then sorted to produce average winter
wick Load Duration Curves (LDCs). These were then ratiometrically scaled to
pimuuce average weekly LDCs for the other two seasons, as illustrated in Figure 6.10
for the year 2000. These are based on the historical everage rutios between the average
seaaonai week LDCs for several years, resulting in two seis of 162 ratios. These
profiles and LDCx are available in spreadsheet file FOSLNLSCLXLS for the scenurio
described above,

Forecast Average Seasonal Week
LDCs for the Year 2000

30000
£8000
#8000 T~
j 20000 it

18000 o

Hours of Week ordered Highest Demand to Lowest

Figurs 8,10 - Average Week L.DCe for eanoh Besson for 2000
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Chapter 6 - Forecasting with the XDVFM

The sectoral energy saten forecast was done for the Moderate CGrowth forecast, and
class safes figures for this forecast were used for the XDFM madel. These figures.
rggregated into the six classes used by XDFM, are illustrated i Figure 6.8.

8.3.2 Bosnario maotetied for the 1908 Demand Proflis Forsocast

The XDFM was used to forecast one load shifting scenario, called the Base Case. This
scenario assumes that no proportional increase In load shifting by customers will
take place. An analysis of the system demand profile and customer billing figures
indicates thet the expected additional tariff induced load shifting did not oceur during
1993 and 1994, In fact, the impact of load shifting on (he system demand profile
actually decreased. This is a renult of loxt load shifting in the Ferrochrome industry
and suspected reduction in joud shifting in the gold mining sector, together with little
additional response to Tariffs E (Nighisave} and T (Megaflex). The Base Case
scanario assumes some further load shifting during 1996, with 8 gradual increase to
the 1992 level {over a period of five years) and no proportional load shifting increase
theraalter.

The Tariffs E (Nightsave) and T (Megeflex} models are incorporated into the XDFM
mode! as demand profiles thet increase hourly off-peak demands and increase peak
demands by predefined ratios and to predetermined proportions of each class profile.
The ratios are curently chosen such that the total class weekly energy remains
constant and approximately 5.2% of the class energy (for the class proportion) is
shifted from peak and stundard times to off-peak periods. The Tigure of 3,29 was
obtained from a study of available customer demand profiles and literature from
overseas utilities.

FCASTO96L. Average Winter Weeks
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Flgure 6.9 - Forecast Average Winter Week Demand Proflles
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XDFM Model Error 1993
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Tariff T Model Profile Shape
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Chapter - Forecasting with the XDFM

heur (Equation 6.2). The actual AWWK demand is the sum ol the modelled class
demand and the mndel's error. This van be expressed os

[al]
At = 3 K+ e (6.2)

1=

Since the model is simply the sum of the class deinands, the model ervor is acwally
the sum of the class errors,

il
Atry= Y (R (D +£ (1) (6.3)
=

Each cless demand is the product of an estimate {tom the class shapes and a SCF
(ignoring the loss correction fuctor). If the SCF factors ure not applied to calenlate
Ki{1) then the error component e,{t) includes the SCF fuctors for each cluss.

M
A= 3 (KD -6 (0 +£,(1) (6.4)
=l

If one exsumes that the SCF is unknown but consistent for ull hours and the sum of the
cless demands equals the known actus!l AWWk demend, then the 168 models
repreaent & set of simulteneous equations. Any five can be solved to obtain the SCF
factors for the five classes. Several sets of five hours were solved and the resulting
SCF frciors averaged.

These additional estimates for the SCF {Tgures proved more gccurale than those used
in the prolotype model,

8.2 MODELLING TARIFF IMPACTS

To be useful, the forecasting model must be able io incorporate the iinpacts of 1he
exiernal influences. Since these may affect the classes dilferently, these impacts must
be estimated for each class independenily. An improved disaggregation based demand
profile forecasting pre-ess is depicted in Figure 6.2.

The 1993 model was enhanced to incorporate several new features, including Tarifl E
and T impact «stimators, for the IEP Commiltee in 1994, This improved madel can be
shown diagramatically as Figure 6.1, The components within the rectungle were
implemented as a number of spreadshects.
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