1. INTRODUCTION

1.1. Problem staterment

"There are several optimisation techniques and heuristic approaches thiat provide theoretically
optimal, or pear-optimal results for production pianning problems. However, these techniques
are not widely used by plantumg operators and supervisors 11.6),  Among the reasons put
forwitrd to explain the low utili=ation of these methods, fack of credibility is ntost frequently
cited [1.2,3.61, '

In the seaich for more effective decision support techniques, the use of knowledge-biused
systems provides a feasible wternative,  As discussed by O'Keefe of af [7] o humber of
knowledge-based  planning systems are attneking  problems that have  previously heen

investigated in operational research, replacing or augmenting existing quontitative methods.

However, the current generaiion of knowledge-based planning systems has failed to grow
rapidly in the manufacturing community {8, In many cases knowledge-bused plamting systems
are tiot accepted by the end-users or are not used for their intended purpose, Ubsuccesstul
implementations typically result from a failure to neet rhe expected final performance

specifications, Two related factors contribute to this probiem:

o real-world planning problems are penerally ill-structured
s the planning decision process is often perviaded with uncertainty

1.2, Propased approach

This report describes & successfully implemented knowledge-based pianning system.  The
system will henceforth be referred to as the protosype.  The prototype is efiectively a co-
opetative planning decision support system for a steelmaking plant. [t generates detailed
production sequences over a flexibic planning horizon, based on operator input, The prototype

tepresents & tess abstract mode] of production planning than conventional guantitative methods.
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ABSTRACT

Developevs of decision support systems for production planning domains often encounger
ffi-structured problems that are characterised by uneertainty,  This report deseribes a
knowledge-based decisivn moegelling approach which successfully addressed these issues ot
a steelmaking plant, Al planning knowledge was reduced to a set of hard and soft
eonstraints explicitly derived from the telovant domain experts. A prototype system was
designe.! which allowed the operators to vary the relative priorities of the soft constraints
according to the often unstable requirements of the various stakehtolders in the planhing

tlecision proaess,

Soft constraint inferencing was modelled in two ways - a binary heuristic approach and a
fuzzy constraint analysis. The two approaches are evaluated and compared, The binary
heuristic approach enforced a ripid semantic partitioning of the constraint spaces. The
consequent fragmentation of the problem resulted in a prohibitively complex system, which

provided neither consistent nor reliabie decision support.

The fuzzy constraint analysis provided significontly improved results, It allowed an
intuitive representation of soft constraint semantics,  Uncertainty was represented as an
irrinsic part of the decision model,  The rule base was significantly reduced and the
inference tules were closer to the manner in which the domain experts reason about the
problem. The operators were able to effectively impose thelr variable decision criteria on

the model,
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However, there continue to be problems with the quantitative approaches [35]:

o the applied algorithms are generalty too complex or itps wtical for reat-world applications
o the models often do not consider atl the constraints

e only linear relations among constraint parameters are generally considered

a  the models demand exact information about constraints

e itis often not possible to model antagonistic or conflieting information
2.5, Hewristic techniques

Heuristics are eriteria, methods or principles for deciding which among several altemative
courses of aclion promises to be the most effective,  Unlike the analytical techniques mentioned
ahove (which arc theoretically guaranteed to reach a solution) heuristies are not necessarily
guaranteed to identify the most 2ffestive actions to tuke, but do so sufficiently oftet. o be useful,
Heuristics are most useful for solving ill-structured problems where there are an hnmensce
number of possibilities to consider or compare - they act to reduce the number of possibilities
considered and thereby reach & satisfactory solution within a reasonable athount of time,

Various heuristic techniques have been devised for the production planning problem (e.g. [36-
39]). The basic premise of these techniques is to use privvity rules (or a combination of priotity
rules) to rank the operations and then scquence the ranked operations such that the desired
objectives are obtained [4041]. Most priority rules rely on the critical path of the network: the
critical path is generally obtained by the standard PERT/CPM method - studies [46] have shown

that such approaches ate unreliable for complex, large-sized problems,

2.6, Knowledge-bused systems

Recently, some newly developed approaches have been applied to the production planning
problem, such as simulated annealing [42), paraliel tabu search [43], neural networks {44] and
genetic algorithms [45),  In particilar, knowledge-based systems [46-49] that incorporate

domatn-specific knowledge have generally proved effective in real-world planning domains,

i2



should be to wrive at & saisfuctory solution within a reasonable time-rame « note that

sutisfaciory is o linguistic expression, generally Tuzzy und related to the current preference,

2.3.3, The combinatorial complexity of the problem space

The production planning problem has been classified as NP~complete [12-14], That is, the set of
possible solutions [S = {55, ... ] is combinatorially explosi-.¢ as the number of aperations
incteases. Even simple planning problems can be shown to be exponential, It is thus important
to prine inefiectual paths of investigation during the search for a feasible solution,

2.4, The limitations of quantitative planning (echniques

Researchers have devised o wide spectrum of quantitative techiniques for varfous simplifications
of the production planting problem, Several review papers and books have becn written on this
subject (e.g. [15-19]).  Extensive bibliographies are also available in books by Muth and
Thompson {201, Conway ct al {21], Eilen and King [22], Elmagrhaby [23], Baker [24], Lensira
{25], Kan {26}, Coff1 . [27] and French [28].

Quantitative planning techniques include integer programming [29), branch and bound methods
[30-32], dynamic programtaing [33] and PERT/CPM techniques [34]. These techniques have
not beent used o & broad basis in redl-world domains, Vollmann et of [3] indicate that many
planning operators wrd supervisors do not understand the analytical foundations of quantitative
nmiodels, This viewpoint is supported by the results of various empirieal studies (eg.f1.2])

The theoretical and mathematical nalure of quantitative techniques requires very restrictive
assumptions which may not be tenable in practice. In particular, attempts to provide
mathematically optimal solutions to real-world planning problems have largely forced
implementors to highly simplify the decision model and foree fit it to Iinear continuous
functions, Such implementations rely on a considerable amount of human intervention to
ensure the gencration of feasible solutions.  In short, theoretical work on the platning problem

has resulted in important improvenients,

11



The explicit nature of real-warld planning construints is often specitic t the paticular donsain,

Consequently, domain-specific knowledge is required to completely define the set of constraints
and their ¢ffect on the planning decision process, The planner essentinlly vequires atl domin-
specific planning knowledge from the external environiment and applies that knowledge to

formulate feastble solutions,
2.3.2. Conflicting objectives

The sct o obyectives [ = {oy, ... ax}] are considered to he conflicting or Al least competitive in
the sense that each objective is exclusively concemed with obtaining its maximal satisfuction,

Moreover, the relative importanee of planning obyectives tn real-world domuins is often:

o Variable - the external cnvironment s essentially a varfable and unstable environment,
Progress've plans are often required to emphasise altermate constraints as real-world

scenarios change.

¢ Tmprecisely defined - the planning constraints wre usually defined and expressed
linguistically by the domain experts. Such linguistic expressions are often vague or

imprecise, Consequently, the planner geterally cannot define a clear preference policy.

The preference policy of the planner defines the extent to which the various objectives must be
satisfied, When all the soflt constraints are taken imo sccount, there is generally a fuzzy non-
linear relationship between the stafe of a particular constraint - the value of a patticular decision
variable - and the extent to which the associated objectiver/s) must be satisfied.  Moveover, il is
not possible to treat each input to he decision process us an independent decision variable that
can be solved in isolation. There are interactions ar inter-dependencies such that the combined

effects of the decision variahle valwes must be considered.

In effect, the production planning problem incorporates multi peaked probleny spaces.  Ahy

attempt (o cottverge & a uniquely optimal solution js iil-advised.  Rather, the fundamentad goal

10



steelmaking provess. For example, cerain steel grades may anly be Tolowed in sequence by

cerlain other steel grades during continitous casting,
Resource avallability

This is essentially a temporal constraint,  During o partieular period, the availability of a
resouice may be constrained by planned or unplanned maintenance. During the same period the
capacity of the resource is determined the time available for production rung, as well as set-up

tinies and product mix {(different products may imply different processing times),
Preference constraints

A preference constraint may be viewed as an abstraction of other types of constraints, Examples
of this constraint include order sequencing preferences and preferentiad order routing. The
reason for the preference may be due to cost or quality factors. Once again, sufficient

information generally dots not exist to derive actual costs,

2.3, Potential problems In formulating a solution

Advances in planning theory and techniques have generally not produced substantial results in
regl-world domains due to domain-specific features that prevent the application of generie
app ouches,

2.3.1, Domain specificity

Researchers have ttaditionally classified the planning prohlem into two categorics:

o domdin-independent planning, which concentrates on the control mechanisms of planning in
general
o domain-dependent plinning which concentrates on using domainespecifie heuristies to

encoutage efficient search within the particular problem space,



2.2, Production planning constraints

The formulation of a feasible solutios 15 & -1 to the planning problem must clearly incorporate
the set of production planning constraints (o be considered and their elfect on the decision

PIOCESS,

2.2.1. Constraint categories

Analysis of the planning process at a steeimaking site viclded tive broad categories of planning

coistraints:

Organisational gouls

One can view all organisational goal consteaints to be approximations of a profit constraint.

The goal of an organisation is to maxitnise profits, Production planning decisions are thus made
on the basis of current and future costs incurred, For example, the longer the work-insprocess
time is, the greater the carrying cost will be for raw matertals and value-added operations, 1o
practice, most of these costs cannot be sccurately dutermined, and the planner must therefore

make decisions based on expertise or intuitive npproximations.

Physical constraints

These constriints specify eharacteristics which limit functionality. For example, tie maximal
casting thickness on 2 continuous casting machine may limit the orders that can be processed
through it.

Precedentce constraints

This type of constraint defines what conditions must be satisfied before initiating an operation,

A precedence rufe on an operation states that another operation must take place before it (or

after it), Precedence plays a major -ole in the development of production sequences at the



2, THY PRODUCTION PLANNING PROBLEM

2.1, The planning decision process

The produetion planning problem is essentially a multi-criteria decision problem comprising a
finite set [$ = {85 .. &1 of possible solutions and a finite set [ = {en o ¢}] of planning
constraints. A finite set of optimisation goals or objectives {0 = {0}, ... og}] to be satistied is

implicitly derived from the set of planning constraings,

For example, temporal delivery-date constraints iy imply that orders must »  rocessed
through a particular resource before & geriain time, in order to be delivered to the ¢l cit-time,
Morcover, organisational (policy)} constraints may imply that work-in-process (WIP) ttrover
on the shop flous must remain within certain limits, The sermantic intessection of these

constraints implicitly defines the following objectives:

o sequence every order before its Tatest planned starting time (LPST) at the particular tesource
{maximise the on-time delivery of orders)

e  sequence every order us close as possible to its LPST (minimise WIP turnover)

The planning decision process may be viewed us a core YO process surrounded by an exiernal
environment to which the decision maker is accountable, The external environment typleally
consists of multiple domain experts in viarions sectors, The domain experts impose speeific

conditions on the decision process, thus, in effect, defining the set of planning constraints.

The gualite of the decision process is defined as the extent to which the outputs carform to the
set of planaing objectives, Allernatively, the quality of the decision process may be defined as
the extent to which the outpits de nof vielate the pliining constraints iimposed by the extemal

environment,



inferred through a combination of two techniques - an implicit normalisation of the problem
space with respeet to the semanties of the soft constraint spaces, wnd {conventional) binaty

heuristic priovitisation procedures,

Chapter 6 pravides an evaluation of the results obtained with the binaty heuristic inference
scheme - the author postulates that most unstecessful implementations of real-warld
applications result, at least partially, from the inability of’ the applied inference scheme to

manage the uncertainty inherent in soft constraint fnferencing,

Chapter 7 provides a theoretical background to the fuzzy sei methodology applied in
Prototype B.

Chapter 8 describes the knowledge representation method and general architecture of the
fuzzy inference schene (Prototype B). Soft constraints are modelled as fuzzy constraints
and instantiations are prioritised aceording to a fuzzy constraint analysis,

Chapter 9 provides an evaluation of the results obtatned v/ith the fuzzy inference scheme,

Chapter 10 provides a summary of the tosults obtained, Pertinent areas for further
research are outlined,



Fuzzy set theory proved to be & powerlul decision modelling tool hecause it provided:

o o method of modelling vugue, incomplete and conflicting knowledge from the domain
experts

« 1 method of encoding and using human knowledge in o way that is close to the manner in
which the domain experts reasoned about the problem

o umeans o model non-linear constraint refationy intuitively

« the facilities necessary to break through the computational bottienecks encountered with the

binary heuristic inference scheme

This teport inclodes a comparative analysis between the two inference schemes - emphasis is
placed on the problem of uncertainty and the application of a fuzzy set methodology to resolve
itl

1.3. Report structure
This remainder of this report is structured as follows:

s Chapter 2 describes the production planning problem in general terms, The limitations of
conventional quantitative und heurtstic techniques are vutlined, Knowledge-based planning
systerns are postulated as an ¢ffective approach for teal-world planning problems ,

s Chapter 3 provides an overview of knowledge-based planning applicutions, hased on &

literature survey,

o Chapter 4 describes the planning problem at the steelmaking domain, which was used as a
real-world application domain,  The external environment is defined with respect to
(functional) domain sectors, ‘The primery planning constraints are outlined as per the

knowledge elicited from the domain experts in the various sectors,

o Chapter 5 describes the knowledge representation method and general architeeture of the
binary heuristic inference scheme (Prototype A), Soft constraints are represented and
5



Saft comstraing inferencing

Soft constraints were used to prioritise the consequent set of feasible solutions at each state-
space. The motivation behund the representation of soft consteaints in the prototype lay in their

ability to measure the degree « [ sutisfaction or nos-violution of constraints.

1.2.3. Uncertainty in planning knowledge

Planning constraints generally do not have equal importance in real-world domains. It is thus
reasonable to consider the relative priorities of soft constraints when instantiations are evaluated
and compared i.¢, it is important {o incoporate the preferences of the human planner into the
decision model, The preferences of the human planner ate assumed to reflect the varjable

requirements and {constraint) specifications as defined by the external environtnent.

While formalising the decision process, vague or imprecise information about the preferences of
the human plancer may be obtained. Soft constraint inferencing is thus characterised by
uncertainty which prohiblis the attainment of’ a unigue, objectively best solution, Consequently,
the decision model should incorporate some form of approximate reasoning for constraint
evaluation and inference. Since real-wotld planning constraints are often vaguely speeified they

lend themselves perfectly for being modetled as fuzzy constraints,

1.2.4. The application of fuzzy set theory

An evolutionary decision modelling approach was followed in this investigation. A binmy
(Boolean) heutistic inference scheme was initially designed (Prototype A). This mode] proved
unable to resolve the uncertainty inhercnt in soft constraint inferencing, It provided inconsistent
and unreliable decision support, Consequently, it was sot accepted by the planning operators
and supervisors, Following this a fuzzy inference scheme was designed (Prototype B), This
made] produced positive resulls in practice.  Prototype B was fully accepled by the planning

operators and supervisors,



At its lowest fevel the decision process itself may be modefled as an VO activity, The inputs to
The decision provess are varions data attributes deseribing the state of the problem space, The
decision pracess is controlled by the set of planning constraints. The {inferential) mechanism of
the declsion process is essentially bused upon u repeated comparison between instantiations or

partial solutions, which ulfimateiy leads to the generation of & e mplete production plan,

The author does not explicitly differentiate between planning constraints and objectives since:

o an ohjective cannot exist without there existing one or more constraints to substanttate it
¢ an objective Is implicitly defined or speciffed by the semantic properties of the underlying

constraint(s)

Vatious researchers appear to support this hypothesis. For example, Zimmerman o] does not
distinguish between constraints and objectives, arguing that constraint (representations}

gmpirically model the behaviour of decision makets,

1.2,2, Constraint-directed search

By modelling the decision process as in Fig,1.[ the generation of production plans is cast as a
constraint-directed netivity that is influenced by alf relevant constraint knowledge, Given the
conflicting and ofien unstable natare of the domain constraints, the problem differs from typical
constraint satisfaction problems and one cannot rely solely on propagation techniques (e.g
[10.11]) to atrive at a feasible solution, Rather, the decision model should capture the reguisite
constraint knowledge and exploit that knowledge to conirol the combinametrics of the

undetlying problem space.
Hard constraint inferencing
Hard constraints were used to bound the solution space.  That is, a state-space search method

was applicd and hard constraints were used to remove all infeasible alternatives as well as their

successors from each state-space.



At its lowest level the decision process itsell may be miodelled as an FO aetivity, The inputs to
the decision process are various data atbributes deseribing the srate of the problem space. The
decision process is controlled by the set of planning constraints, The (inferential) mechanism of
the decision process is essentially based upon a repeated compatison between instantiations or

partial sofutions, which vitimately leads to the generation of a complete production plan.

The author does not explicitly differentiate between planning constraints and ohjectives since:

o an objective connot exist without there existing one or more constraints to substantiate it
¢ an objective iy implicitly defined or specified by the semantic propetties of the underlying

constraint(s)

Various researchers appear to support this hypothesis. For example, Zimmerman [o] does not
distingnish between constraints and objectives, arguing that constraint (representalions)

empiricaily model the behaviour of decision makers,

1.2.2. Constraint-directed search

By modelling the decision process as in Fig.1.] the generation of production plans is cast as a
constraint-directed activity that is influenced by all relevant constraint knowledge, Given the
conflicting and often unstable nature of the domain constraints, the problem differs from typical
constraint satisfaction problems and one canrot rely solely on propagation fechniques (o

[10,41]) to arrive at a feasible solution, Rather, the deciston model should capture the requisite
constraint knowledge and exploir that knowledge to control the combinarnetrics of the

underlying problem space.
Hard constraint inferencing
Hard constraints were used to bound the solution space. That is, a state-space search method

was applied and hard constraints were used to remove all infeasible alternatives as well as their

successors from each state-space,



It sacrifices the goal of rigorous optimality, concenmrating instead on a eredible and effective

approach to production planiting,

1.2.1, A structured decision model

Production planning was modelled as & core decision process surrounded by a multi-sectored
external environment [Fig.i.11. The external etvirontment consists of various domuain experts
who coltectively define the set of planning constraints and an implicit or implied set of planning
objectives. Al domainspecific planning knowledge is thus derived from the external
enviionmant,  The planner acquives and applies this knowledge to generate production plans or

sequences over particular planning hotizons.

External enviranment/
plansing domaln

Consiis ol alf stabeholders in

core decivion process the decision provesy

Decislon maker! planner

Accuuntabile o all stakeholdars
Planning knowledge fhard & solt constraints)

inpt _ . controh tput
_
Pablem space . 10 process . | Proposed salution
[dewa attributes] {decision model] "1 o non-viclntion of constraints
o comfurmance o abjectives
mechnism

Inferentlal mechunics
 getieration of u solution space
o comparison of inslantiations/partial solwtions

Fig.1.1. Customer oriented production planning



Table 4.3. Lxample of hot-rotling stu alards

Coflin nume Min leagth [m} Max length [m]
Sisuple coflin lype 40 000 55 005
Zone namie Min zane fenpth Max zone lengily Alluwable cails [
Shart zone 2000 000 (W) < coil width 5 1100
3.0 = voil thickness 8 4.0
e saft poils
Use high foleranee coils
Asvent zone 10080 15 000 S0 S coil width 3 1500
2.5 Seoil thickness £ 4.5
Difficult dimensinns zone | 5000 15 () 1300 = el widih € 1300
1.5 < coil dickness € 2.5
Ok
1400 £ coil width £ 1600
20 8 coil thickness 5 L0
Descent zone 2580 40000 700 € eoil width £ 1400
2.5 Svoil thivkness = 10.0
LUse b hard cuily

During the generation of production sequences the trgency of any steelmuking order o; is refuted

to the current actual slab stock level S; of the ordered product type p; ¢

a;  -fYIE B sS £ 6)
where

B

"

the maximum slab stock level for p; (determined by cost and storage constraints)

I

the minimum slab stock Jevel for p; (slab buffer)

The struetaral integrity of the slab stock requires thut 5 2 8 and §; £ 6 for every product type
in the slab yard. As S, — 6, the urgency of o, decreases.  Conversely, us 8; — S the urgency
of o; increases. The organisational goat of minimised stock levels implies that §; - . The
steelmaking planners were observed to treat & and f§ us fitzzy boundaries « at times they violate

the hard consteaint barriers & and B; which resulis i

o gaps in the slab population which makes it difficult to construct future rolling programs
becavse of the lock of steel of the required product type in the slab yard

o long turnover thines at the slab yand for stock of particular product types



The BPST is constraited by material availability af the steelinaking plant. The LPST is
constrained by the required delivery date of slabs to the hot-strip mills (FISM and HEM2),

It is unwise to process a task too long before the LPST since this will inerense the curcying costs
of slab stoek and reduce the availability of resources for other more fmminent tasks, In the
prototype, the delivery-date constraint is represented in terms of the deviation (in days) hetween

the current real time £, and the LPS™T of the reluted steelmaking order:
At =LPST - &,
This constraint implies that

te 2 EPST n t S (LPST+4) with At->0

where ;= the processing time for the particular steelmaking order
ty= the planned start time
t.= the plunned eud time

The slab stock structural fntegrity constraint (45)

Most steel companies have a variety of hot rolling programmes - also called coffin plans or
coffin shapes. A coffin plun defines how & rolling program must be constructed. Typically a _
coffin plan Is charucterised by starting dimensions, problematic dimensions and total length,
The coffin shape is generally divided into zones, Each coffin zone is defined by slub selection
ctiterin and o minimum-maximum range of the total zone length.  An example is shown in
Table 4.3,  The available slab stock must correspond to the slb sclection criteria of futuee

rolling programs.

At the steclmaking domain the product nix is categorised recording to slab width and steel
grade, Slabs whose propertics differ with respect fo the above critetta are classified as different
product typer. The maximum and minimbm stock levels for a patticular product type p; are
determined by the line supervisars at the hot-strip mills,
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Table 4.2, ‘Top level breakdows of the external environnsent for the steelraking demain

FUNCTIONAL DOMAIN SEC s RILEVANT (CONSTRAINT) ISSULS

¢ snkes employees s delivery-date problems ¢ onder prioritisation

¢ clienls

o line supervivers (steedmaking plant) o seuence prey whenve and preference issues

s production enginecrs (steelmaking plant) o pesource aveilanility restrieliuns

s line operataps steelmaking plant) .

s copincersfspecialists it guabity comtrol and e product/production quality

] manulcturing/iechnoiogy operations

¢ litte supervisors (hot-strip mills) o delivery-dute prablems

»  praduction engineers {hotstip mills & struetural intogrity of worksin-process (shib stock)

o _lime operators thotestrip ills)

o schior inansgement e prganisational pouls (maximisation of overall
throughpat/profit.  reliability of the delivery
serviee, ele,)

4,3, The sef of planning constraints

The primary planning constraints for the steelmaking domsin have been categorised as
organisationnl goals, precedence mies, physical constraints, resource availahility and preference
constraints, Although the conshraints have been expliestly categorised, there is an implicit

overlap or fnter-dlependence between consteaints in different categories.

4.3.1, Organicational goals

This type of constraint is generally related to production costs and to the total quality of the
delivery service to the cfienfs (steel consumers).  Conscquently, these constraints are defined by

litie supervisors, scnlor management ond the clients,

The deliverv-date constraint (Af)

The delivery-date constraint is & soft temporal constraint. A task may be pracessed at any Crme
between its earliest planned starting time (EPST) and its latest planned starting time (LPST) at
the steelmuking plant.  The EPST and the LPST for a pawticular task are determined by a
higher-order, works-wide capucity planning system, generally referred to as the Works Loading

Svstem,



Table 4.1, Data attributes for euch steelmnking order in the tusk spuwe

ATTRIBINE EXAMNE VALUE
Heat [1ask] number (.‘-n?'rMU
Custonter erder pumher TEC 0 ER
Delivery date to the hot-strip mills 1997K 1723
Grade Met!

Slab width us)  [rm]
Slah length 9450 fmm]
Stab thicknoess 240 )
Ordered nyss [henﬁ] T30 ftoms|
Rolling process P1 [North Mills]
Steclmaking process roule S4AM

Planning generally does not oceur in 8 uniform or stractured manner, Each planning decision to
be tnade entails side effects whose importance varies by order, A proposzd sequence must be
approved by persons in various departinents,  Each person can provide information ab wit
specific constraints which may result in sequencing alterations, The author found that e
Iumin planners spend ~20% - 30% of their time actually planning and ~70% - 80% of their
fime communicating with other employees - and with clients - to determine what overall

constraints should influence a particular plan.

The planning decision process is thus an ffevative and interactive process and it is important 10
structurise it such that the (uften unstable) requirements of the external enviropment - reflected
hy the preferences of the human olanner - are effectively captured in the dectslon model, This
was achieved by following the approach illustrated in Fig. 1.1,

The planning rules are explicitly derived from the various domain experts in the external
environment [Table 4.2], The human planners were observed to violate or relax these g priovi
and to implicitly make trade-offs in ~25% of their deeisions, Their reasoning was adequately
modelled by using & combination of hard constraing inferences (expressed as statements that
are either entirely TRUE or entirely FALSE) and soff constroints inferences  (expressed as

statements that have a relative degree of truth within a finite continuan of allowable valoes).
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Figd.2, The steelmuking process

The acceptability of a purticular production sequence depends on such diverse and conflicting
factors as delivery-date requirements, production cost resteictions, product quality restrictions
and resource availability, The peneration of plans at this level is man-hour intensive, and not
amengble to rapid replanning in the case of unforeseen events, The human platners gencrally
work under pertnanent crisis conditicns « they act as a buffer between the generally unrealistic
requests of the sales stalf and the often exacting demunds of the production staff, who desire

long production runs with minimal distutbance,
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4. THE STFELMARING DOMASN » A REAL=-WORLD CASE STUDY

The steetmaking domain was used as a reab-world application domain for the proposed decision
wiodetling approach. Production planning activities at an infegrated steel works cocur in stages
[Fig.4.11, The different stages van generally be identified in terms of titne seaie and the degree
of detni] considered. As one moves down the planning hierarchy the degree of detuil inereases
and the human planners are forced, due to time and complexity constraints, to make decisions

hased on experience and inuition rather than true cost or logistival considerations,
4,1. The steelmaking process

Steelmaking is essentially a batch type process [Fig.4.2], Hot pig iron is delivered from the blast
fumace to the LD-converters, The steel is then poured into ladles, processed further in
secondary metallurgy aggregates, and finally delivered to the casters, The casters produce
continuously cast strands of sieel that are cut into slabs of specific length, Although the steel is
produced in different aggregates in a fixed flow, the casters are the boltleneck resource of the
steelmaking plant,  Consequently, production planning is centred around the sequencing of
tusks at the casters,

4.2, 'The planning decision process

A 24-hour production sequence for each caster must be established on a daily basis, Sequencing
starts with a8 pool of several hundred steelmaking owders or fasks (75 = {1 T . %l
charaeterised by the aftributes listed in Table 4.1, The steelmaking orders are prepared by the
hot-strip mills, From this data the steelmaking planners have to construct casting sequences,

taking into account all planning constraints,

The mental schemat or reasoning process followed by the planners is based upon traditional or
intuitive planning rules and henristics which they use o select feasible combinatfons of tasks for
each planning horfzon,  Although experienced planners wre fully aware of the planning
constraints, they have neither the time nor the capability to reason coherently about thousands
of instantiations in order to optimise the sequencing of operations.
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the authors concluded that the sofutions could be improved i constraing relaxation technicgties

were employed,

A production planning system (o-viston) was developed at the NKK Keihin works to plan the
steel making process [75]. The system is based on SCHEPLAN. Tt was installed to micet stringent
customer tequirements and to achieve a highly efficient opertion using a single blast funace,
The system enhanced the competitiveness of the works by increasing thronghput, reducing stock
levels and expanding information on the progress of orders.

Nakayama ef af [76] developed a KBS for planning decision suppoit at a steelmaking plant. The
KBS is based on n heuristic algorithm and discrete cvent simulation, W, Slany ef af [35.77]
employed fuzzy logic to resolve various planhing problems at the steelmaking process,
including the real-time scheduling of resources.  Bernatzki [78] describes a KBS used to
optimise production operations at the control stands of the Krup Stahl Huekingen stee) works.
The optimisation procedure is based on n fuzzy Petri net,

3.3, Current research topics in knowledge-based planning

The current research trends in knowledge based planning are exemplified by the Advanced
Resenrch Projects Agency (ARPA) research and development effort aimed at developlng the
next generation of knowiedge-based plaining tools {79]. Research topics include primarily:
reasoning wiider wncertaingy, constraint-based planning, decision theory, plan justification,
execution monitoring & replanning support, and temporal reusoning, The ARPA research has
yielded both theoretical and practical advances in knowledge-based planning technology.
Stillman and Bonissone [80] provide a review of knowledge-based plantting applications
derived from the research.
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replanning system interfaced with an MRP system fo regenerate production sequences, It

stabilises any impact of abnormal events by constraint relaxation,

Ben-Atieh [64] developed a Prolog based expett planning system using SLAM 17 to simutlate &
manufacturiiig environment, with Pascal sub-routines to calculate the cost of competing
solutions. In one of his papers [65] he presents two methods for knowledge-based control, one
at cell level and the other at workstution fevel, Emphasis is given to the ability of the control
techntiques to deal with unpredicted conditions in a dynamic environment, Bruno ef af {66]
developed an OPSS based KBS, partinlly controlled by a simulation sub-system for sequencing
patts in an FMS. The KBS generates a sequence and the simulation system cvalyales it
Newman [67] summartises applications of KBS for production sequencing in CiM
environments,

OPIS, developed by Smith (48] uses a constraint hased framework to deal with reactive
planning. The framework inctementally reconciles inevitable discrepancies that arise between
the predictive plan and actual behaviour of the production environment, ESS, developed by Jain
et al [69] nses real-time plant information to yield production sequences that do not violute
resouree availability constraints, The general plant knowledge is organised into several specilic
knowledge bases, Kerr and Ebsary [70} describe a KBS for production sequencing, The goal of
the KBS is to provide consistent sequences. 'cxander [71] developed a conceptual framewark
for a KBS that allows the operator to select between a number of priority rules, depending on
the planning objective, Biegel and Wink [72] describe a KBS for production sequencing, based
on priority rules and heuristics. A LISP based system, OPAL [13) used a control strategy based
on a fuzzy set methodology to generate production sequences in & job shop environment,

3.2.1. Knowledge-based planning applications at integrated steel works

VAL-SchedEx [14] was installed at the LD3 steelmaking plant of VOEST-ALPINE Stahl. It used
priority rules and heutdstics to generate »roduction sequences for the stecimaking plant. The
KBS initially produced sub-optimal solutions; moreover, the processing time was too long (~50
minutes), After successive develepment iterations the solutions were improved and the

processing time was redueed to -5 minutes,  Although the systemn produced feasible solutions,
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in common with BS applications, Towever, the typical ES applications are generally used for
classification and interpretation, Moreover, they work in a convergent faslion. On the other
hund, knowledge-based planning s a syathetic task where inherently more search is involved

since there are alternatives (feasible instantiations ov partiul solutions) to constder and compre,

Knowledge-bused planning techniques generally seck to control the extent of the search, The
knowledge-based plenning system is charged with generating o definitive sequence of
operations, which s one possible solution to the specified problem,

3.2, Xnowledge-based planning applications

Several KBS applications have been developed for planning operations, The review papers by
Kusiak & Chen [53] and Gupta & Chin [54] provide excellent summaries of knowledge-based
planning applications. The review by Kusiak and Chen is particularly relevant because it
provides specific information regarding the type of application, programming languages used,

type of knowledge reptesentation, control strategy and structure.

One of the carly KBS planning applications was ISIS by Fox und Smith [55], They view
production sequencing as a constraint directed search and develop a search architectute capable
of exploiting the constraints to improve the efficiency of the search, ISA, a KBS develaped at
DEC [56] generated a loading strategy 1o deal with difficult orders, Robbins {57] developed a
LISP based prototype expert priority planner {[PEPS] for solving problems at shop floor control
level, Tou [58] presented a KBS stracture for integrated production automation, Shaw and
Winston [59] used constraint directed sesrch to plan in a thvee-machine cell, with Petti-nets to

model the interaction between events.

Mascot, a Prolog based production sequencing system [60] used a consteaint bused analysis o
generate precedence refationships for conflicting resources,  Steffen and Greene [61] used
hierarchical planning and constraint directed heuristic search to develop a protolype planning
systers for a set of paralle] processors,  Subramanayam and Askin [62] developed a Prolog
bised expert planning system for parf selection in an FMS. The expert rules were acquired from
jcb shop simulation and domain experts, SCORE, developed by Chiodini {631 is a rul-time
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3. KNOWLEDGE-BASED PLANNING

3.1, Definition of knowledge-based systems

For the purpose of this investigation a knowledge-hased system (KBS) denotes a software
application that can store knowledge about a particular domain and use that knowledge to solve

domain-specitic problems in an intelligent manner.  'The typical structure of u KBS is shown in
Fig. 3.1,

n—

INFERENCE ENGINE Porforns lagice) inferences i deduees

Rew knewledge by upplving siles o faols

nistid the dlojined proble is solved

KNOWLEDGE BASE {LOBAL DATARANE
Katenwlede I8 stoved us Enfernal dara soirce & dutd storage
Jacte ant reler

Fig.3.1. The basic structure of a knowledge-hased system
3.1.1. Knowledge-based systems and expert systems

According to Duda and Shortliffe [51] KBS are also called expert systems (ES) If they refer to
problem solving in those areas and at that level of performance that is usvally achicved by
human experts. A generic KBS with the abor~ ™ wes, but with an empty knowledge base, is
called an expert svstem shell [32] Expert spste. s nre suitshie for building domain-specific
KBS by supplementing the particular knowl:dge buse with knowledge and infersnce heuristies

that are specific to the domain,
3.1.2, Knowledge-based planning systems
Knowledge-based planning systems are simply KBS applications that have been deveioped [or

planning operations, Knowledge-hased planning systems share iany techniques and problems
14



According o Fogarty and Hofuyan [4] almost all humag planners apply a set of planning rujes
bused upon their knowledge and expertise, The rule-driven nature of the decision process
suggests that knowledge based systems are approptiate tools for production planning decision
support, Since knowledge based systems emulate - or attempt to emulate ~  the reasoning
process of the human planners, they represent less enigmatic planning tools when compared to
quantitative techniques, Consequently, the application of knowledge-based systems pet- inlly

alleviates the acceptance problems associated with such technigues,

The explicit representation of the planning problem through domain-specific knowledge
improves the efficiency of the decision process by pruning useless paths of investigation,
ordering the search, eliminating redundancy, reducing ambiguities and exploiting knowledge
from complementary and contradictory sources [8]. According to Price of af {50] knowledge-
based systems provide a methodological approach to solve complex planning tasks that

inevitably require expertise.

To date, several commercial knowledge-based tools hove been developed that provide facilities
to represent progressively more realistic models of real-world domains and their specific
constraints, Examples of suck facilities include object-oriented representations, structured
natural language and interactive graphics, Besides improving interaction with the user and with
existing information systems, these facilities have improved the range of production planning
problems that can realistically be tackled,
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The inplications of the wbove stwement are deseribed in'Fable 8.1, The tonl renge of decision

variable vatlues encompassed in the task space regions restricts the solutics < 4 as follows:

o The hard barticr A = 0 ( TS{1exeyez) «» [0 <4 £ 2] ) imylics that the prototype will not
consider a task whose [LPST hus expired.

o The hard barvier 4 = 20 ( TS(lexeyez) — {10 <4< 201) implies that the prototype will
not consider a task more than 20 days prior to the LPST; i LPST « EPST > 20 days and ho
fensible tasks are found, the prototype will selectively shift the EPST of tasks Torward 1o
equal LPST - 20 duys,

o The hard buriers dw = -50 ( TS(weldoyez) -+ [:50 < Aw £ =351 ) and Aw = [(0
{T8(we[5eyoz} ~> [R5 < An £ 100] ) imply that the prototype will not consider a task
whose slab width is more than S0mm wider, or more than 100mm narrower, than he
previous task in sequence.

o The hard barrier Ag = 040 ( TS(woxedQoz) 3 [(.39 < Ag < 8.40] ) tmplies that the
prototype will not consider « task whose chemical analysis deviates by more than 0.44% from
the chemical analysis of the previous task in sequence. Note that the maximum allowable
deviation for cach individual chemical element is respeeted. The maximum allowable
duviation for certain critical elements are multiplied by a factar f (1 <F < 1.5). This factor
is selectively minimised tf no feasible tasks are found,

e the hard barricr A5 = 1,0 ( TStwexoysl() — [0.9 < AS £ L8] ) implies that the prototype
will not select w task 7 if the uctual slab stock level S, exceeds the magimum allowsble

stock level 8,

§.4. The decision model

During the first phase of development the author found that the hwman planners intvitively
citegorised the overall planning problem into distinet sub-problems, each of which
corresponded roughly to a hewdstic framework that could be applied repetitively to artive at 2
solution, The sub-problems relate to the establishinent of various tvpes of partial sequences

which are progressively cohcatenated into a complete production sequence.
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Fig5.1, Task space normalisation sehematic

the relevant constraint spaces, The tasks are implicitly priovitised according to tieir location in
the normalised problem space,  The normalisation of the problem space reffects the preferesnce
policy of the hinan plashers, The total task space TS was sub-divided into 24 000 regions ic,
TS = TSclelolel) vJ TS(lolele2) U ... TS(4elied(le9) 1) TS(4elS5ed0e [0}

TS(lelelel) represents the highest priority region while TS(4e15040010) represents the lowest
priotity region. Tasks were ranked aceording to their membership in a particular task space
reglon, Thus, & task % would be assigned the highest priority if the following condition were

TRUL

-dfm}ﬁ: [0, . 2] M A'It'mj e {t .., 5] ;| A‘l,’m'j e [0, - {).{J]] -y Myie [0, ... 01]

35




£.3.1, Hard planning constraints

These constraints are primarily related to the specfal steel grades it tequire extraordinary
measwres O avoid contamitiation.  These measures reler to the minimum and maximum
allowabie number of tasks between tundish changes and casting interuplions, as well as the

relative and absolute sequencing of orders.

Hard quality precedence construints {see 4.3.2) are represented by sequencesconstraint
specification (SCS) objects [Appendix 3], The operator tmay easily ereate, modify or de fete
SCS vbjects os dictated by the externnyl environment, The SCY objects are nained according o

the special grades to which they refer.  Each SCS ohject ineludes the following dativ:

o The start grade i.e. the steel grade that must be cast immediately after o tundish change,

e The iinimunt and maximum number of 1asks - with the required start grade ~ that may be
cast on & single tundish

o The follow-on grades i.c, the stee! grades that may be cast after the start grade on the same
tundish

e ‘The minimum and maximut number of tasks - Including all grades « that may be cnst
hefore a tundish change is required

5.3.2. Soft constraints and aperator preference

Conceptually, the preferences of the human planner - or any domain expert from the external
environment - relates to o bias for decision variable valwey over specific regions (semantic
partitions) of the undeclying soft constraint spaces.  The soft constraints eonsidered for the
steelmaking domain include the temporal delivery-date constraint (Af, the dimensiona-
precedence preference constraint {(4n), the quality-precedence preference vonstraint (Ag) and

the slab stock structurad integrity constraitt (As),

In order to model the sermantics of soft constraints the problem space was effectively normalised

[Fig.5.1] by sub-dividing it into task space regions that correspond to the semantic paations of
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Each task % must be provessed within tie tempotat delivery-date consteaint spavce i,

toir 2 EPST ™ th = b & LPST W) = L = hes)
where EPST = the earliest planned atart time for 4

LPST = the kutest planned start time [or %

= the processing time for 7

Lin = the planned start time for 5

‘o = the planned end time for 1

In goveral, resource availability constraints may induce new precedence constraims at the

cnsters due (o

¢  the presence of common (pre-casting) resourees for particular operations

o sequencing [precedence) constraints on particular pre-casting operations

A casting sequence is feasible if no pre-custing resouree availability constraints are violated and
the total processing time for afl tasks does not exceed the available processing time at the

cisters,

5.3, Knowledge representation

The decision tmodel may be seen to consist of a core heutistic inference schemme surounded by a
kaowledge shtell . The planning knowledge is stored in files and represented graphically on
various screens i a methodicu! and transparent manner. Any graphical clement {objecty on the
knowledge shell may he modified or updated by the operator at any time, The knowledge shell
represents a structurerd way of encapsulating the planning knowledge acquied from the external

environmeant,
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As the generation of sequences progresses the matrix is dynamically updated. allowing the

operator 1o visualise the resufting changes o the state of the problem space.

§.2.2, The meta-plan generation interface

After visualising the task space the planner establishes a meta-plan for cach caster. The meta-
plan is a basie indication of what the complete sequence should look like - it represents what
fypes of partial sequences must be planned and how tiany such partlal sequences must exist
between casting interruptions, A partial sequence tepresents a sequence of tasky between
tundish changes,

Each partini sequence is represented by a graphical partial-sequence-type (PST) object
{Appendix 3]. Casting interruptions ure represented by separate graphical objects, 'The operator
cstablishes a meta-plan by selecting and dragging PST objects with a mouse and then

connecting them 10 other PST objects - or to casting interruptions - in o fixed casting direction,

Ounce the meta-plans have been established the prototype generates detailed production
sequences that conform to the meta-plans, Vhe prototype provides the plabner with a
preliminaty resowrve availability status as the meta-plans me established,  If resource
availahility constraints are violated the operator is informed via # screen, Detailed resource

availability checks are carried out during the actual generation of sequences,

The prototype reasons about resource availability as foll ws, A definitive sequence of 1 tasks
must be generated for eacht continuous series of PST objects,  Each task 7 must be processed
through a set £ of operations at the steelmaking plaat (£ consists of both casting and pre-
casting operations), The set £ is defined by the steeanaking process route attribute of the task
7 [Tuble 4.1]. Every operation @ (e & £2) tequires a processing time 4, Moreover, £ is a
partially ordered set in the sense that @, < @, (@, & £y sitee @ must be processed hefore @, due

to peneral precedence constraitits at the steelmaking plant,



5. A BINARY HEURISTIC INFERENCE SCHEME (PROTOTYPE A)
5.1, Software platform

The prottype was coded on G2 - a " “owledge-based expert systen shell developed by GRNSYM
[82] and distributed in South Africa by KvoOWLEDGE BASED ENGINEERING [K3].

5.2, The planning procedore

During execution of the prototype o problem space is initinlly geperated, The problem space
includes alf steelmaking orders currently available for planning, Typically the problem space
consists of ~2000 - 2500 tasks,

Once the problem space has been penerated, the operator interacts with the prototype via a
graphical user intefuce to establish complete 24 hour production sequences fur each caster.
The operator may be any one of three steelmaking plannerr. The supervising planner assists in

the plunning process where severe problems are encountered,
5.2.1. The visualisation interface

This interface consists of the fusk matriv sereen. "This screen provides the operator with un
effective visualisation of the task space [Appendix 2], The mateix provides the following

information:

o the slab width distribution of tosks - ongy xab widihs for which there are tasks in the taxk
spitce are represeniad

o the steel prade di.  bution of task. - only stee) grades for which there are lasks in the task
spuce are represente.

o the exact tumber of 1asis per slab width and steel grade

o the relative importance of tasky - per width and grade - with respeet to the temporal delivery

date constraint
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Onalitv-precedence preference (Ag)

Although tasks may legally be cast i sequence as Jong as (he chemical analysis deviations
hetween subsequent heats e within the Timits shown in Figah3, the techiiology engineers and
line supervisors prefer that the apalysis deviations be minimised, There are costs associnted
with the required sequencing operations ketween subsequent tasks with different steel grades -
the greater the deviation between chemicad analysis, the longer the Jength of slub that must be
cut off and seres ved, The deviation in chemical analysis {s defined as:

E
Agy = 25 - &

where &und & = the percentage composition of a particular chemica! clement in tasks 7 and
% respectively
E = the set of relevant chemical elentents defined by the product techitology

engiticers {Fig.4.3]

This constraint implies thut Ag > 0and & - & 5 ewn Where gy, is the maximum allowable

deviation for each chemical element ¢ (e € E),
Dimensional-precedence proference (Aw)

Tasks may legally be cast n sequence as long as the deviation in slab widih between subsequent
heats does not exeeed the allowable range i.e. 100mm narrower and 50 mm wider. However,
the line supervisors prefor that the slab width deviations between subseguent hents be
minimised in order to minimise the tapering effect on the slab during continuous casting,
partieularly with the higher casting speeds [Tuble 4.4). The deviation in slab width between

subsequent tasks 7 and 7 is defined as

Awy = wy « wy

where w; = the slab widths for 7

it

w; = the slab widths for 1
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resource is prepared for the next sequence of 7 tasks, This constraint implies that the
sequenieing of operations at the casters must he compatible with the degassing procedures at the

RHOB unit, thus, in effect, intposing new precedence constraints at the casters,

Tundish wtilisation

The tundish, a part of the casting unit, has to be maintained after approximately 240 minutes.
The tundish mainteiance takes roughly 100 minutes. Thercfore, a second tundish is used on
cach caster while the First is maintained.  In order to ensure the availability of wundishes ot all
times, the following constraints have been imposed by the production engineers and line

supervisors:

e an aveeage of at least 6 tasks between wndish changes s required over any 24-hour period

o a minimum of 3 tasks must be processed hefore a tundis change may oceur, with the
exception of certain steel grades where less than 3 tasks per tundish are permitted due to
quality precedence rules

» no more than 3 consecutive tandishey with &, 3 tasks each is permitied

4,3.5, Preference constraints

These consteaints may be viewed as abstractions or extensions of other constraints, The reason
for a particular preference muay be duc to cost or quality factors, Sufficient information
generally does not exist to derive actual costs, By their very nature, these constraints are vague
and imprecise. They may be modelied implicidy within the semantic representations of other
constraints i.e. they relate to a preference for decision variuble values within particular semantic
partitions of the associated (soft) constraint spaces.  Two hmportant preference constraints exist
at the steelmaking domain:  quality-precedence preference ond  dimenslonal-precedence

preference,
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4.34, Resource availability

These ate exsentially temporal constraints and refer primsuily to the availability of the casters
{casting units) and the pre-casting resources fe. the LD-Converters and the secondary

metallurgy uggregates,
The capacity of the casters

The castets are e bottleneck resoutee of the steelmakin plant, The maximum casting speed
{measured 1 m/min} depends on the steel grade and sla - dimensions [Table 44], Cleacly, the
product mix affects the capacity of the casters since different products iply different
processing times. Moreover, the average sequence length has a direct impaet on the capacity of
e casters, sinee each casting interruption requires o complete set-up of the particalar caster,
The set-up times vary between ~80 minutes to ~240 minutes depending on the required set-up
procedures,

Table 4.4, Casting speed vs slab width at the casters

Slab width [mm] Casting spocd [mimin]
D50 . 100D i1
1025 - 1200 10
1235 - 1400 09
1435 - 1600 08
1625 - 1750 07
1775 - 2000 06

Degussing procedures

Degassing operations restrict the availability of the RHOB Degasser [Fig4.2]. All heats with
vlira-low carbon (ULC) and low-carbon (1.C) steel grades must be treated af this resource, At
the present time a maximum of -7 tasks may be treated consecutively at the resotree,

Following this, a mandatory sei~up time of 4 - 5 hours iy required, during which time the
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Fig.4.3, Quality precedence constraint specificatic s

casting units and are imposed by the production engineers, At the present time, the maximum
width adjustments permitted on the casters are 100 mm parrower or 50 mm wider between

consecutive heats, Width deviations outside these limils require a complete caster set-up,
4,3.3, Physical constraints
These constraints result from the limitations of the casting units and are imposed by the

production engineers,  For example, the Vi-caster may only produce slabs of thickness

~210mm and the V2-caster may onily produce slabs of thickness ~240mm.,



‘Tasks may be consecutively cast in sequence as fong as they do oot violate the product quality
constrainls imposed by the technology engineers and line supervisors. The general precedence
rudes in this category are shown schematically in Figd3, The special steel grades defined in

Flg.4.3 require extreordinary measures to avoid contamination:

a  certain steel grades may only be cast immediately after a complete caster set-up e, aller a
casting interruption

o certain steel grades nay only be cast immediately before a complete caster set-up i, before
a casting intetruption

o certain steel grades must be cast singuladly between casting interruptions i.e, casting must he
interrupted before and alter these prades are cast and no other grades may be cast in the
SAMe sequence

» certain steel grades may only be cast immediately after a tundish change

o certain steel grades may only be cast immediately after a tundish change anel only a limited
number of tasks may be cast using the same tundish; however, certain other steel grades
may be subsequently cast using the same tundish

o certaln steel grades must be cost singularly in a tandish {.e. the tundish must be changed
before and after these prades are cast and no other grades may be cast using the same

tundish

For example, consider the MC1 steel grades [MC1°!, MC1%, ... MC1*'). These prades most be
cast immediately after a tundish change. Moreover, they must be cast immediately after a
casting interruption iL.e. & complete caster set-up. A minimum of 3 and a maximum of § MC|
tasks may be processed with a single tundish, Any of the Following - but onfy the following -
steel grades must follow the MCI sieel grade on the sume tundish - AC2, AC3, MC2, MC3.

These grades may follow the MC1 grades in any order. A minimum of 6 and a maximum of 8
tasks - inclding all the above grades - may be processod before u tundish change is required,

Dimensional precedence viley
Tasks may be consecutively east in sequence as long as they do not violate the allowable

subisequent deviation in slaby dimensions, These constraints result from the limitations of the
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The sequence length (1)

The sequence length is defined as the number of tasks planned between casting interruptions, To
optimise production the casters should ideally process steel without itterruption, This implies
that the average sequence fength should be maximised. However, sequencing operations have
ssociated costs and precedence rules, The most expensive opetation iy to stop the caster and

then set it up from scrateh - this is necessm y In order to:
« produce certuin problemtic steel grades t.e. adhere to certain precedence rules that impose
casting interruptions

¢ perform elther planned or unplanned maintenance onh the caster

A survey undestaken at various steel companies [81] concluded that the factors restricting the

ont-time delivery ot orders included primarily the average sequence length at the casters.,

4.3.2, Precedence constraints

This type of constraint relutes to compatibility criteria between subsequent tasks in a seguence,

Two categories of precedence rules exist for the steelminking process

o precedence rules that refate to product quality constraints

s precedence rules that relate to dimensional constraints

Qualiry precedence rules

Steel manufacturing is a make-to-order process, Within the sieelmaking milieu, every task is of
a specific steel grade, The steel grade refers to the chemical composition of the steel, which in

turn s related to the specific application for which the steel was ordercd by the clicat. Client

specifications, such as size, strength and toughness, generally d*ffer by ocder,
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represents a coghitive distance between the mental schenaia of the domain uxperts amd the
representation of their knowledge in the deeision model. The author feend that the human
planners and domain experts view the jmminence of an order as o confirteonsdy changing
vitrfable, The trae semantics of this constraint thus infer some kind of gradua! rransition from
absolute non-membership o patial membership (2171 < 1 at 7' = EPST] to absoluwe
membership [ = 1 at T'=1LPST).

The t&pical linguistic quantifiers - used by the kuman planners and domain expeas to express
the imminence of an order - point to an exponential increase in g 7] as 7 -» LPST [Fig.0.2).
The extent to which an order is imminent - us a function of time - is only precisely quantified ot
the extreme right boundary of the constraint space (7] = | when 7' = LPST).  Thus, the

temporal due-date consteaint surface 4{77 is essentinlly o fiezzy non-linear fanction.

6.2, Rule-base evolution

Fig.6.3 illusteates the increase in the size of the role-base throughout the evaluation period, The
moxt interesting aspect of Fig.6 3 i the scalloped effect. 'The shape of the curve indicates thut
the precess of accumulating knowledge and extending the knowledge base evolved through a
sequence of stuges. The beginning of each stage generally incorporated the acquisition of core
knowledge about a particular aspect of the planning decision process, and the 1est of the stage
involved extending the core - acquiting additional related knowledge in the form of new or

moditied rules - so that the heuristic algorithm could be applied to new sitations as they arose,
Three criteria explained the behavioural deficiencies in the prototype:

o the domain expetts neglected to express ritles to cover all the special cases that arose

& the rules did not produce cortect conclusions because they made etraticous assumptions

o some of the rules or wivice from the domain experts was overlouked or incorrectly

implemented
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Consider the temporal delivery-date constraiat. Given a particular time 7 the homan plaomers
tenson about the fmminence of an order based o their own judgentent oF un particulise denuids
from the wxaenal environment. Tn classical set theory - which forius the foundation of binary
heuristic infi «yee schemwes - an atbitrary point i time & must be defined to discriminate
between imminent and non-imminent orders, Sinee the boundaries between what is in the set
and what is outside the set are sharp, these types of  construets are called crisp sets. A

characteristic function for such o set appears as!

7] = {TIME 2 #)

‘The diseriminent or charseteristic function for this set reflects its Boolean natore. Transgressing
the constraint space along the TIME axis [Fig.6.2] the membership (teuth) of the imminence
decision variable remains FALSE {0] until 7°= ¢ at which point it immediately becomes TRUE
{17 - the line connecting membership and non-membership in the mepbershin transition graph

is ditnensionless,

The normalisation of the ~roblem space is based on a multiple partitioning of the soft constraint
spaces. In effect, this represents a muhtiple-valtied fogic approach [Fig.6.2].  However, the task

space regions rem-in essentially crisp sets, Such . igid pattitioning of the constraint spaces

IMMINENCE
4 e =3 By (Boolean) reasoring

I

aormalisation of the prefilem
space

approximte reasoning
{frizzy carve)

HiT!

0| R .
HPST 1, TEST % e

pbexeyen Th(3exeyea) = e 3 TS0
R -3 LR UV P

v
LPET - Bbddays
*LBST - 2aluys

b LPST -4 days

Fig.6.2, Tie semantics of tie temnoral delivery-date constraint
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Since the bitury hevristic inferenice seherwe entforees o logic that is based on a finire set of truds
values, each task space region must, by heeessity, be associated with erispdy dofined constraing
subespraces (pattitions), The an'guity problem thos retnins fargely wnsolved,  Consider two

tasks % and 7 whaese input deeision varjable vatues differ within the range
Are [0 un 2] N dwe {00, 8] » Ave [0, 0011 0 Ale [ 0]

Althotigh the objective (cost) function assigns individual cost values to 7 and 7 these values
may not be realistic determinants sinee % ¢ IS(lelelol) wid % & TStlelelel) - the

relative priovities of constraints buve nof heen adeguately defined.
Relative ratios

The tuneable weighting paranieters {pn pa ga 4] it Protowype A (see 5.4.2) are essentially
relative ratios.  'They were introduced into the cost function in an attempt to resolve the above
problem. However, this approseh failed because the relative priovities ol constraints were
requived to be explicitly and abyolutely defined o priori. Moreover, this approach relied on an
assighment of ratings owside the deeisicn model] itself, Consequentiy, it did not address the

fntrinsie relationship between constrainty,
6.1.2. Vaguenesy

Vagueness Is associated with an impreeise human perception of the overall problem, More
specifically, it relates to the inability of the domain experts to provide precise (soft) constraint
information. Zadeh [K8] comments on vagueness as follows - * et g point iy reached where
the cardinality of sub-classes exceeds the Snformation-handling capacity of the luman brain,

the boundaries of sub-clusses are forced 1o become imprecise.

The human planners often have to contend with imprecise and unstie solt constiatnt
semantics aud with a solution space that is combinatorially explosive,  Consequently, they

perceive the problem from an intuitive or subjective petspective,



wis attributed (o0 sebjective factors itvolved in soft constraint inferencing. The inherent
wncertainty in mony of the (softy inferenve miles expressed by the domain experts presented
nxjor diffieulty in the formulation of the decision provess. Two main types of uncertainty were
encotntered, These are similar to the uncertainty categories defined by Kiir and Folger [87] i

anhiguity and vagueness.

6.1.1, Ambiguity

Ambiguity resuits from situations where the choice betweent two ur tnote instantiations is not
clearly defined, Bach instuntiation in the set A; has a degree of desirubility or utility depending
on the relative importance (preference) nssigned to the different constraints by the hunian
plantiers and domain experts. The decision on which instantiation o select is a fuzzy one,
because each decision relfates to an action whose consequence cannot be exactly quantitied. Itis
clear that no instantiation can completely sitisty all the constraints, However, the different

feasible instantiations parsiedly satisfy the constraints to vavious degrees.

Several approaches have so Tar been proposed in the literature to model und remove ambiguity
[33]. For cxample, Yager argues that ranking or weighting of objectives can be achieved by
linear ordering of objectives, intervals, relutive ratios or absolute ratiugs.,  These are
progressively more difficult to obtain from the domain experts. Foreing the domain experts to

provide such information may yield incorrect answers if they simply cannot provide it ¢ priori,
Purtled ordering of objectives

The implicit priortisation of tasks through the normalisation of the problem space (see 5.3.2)
represents o partial owrdering of objectives, The set of soft constraints [AnL Aw, Ag, 43] wus
ranked through a depth-first penetration of the task space regions [Fig.8.1). Thus, the scarch

was propagated - and the set of feasible instantiations was populated - in the following order:

TS(lelelel) - TS{lelolel) — .. TH(delSeddeld
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Fig.6.1. Degree of humarn intervention (Prototype A)

The set of 7 feasible instantintions (A, = (A, A .. . A}l at any nade 7 in the search was

bounded us Follows:

A= Ag Y Ap n Ag
where Ag = the set of feasible instantiations with respeet to hard guality precedence
constraints
Ap= the set of feasible instantiations with respect ta the frard barriers of the soft
constraint spaces [Af, Awy Ag, AS)
Ap = the set of few “hie instantiations with respect to hard resource availability

constrainty

The consistent reduction in human intervention throughout the first half of the evaluation series
resulted primarily from muodifications or expansion to the set of binary benristic mules that
perform the above operation. However, since 2> 1 almost without exception, the sequencing
problem is essentially anderconstrained,  To differentinte between the 2 feasible instantiations

the #oft consteaints must be additionaily considered.

During the evaluation a point was reached where the domain experts could no longer provide

consistent and relfable information regarding the relative priorities of consteaints,  This problem
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During a tentative implementation period of B weeks the steehnaking plannets geterated 60
production sequences osing Prototype A, After every third plan was generated, the model
hehaviour was analysed and the knowledge base was adjusted or extended to resolve undesired

behaviour, The results over the full implememation period are preseitied here,

6.1, Depree of human Intervention

The degree of hunttan intervention is defined here s the ratio of tasks replaced or added by the
operator to the total number of tasks sequenced by the prototype, in order Lo finalise a
production sequence. It js o relative measure of the consistency and refighility of decision

support provided by the prototype.

The degree of human intervention reduced consist2ntly us the knowledge base was expanded up
to a point where the addition of binary heuristic rules did not scem to have a significant eltect

the model behaviour i.e. there was a perceived stabilisation in system functionality [[Fg.6.1 ],
Fhix does not mean that the added rules were not necessary - they were necessary to handle new

casex and maintain planning integrity,

All prototype-generated  sequences were fewristically TRUE in that they were legal
representations of the knhowledge acquired from the external environment.  However, humun
intervention was required in order to reflect real-world scenarios for which the existing rule-

base had hot made provision, In effect, the decision model underspecified the problem,

The binary hewristic inference scheme employed a combination of erisp AND, OR, NOT logicul
expressions i.e, the inference scheme was based on the premise that any planning decision can
be derived from events that are cither TRUE or FALSE, with no intermediate state, Such logicnl
expressions were effectively used to bound the solution space through hard constraing

inferences,
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cotditions, constraints must be sefeetteely relaved in order to alfow the generation of ¢ Feasible

solution, Constraint relaxation may oveur in a pumber of ways:

o the operator may modify the grophical meta-plan by selecting alternate pardal sequence
types or by inci. wing the Ky attribute value of the existing purtial sequence type(y)

s the operator tray inerease the value of the deelsion threshold coefficient v,

o the bard barriers of soft constraitits - the sllowable range  of decision variable values - may

be selectively widened



Ay = the deviation between the aetal stock level of the associited product type g and
the minimum stoek level for py at the sial yard (as a ratio)
Pup2Pupy = tuinegble parameters in the range {0, 1] representing weights for each decision

viariable

An additional pruning parameter was applied - in the form of & decision threshold cocfficient
(%) - to truncate all paths for which e > ¥ Guan [86] deseribes a similar approach, In this
investigation v, was defined as a uneable parameter linked to a graphical slider on the opetator
interface. 'This allowed the operator to dynamically ot a band-width on the stlation space,

cartesponding to a shift towards higher or lower constiainig values ot the decision process,
Constructive backtracking

A bucktracking feature - applied in the generation of both partial and complete sequences -
handles situations where the cost of the provisional optimum instantiation Ay is higher than the
pre-cstablished threshold v, I7 this happens, it effectively means that the trial task associated
with the provisional optimum instantiation cannot be chosen as the jift task in the sequence i,
the path is effectively blocked. This implies that the provisional optimum instasitiation A,; of the

previous node - the instantiation with the lowest cost at node { - is not feasible,

T this case, the search returns o the previous tode (node ) and the instantiation 4, with the
next lowest cost in the set {Ayup w Ay} of 2 feasible instntiations s chosen as (he
provisional optimum A; ot node «,  However, if this instantiation has a cost ¢; > ¥, ~ or
subsequently leads to e > v, - then it too must be discarded, This procedure is repeated until
4 (o longer provisional) optimum instantiation is found - for every node in the search - which
doex not exceed the threshold ..

If no such instantiation exists ind < { it effectively means that the state of the constraint st

1C = {en 2 . ¢} prohibits the witainment of a solution w the problem i.¢. the set of feasible

solutions [S = {5 . &} is cmpty sifice oniy a partial sofution is possible,  Under such
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A set of heuristic monitoring rules subjects | to the following bard constraints

o Koo) & i S Ky
whiere! Ky, = the minitum allowable number of tasks in partial sequenee ¥
K2 = the maximum allowable - amber of tasks in partia} sequence ¥
Botl Ky 20K Kiparsy are conditions imposed by the external environment and depend

upon the ivpe of partinl sequence (see 4.3.2}

o D Xtutr2t.St

5 A =) et

where: £y, = the processing time for task Ty
In
¢

]

the set-up time for casting interruption p

the total available processing time wt the caster

The search procedure for generating both partial antd complele sequences was based upon the
best-first scarch method {84,85]. Best-first search generates ull feasible combinations of decision
voriable values at cach node § in the search. Each feasible combination of values - each
instantiotion Ag between two successive tasks % and % in sequence - along with the cost of

adding the task % to the sequence is then placed in a list for subsequent comparison.

The instantiation that leads to the Jowest cost - the provisional optimum A « is selected from the
list and the associated task % is added to the sequence. This procedure is repeated until f is
equal to the total Jength of the sequence, The cost of a purticular instantintion was defined as

the weighted sum of the decision variable values:

G = Prid b padwy 4+ Palgp + peds
where; ¢z = the cost of an instantiation Ay
an

Awye = the slab width deviation between % and % (in mn)

the deviation between the current teal time and the LPST of task % (it days)

U

Agj = the deviation in chemical analysis between 7 and 7, (as a percentape)
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T general the number of potential (partial or complete) sequences is:

i
n=pent o+ m’

where; 22 = the nutnbher of alternatives at each state

I' = the sequence length

Although the solution space is combinatorially explosive with respect to the sequenee length,
the number of potential (partial and complete) sequences evaluated was significanily reduced by
applying the set of constraints [C = {eh ¢y o ¢}]. o effeet, hard constraint inferences
remove all infeasible alternatives as well as their sugcessors from euch state-space.  Heuristic
priotitisation procedures (soft constraint inferences) rule out nunwrous alternatives by

identifying promising paths,

54.2. The search method

The imtial problem space consists of an wordered set of 7 tasks representing a sieel making
production fnad for a specified time period 7. The prototype s expected to generate a definitive
sequence of 1 (7 << n) tasks over & period ¢ (¢ < 7) for cach caster, The goal is to generate a

sequence of tasks that confarms to the meta-plan established by the human planner,

The solution consists of repeatedly searching the problem space until a satisfactory complete

sequence is found.  The fotal sequence length / is defined as:

where # = the number of wninterrupted casting sequences in the meta-plan
m = the number of heuristicully defined partial sequences in a partienlar uninterrapted
casting sequence

N = the tumber of tasks in partial sequence v of casting sequunce x
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The combinatorial nature of the state-spaces is u funciion of the number of input decision

variables, the range of allowable decision variahlz values and the nuinber of tasks in sequence.
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Table 5,1, The implications of % ¢ TS(lelelel)

Tniput decision | Semantic partition | Unit of measuee | Implication

Vuriable (range of values)

A 3 days The LPST oF 1, is less than 2 days into he futore; this
implies e 1 has maximum priveity with respect tu lie
detivery dute consteaint,

Aw [ 5 mm 7 is favourable with cespect to the dinensional-precedenve
prefercnee consiminl, sinee the stab width of 7 does wot
dieviate, or devistes negligibly (< Smn from the sfab widih
of 1he prevists tisk ib sequence,

A [, 101 percentige t, is Favotrable with respeet 1o the quality-precedence
prelerence consteatit, sinee the chemival analysis of 7 does
not deviate, ot deviales negligibly (< 0,019} lron: the
chenyicul anadysis of e paevicus task In sequenve,

A8 {0, 0.1 ralio The artual stab stoek fevel S, For product type p, is

appeoaching the minimum stock Jevel 3, set by the exterial
environment i€ (S, B3/ 8 < 0.1, ‘Uhis implies that £
hias msximum priorily with respect 1o the stoek strueturl
integrity constraint,

The decision mods] was correspondingly decomposed into two primary reasoning components,

A database of hevristically defined partal sequences wus initially created, tfrom which a central

heuristic algorithn drew to establish complete production sequences. The generatioti of both

partial sequences and complete sequences was based on the principle of state-space search,

5.4.1, State-space represcniation

Fig.5.2 shows a portion of the state-space for a typical sequencing problem.

Both the

formulation of heuristically defined partial sequences and the establishment of complele

sequetices followed the procedure shown in Fig.5.2.
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The composite moments or centroid defuzzification method is the most widely used technique

sinee i has several destrable properties [s):

o the defuzzified values tend to move smoothly around the putput fuzzy region te. chabges in
the {uzzy set topology from one model] frame to the next usually results in smoath changes
in the expected value

ot is relatively easy to caleulate and does net consume prohibitive amounts of processing

time,
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Fig.7.2, Min-Max method of implication with an output fuzzy region
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region to the minimun ol the predicate truth, The output Tuzzy region is updated by taking the

mavinumt of these minimised fuzzy sets. These steps are vutlined in equadions 7.0 and 7.2,

Herday] €=~ min (ldpyy Mendo]) [7.4]

Equation 7.1 indicates that the consequent fuzzy set (%) is modified before it is used.  This
madification sets each truth function element to the minimum of either the truth funcaon or the

truth of the proposition antecedent,

Balx) e max (thalsil sl [2.2]

Equation 7.2 indicates that the solution fuzzy set (3% is updated by taking ~ for each tmih
function valve - the maximum of either the fruth value of the §fv or the fuzzy set that was
cotrelated it equation 7.1, These steps result in reducing the effective height of the solution
fuzzy set to equal the maximum truth of the predicate and then, using the modified fuzzy region,
applying it to the output fuzzy region by using the of (union) operator, When all the
propositions have been correlated, the output fuzzy region reflects the contribution from each
proposition [Fig.7.2].

7.3.3, Method of defuzzification

To find the corresponding scalar value for the utility # of a particular instantiation the value that
best represents the information contained in the output fuzzy region HLITY [Fig.7.2] must be
found, This process s called defieczification - it yields the expected value of the solution

variable for the particular exccution of the fuzzy decision model.

The defuzzification methods are a compromise between the need to find a single point result
ad the losy of inforntation such a process entails. Such information loss is a natural

consequence of a reduction in the representational dimensionality of the output fuzzy region,



degree of truth (membership), All those that bave some trath contribute to the final stite of the

output fizzy region,

The [unctional relatiouship between the degree of tuth i related fuzzy regions is called the
method of implication, The functional relationship between fuzzy regions and the expected
(output) value of a sct point is called the method of deficzzification - these methods togethec
constitute the hackbone of approximate reasoning,

7.3.1. Fuzzy propesitions

The fuzzy decision model contains a series of condisional fuzzy propositions of the form
IFwis Z THEN x is ¥

where w and x are scalar values - such as Af or 4y - and Z und ¥ are linguistic variabley « such
us HIGH or URGENT. The proposition following the IF term is the antecedent or predicate, The
propositivn following the THEN statement {5 the consequent, The statement x & ¥ is conditional
on the truti: of the predicate - it may be interpreted a5 follows

X s o member of ¥ to the extent that w is « menther of 2

That is, the consequent is correlated with the truth of the predicate.  The fundamental

proposition can be extended with fuzzy connectors

WoiwisZ)e(yisWio .. o {nisS) THEN x is ¥

where the connector e represents (some form of) the AND or OR vperator.

7.3.2. Method of implication

The current {iterature deseribes various implicaticn mechanisms, the most common appearing to

be the Min-May implication method, This method involves restricting the consequent fuzzy
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1.2.2, Decision variubles

A decision variable is described i terms of its total constraint space (generadty referred to in the
fiterature us the nnéverse of discourse), This space is composed of multiple, overlapping fuzzy
sets, each fuzzy set describing o semantic paitition of the underlying constraint space.  The

constraint space constitutes the allowable range of deeision varjable values,

Tn process engineeting models, which are currently the most common applications of fuzzy
logic, the conventional space representutions are genctally cither trape,oidal or triongular, The
trapezoid usually maps membetship functions at the domain extremes while the trinngles slive
up the fuzzy space into & serfes of smaller - but well defined - fuzzy regions. The fundamental
idea is to capture the linguistic nature of each sub-region - the compatibility of the fuzzy region
increases from left to right across the domain until it resches unity; after this it begins to [al] off

to zero.

To convert & series of individual fuzzy sets into a cantinuous surface, each fuzzy set must, to a
cerlaln degree, overlap the neighbouring set(s). There is no precise algorithm for determining
the minirum or maxitnum degtee of overlap, The interference pattern depends on the semantic
natwre of the constraint and the intrinsic degree of Impreeision assuciated with the two

neighbouring semantic partitions,

7.3, Fuzzy inferencing

Unlike the binary beuristic inference scheme (Prototype A) where stalements are executed
serjally, the principal reasoning protocol i1 a fuzzy inference schiemes is a parallel provessing
patadigt. It Prototype A peuning algorithms and heuristics were applied to reduce the number
of rules exarmined. In a fuzzy inference schetne wil the mles are fired.  However, some have no

degree of truth in their premise and thus go not contribute to the outcome,

The rool mechanistn in a fuzzy model s the proposition (nference ntle), These aie statements
of relationship between the decision variables and one or more output fuzzy regions, When the

fuzzy decision model s tiggetad, a series of conditional fuzzy propositions is evnluaged [or
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The degree of membership is alsa known as the membership fimetion or tath function since it
establishes & one-to-one cortespondence between an element of the constraint space v and its
fruth vatue indicating its degree of membership in the set. The surface of the fuzzy set F iy

mapped through a et generating functien of the fom
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¥ig.7.1. The decision variable IMMINENCE und the fuzzy set LOW

A fuzzy set etcodes the imprecision or fuzziness associated with the semantic consteaint
description through its control surfuce. The shape of the curve represents the semantics of the

actual constraint, as defined by the domain experts and surmised by the homan planners.



The degree of membership is also known as the memborship function or truth fimction sinee it
establishes 2 one-to-one correspondence between an element of the constraind space v and its
trath vatue indicatiny its degree of membership in the set, The sutfuce of the Tuzzy set Fis

mapped thronsth o pah generating finetion of the form
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Fig.7.1. The decision variable IMMINENCE and the fuzzy set LOW

A fuzzy set encodes the imprecision or fuzziness associated with the semantic constrain
description through its control surface. The shape of the curve represents the semantics of the

actual constraint, ax definea by the domain experts and surmised by the human plannets,
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7. A FUZZY SET METHODOLOGY FOR SOFT CONSTRAINT INFERENCTNG

7.1, Approximate reasoning

A great deat of work has been done on the theory and application of models which simulate
human approvimate reasoning.  Seme of the most significant progress has resulted from the
application of fuzzy set theaty, Fuzzy set theory deals with a set of events thit do ot have

crisply defined membership as in ordinary (conventional) set theary,

7.2. Represeniing soft planning constraints as fuzzy constraints

The linguistic expressions or quantifiers used by the domain experts to define the semantics of
soft planning constraints may effectively be modelled ax finguistic variubles, At its root, a
linguistic variable is the name of a fizzy ety directly representing a specific region in the

underlying constraint space, Fuzzy models manipulate litguistic variables.

Linguistic varfables v ete found to encapsulate the properties of approximate or imprecise
constraint semantics in o systematic and compututionatly useful manner, They reduce the
apparent complexity of real-warld planning knowledge by matching semantic lehels to the

unclerlying constraint spaces,

7.2.1, Fuzzy sets

A fuzzy set consints of three components [Fig.7.1]

o g horizontal axis of monotonically increasing real numbets that constitute the population of
the flizzy set

¢ avertical axis between 0 and [ indicating the degree of membership in the fuzzy set

o the surface of the fuzzy set itself that connccts an element {a deciston variable value in the

constraint space) with a degree of membership in the set
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Uneeriainty tn planning knowledge

A knowledge base is a repository of human knowledge,  Since most human knowledge {s
imprecise in nature it generally follows that the knowledpe base component of & knowledge-
bused system is a cotlection of tules and facts which are often neither totally cortain nor totaily
consistent, In couventional knowledge hased systems apcerainty is dealt with through a
combination of predicate and probability-based methods {96], However, there are setbacks to

their use in real~world planning domains:

e consistent application of these methods is not computationatly feasible

e generally, the necessary inter-dependencies and probability disie utions are not known

Moteover, these methods generally cannot resolve the itherent uncertainty of the informion in

the knowledge base, As a result, they are mostly ad-hoc in nature,
The remainder of this report describes an alternative approach to the management of ancertainty

in soft constraint inferencing. The approach is based on the use of fuzzy set theory, which

forms a theoretical basis for the representation of approximate reasoning.
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6.5, Interpretation of resulis

In the current literasure one often {Tnds counter claims regading the (previausly published)
suceess of knowledge based planning applieations, For example, Kuthawala ef ¢f (89] clainy that
the results of the I87§ [55] application have been mixed - the system works in that reasonable
plans are generated, but they are often less satisfactory than was originally hoped. Typically,
unsuccessiul implementations result from a failure to meet the anticipated final performunce
requirements, In some cases, the sysiem is not accepted by the end-users or is not used for s
intended purpose. Fox er af [55] postulate that avtomated planning - or planning decision
support - s often .educed to periodic runs whose outputs provide guidance for future loadings.

Saft constraint inferencing

As with Prototype A unsuccessful implementations often result - at least partially - from the
inability of the decision moda] ro effectively resolve the mneertainty inherent in soft constraint
inferencing,  Soft constraint inferencing appeared to depend upon imprecise and unstable
criterin, The related part of the decision process was thus considered as not definitively
repeatable.  Consequently, evaluating the tuth or falsity of an 7F clause according to the
Aristotelian binery logic and executing the T7HEN clause in & correspondingly orisp manner
proved to be an ineffective approach for soft constraint jnferencing. Consider the following

binary heutistic inference ruje:

IF 04y <l N 10 2 dwy<15 N 08 4g; 001 n 02 245 03
THEN 17 & TS(leSe]e3)

This rule implicitly prioritises a task 7 by virtue of its membership in the relevant task space
regior  This accurs prior to the assignment of a cost ¢ to the instantiation Ay, The above rule is
based upon a rigld semantic partitioning of the soft constraint spaces (41, 4w, 4g, AS], Coding
k..owledge in this manner results in a cognitive distance between the decision model and the
domain experts ws it forces the domain experts to dichotomise thelr thought patterns at
essentially artificlal boundaries, In order to effectively model ambiguity and vagueness, an
infinite-valued logic apptoach is required.

52



6.4. Conformance to selected planning ebjectives

Theee quantlijable indicators from the set of planiing objectives wete used 1o measure the

impact of the prototype on the quality of the planning decision process:

o quality-precedence cost fuctor Le. the average planned ratio of slab not regarded as prime
material {o[11- approximate improvement ratio ~0.17]

o sequence fuctor {¢. the average number of tasks between casting interruptions [o[) -
approximate improvement ratio ~0.09]

o the deliverydate achizvement ratio te. the ratio of tasks plunned on-time to the total

number of tasks in sequence [0[3] - approximate improvement ratio ~0.12]

[relatlve improvement ratla]
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Fig.6.5. Conformance to planning objectives

Moderate giins on ail three indicators wete realised {Fig.6.5], In effect, the prototype served (o
guide the human planners in a specific direction, although a large part of the decision process
was left entirely to the planners,  Thus, although moderate improvements in the decision

process were realised, the system was not accepied by the planning operators and supervisors,
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The rules were divided into two calegories: those of a relatively general tature and those that
were specific to the steelmaking domain. The cvolution of the rule base showed a general trend
towards increasingly domain-speeific rules, since it generally followed recurring attempts to

deal with unforeseen or unexpeeted domain-speeilic irregulurities and special cases,

6.3, Sequence generation time

The average thne required by the planners to generate production sequences reduced
significantly, as shown in Fig.64. Prototype A proved to be inefficient with respect o both
memory and CPU requirements, primarily as a result of the extensive data search and
manipulation cycles employed with the two-phase reasoning approach (see 5.4), The average

sequence generation time stabilised at approximately 30 o 40 minates,

{Hours]
7 ——— e M emae - - _ . e e = . - e e . .
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{evaiuations scties]

Fig.6.4. Average sequence generation fime {Prototype A)

Note that Prototype A initiafly required more time to generate solutions than the manual
sequence generation process itsell,  As the knowledge base was expanded, pruning algorithms
and heuristics were included so that the number of rules fired was reduced, thus, in elfect,
improving the efficiency of the search procedure, However, the exponential increase i the size

of the knowledge base meant that it became increasingly complex and difficult to maintain,
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Repeated attempts were made to resolve the behavionral deficiencies:

o new knowledge was progressively added to the knowledge base in eforts o handle
additional special cases

o the domain experts modified the original knowledge to correct errors in it
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Iig.6.3. Rule-base evolution (Prototype A)

Another interesting aspect of the rule-base avelution was the w#ility of the knowledge for vach
required improvement in system funictionality, That is, the extent to which the rule-base had to
be extended to incorporate the wew functionality, given the occurrence of new conditions

requiring new ot modified tules,

The trend was clearly towards an inereasingly larger amount of rules required to effect minor
improvetnents in system functicnality, As an attempt was made to reduce the level of human
intervention - to Improve the consistency and reliability of the decision support furction - an
cxponentiatly increasing set of binary heoristic rules was required to dea’ vith an expanding

wneertain deciston Lone,
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The two discrepancies in Table 9.1 resulted from contradictory knewledge e, the reasoning
applied by the human planner dusing the evalvation did not eaincide with the way in which the
rules hiad been explicitly defined in the prototype.  The roles in question were isolated and
modified, The prototype respanded by re-tssigning the highest s to the instantiation selected
by the humin planver, In both cases the model was rectified within a matter of minutes,  The
high level of plannerprototype coherence achicved with Prototype B iwtder controfled test

conditions significantly increased operator confidence in the system.

9.1.1, Response to operator preforence

Prototype B allows the operator to place a relative bias on specific planning ubjectivey, via
tuncable bins parameters on the operator interface (see 8,3.2),  Fig.D.1 shows the results of a
sensitivity onalysis on the application of bias (o decision vaviables in the prototype. The

pratotype responds by attempting to reflect the bias in the generated solutions,

The extent to which the prototype ince porates the bias depends upon the characteristic nature
of the problem space 1.2, no planning constraints are violated, although particular constraints

may be relatively compromised or relaxed to reflect the bins antered by the operator,

9.1.2, Sensitivity anuiysis with respect to fuzzy set morphology

Determining the shaper of fuzzy sets is an important part of the modelling provess since the
fuzzy set morphology determines the correspondence between the decision model and the
semantic deseriptions ¢ f the soft constraints - as specified by the domain experts. I the fuzzy
sels are not propetly shaped, then th: degree of membership may either be to high or too low.

It is reasonable to assume that the semantics of real-world soft constraints ate never precisely

specified since their spacification arjses from human thought and cognitive processes.
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9, EVALUATION (PROTOTYPE B)
9,1, Evaluations prior to implementation

A series of pre-implementation tests were cartied out on the fuzzy decision model to determine
how accurately the model emulates the approximate reasoning of the human planters and to
calibrate the model where discrepancies veeurred, In ench test a seed task 7 and a random
setics of instantintions were generated. The objective of the test was to determine which
instantiation Ay represented the bust follow-on task 7 for the designated seed task 7. Fiest, the
human plamner selected a Tollow-on task, after carefil inspection of the available series of
instuntiations, The fuzzy decision model was then executed, allocating an utility value u; o

ench instantiation. The resuits are shown ib Table.9. 1,

Planmer-prototype coherence was defined as en exactly matched selection of 7 between the
prototype and the planner {.e. where the prototype allocated the highest «; to the instantiation
seleeted by the human planner, The same tests were carried out on Prototype A, Clearly, the
binary heuristic inference scheme presents a departure from the mental schemata followed by
the human planners, In contrast, the fuzzy inference scheme emulazed the reasoning pracess of

the human planners with unexpectedly high accuracy and consistency.

Table 9.1, Planner-prototype coherence in the prioritisation of instantiations

Plantier-prototype coherence ratio | Prototype A Prototype B

Eveduertion: dduta fur teste £ v 30 in Appendix &)
0.47 0.98

Diserenancies (Prototype B Hum.in Planner Prototype B

1, Test 3 treferio Appendix ) Aty 1 At {
Ay S Ay [18,4]
dg, .00} oo grasederd Ag, {105
AS, 037 | As, 100

2, Tuost 1] trefor ta Appendiv 81 Ay i A |
Awy { Ay i
Az, 0.0 4z, Lty

_ AS, 0.10 b AS, 0235
The generation of saraples way dused on o AMonte-Cerler simi latet of eveifable duta. The siomple vice for the seed asky (5 1
L0 with I8 feasilile instntiotiony L per sevd ik
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8.3.2, Responding to the preferences of the operator

The operator may emphasise @ particular preference by tning the bins parameters on the
planning parameter interface. One biay parameter exists for every soft constraint,  Each bias
patameter has an integer value in the range [1, 2], The bius paraweter is manipulated by the
operator via o simplistic graphical slider, The fuzzy decision mode) accommuodates changes in

bias dynamically and incorporates these into the selection of tasks for sequencing.

Each bius parameter is associated with a blas vocfficiont 8, for every fuzzy set fon the related
consteaint space. ‘The bias coclficient & provides o mwdified preference measure for the
assoclated semantic partition of (he constraint space, When the model is initialised each bias
coefficient has a default value of 11.0] and its future value is determined by proportional sealing
of the bias paranieter on the opetator interfuce, During execution of the fuzzy decision maodei
each singleton is adjusted by the truth of the proposition predicate and scaled by the bias

eoficient for each proposition that speeifies o particular point in the outpug space:

k
Si &= (180 pu S

where & = the set of relevant semantie pattitiona over the soft constraint spaces Aw, Af, As, Ag.

8.4. The search method

Prolotype B applies essentially the same search metl.od as Prototyp» A (see 54,2}, However,
only onc state-space is considered Lo, partial and complete sequences are coneurrently
generated.  Moreover, the cost ¢ of each instantiation Ay is based upon a fuzzy constraint
analysis. The cost ¢;; 15 effectively the scalar output utility value a;; detetmined by executing the
fuzzy decision mode! for the particwlar instantiation Ay, The most optimal Jastantiation s the
one associated with the minimum fuzzy mismatch between 1 and % i.e, the instantiation with

the highiest 1,
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‘The degrae of utitity U is derived from the interseetion of all the fuzzy objectives oy
U=o0vm0 .o
or

Ho = vt {fy fay o iyl
where My = the degree of membuorship in the consegeent fuzzy region
H# = the depree of membership in the relevant semuntic region (fuzzy set) of the
retated fuzzy constratnt spaces
v = the total number of setantie regions defined linguistically by the domain experts

Thus, the consequent fuzzy region is restricted fo the minimum of the predicate truth, The

output fuzzy 1egion is updated hy taking the maximum of the minimised singletons:
Sy = mex (g oo Bugol 1t the interval [0, 1)

where § = the ontput singleton value
n = the fotal number of propositions

This is the well-known mint-may implication method. When all the propositions have been
correlated the output space containe a fuzzy region that reflects the contribution {rom cach

proposition,

The output fuzzy region is then dofuzzified to return a erisp numerical utitity vatue u; for 4,

The centroid method of deluzzification Is appiled in this investigation:
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8.3. The decision model

Prototype B is essentially o fuzzy multi-criteria decision model [91}. Each instantiation 4;, has
the samne ¢ soft dectston variables {g = [d4 dwy A5, AgD). For every instantintion, the decision
variable values of the node task 7 are compared with those of another task designated ax a trin]
task ; which is randomly selected from the set of = feasible instantiations at that node. The
allowable range of cach soft decision variabie - defined by the hand bartiers of the related soft

constraint - serves as the universe of discourse aver which the fuzzy sets are specified.

A patticular crisp (input) value of a decision variable ~ such ax Awy, « is fuzzitied by means of
the respective membership function, producing a fuzzy number (possibility measure) i, in the

Interval [0,1). In turn, the procedure is repeated for ali ¢ variables.

8.3.1. Inference mechanism

The stivcture of the fuzzy inference seheme is deseribed as toilows [91]:

Lui A= (A4l 7 = 1, ... z} be a finite set of feasible alternative instantintions to be compared at

any search node /

Let O = {oqd a = 1, ... .k} be a finite set of implicit planning objectives - derived from a finite
sub-set of soft constraints [C= {¢pl & = 1, .. ,¢}] ~ according to which the desirability or urifiry
of a decision is judged.

The goul is to determtine the degree of utiiity 1; for each alternative Aj; with respect 1o the set of
planning objectives, The attainment of a fuzzy objective o, by alternative 4; is expressed by the
depgree of men bership g [1] in the related fuzey set £ Oy is the decision variable value

ussocivted with trial task % of instantiation ).
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The representtation of operater preferences

The human planners may communicate their preference policy to the prototype via a planning
parameter interface, By modifying parameter values on the interface, the planners effectively
calibrate the decision process secording to their sctual preference,

8.2.2. The fuzzy planning propositions

Since the fuzzy propositions or tules support the inferential mechanics of the fuzzy decision

model, their clarity and comprehension is very importint, The fuzzy propositions of the form

IFxis YAND v Is U AND ... AND w is Z THEN S,

are represerted in a tabular format [Appendix 5}, The table may be updated on-line by the
operator, The fuzzy propositions are defined by the human planper and approved by the

external envitonment,

8.2,3, The output fuzzy region

The output fuzzy region is represented as a singleton geometry space consisting if 10 sparse
singletons [Appendix 6]. In effect, every proposition is given a relative weighting [rom | to 10,
This approach pre-empts an intuitively clear comparison between propositions on the part of the
planners and the external environment, For example, the human planner can easily relate the

two fuzzy propositiois

iF Ag is SMALL AND At is EXTREME AND Aw s WIDE AND As is Low THEN UTILITY is Sy
IF Ag is SMALL AND At is HIGH AND Aw is WIDE AND As is LOW THEN UTILITY is Sg

by assigning the relative values of Sy and $, to them,
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The reprexentation of operator preforetices

The human planners may communicate theiy preference policy to the prototype via a planning
paraimeter Interface, By modifying parisneter values on the interfuce, the planners effectively
cafibrate the decision process aecording to their netual preference,

8.2.2, The fuzzy planning propositions

Since the fuzzy propositions or rules support the inferential mechanics of the fuzzy decision

model, their clarity and comprehension is very important. The fuzzy propositions of the form
IF x Iy Y AND v is U AND ... AND w ix Z THEN §,
are repeesented in a tabular format [Appendix 5], The table may be updated on-line by the

operator, The fuzzy propositions are defined by the human planner and approved by the

externnl environment,

8.2.5. The output fuzzy region

The cutput fuzzy region is represented as # singleton geometry space cons'sting if 10 spurse
singletons [Appendix 6]. In effect, every proposition is given a relative weighting from 1 to 10,
This approach pre-cnipts an intuitively clear comparison between propositions on the part of the
planness and the external cavironment, For example, the human planner can easily relnte the

two furzy propositions

IF Ag is SMALL AND At is EXTREME AND Aw is WIDE AND As is LOW THEN UTILITY is Sy
IF Ag is SMALL AND At is BIGH AND 2w iy WIDE AND As is Low THEN UTILITY is S¢

by assigning the relative values of Sy and S5 to them,
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8. A FUZZY INFERENCE SCHEME (PROTOTYPE B)

8.1, The planning procedure

The planning procedure on Prototype B follows t1.e same approach as on Prototype A (see 5.2,

8§.2. Knowledge representation

The knowledge representation method for Prototype B is bosed on the same principle as for
Prototype A (see 5.3), However, various interactive knowledge representation screens were
added to the prototype. These sereens allow the operator to modify or update any element of

knowledge on-line,

8.2.1. Soft constraints and operator preference

All soft constraints are represented as fuzzy constraint spaces. The fuzzy spaces are represenied
graphically on-screen [Appendix 4] The operator may modify the shape of any fuzzy set hy
sclecting the appropriaic fuzzy control surface with 2 mouse and dragging the surface across the

screen, The prototype daes ot allow the operator to create illegal fuzzy set shapes,

The planning objectives are implied from the semantic represetitation - the fuzzy set shapes - of
the related constraints and the fuzzy proposition table [Appendix 5], For example, consider the
temporal delivery-date constraint. As the current time approaches the LPST of any task 7 the

urgency of the task is petceived to increase.

B instance, if the LPST is less than two days into the future the fuzzy set EXTREME will have o
rejative degree of truth te, uf7] > 0 (T <2). The reader will note - in Appendix 5 - that alf the
propositions for which EXTREME is an antecedent have & relatively high singleton value [Ss -
Si)s Thus, the instantiation A; related to a trial task 5 will have a refatively high utitity value i,
even il other eriteria « such as stock integrity and dimensional prevedence factors « do not

contribute to its utility.
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7.4, Probability and Possibiiity

At the mathematical level, fuzzy rtruth) values are commonly misunderstood to be probatilities,
or furzy sct theory is interpreted as o new way of handling probabilities, This is not the case, A
minimum requirement of probabilities is additivity {.e. probabilities must add u to 1 or the
integral of their density curves must be 1. This does not hold in general with membership

grades (truth functions),

Semantically, the distinetion between fuzzy set theory and probubility theory translutes to the
notions of probability and a degree of membership, Probability statements are concerned with
the likelihe 7d of ocutcome of well-defined events, With fuzziness (imprecision) one cannot
express unequivocally whether an event oceutred ar not - the objective is to moedel the extent to
which an event oceurred, In effect, fuzzy set theory is concerned with the imprecision that is an
intrinsic part of the event or concept ~ it attempts 1o characterise imprecision or undecidability
within the control structure itself rather than in the outcome of the model, Moteover, fuzzy
systems can represent a more complex possibility space than probabilities [90] for the following

IeASOIN:

their cumulative distributions can sum to less than 1 or more than 1 - this is due to the

interpretation of u fuzzy set as a possibility rather than a probubility

s they are independent of a priori statistical [requencies; they provide a more intuitive method
of expressing concepts for which probability distributions ate unknown or unattainable

o they are able to reflect the imprecision in probabilities themsclves sinze fuzzy models can
reduce contradictory (conflicting) solution states to a fuzzy surface

o they can mote nearly represent decision variables; they provide 4 mathematically sound and

semantie-based modelling capability at a high level of nbstraction where chinges in the

system are reflected throwgh linguistic modifications



Since piccewise linear interpolation between the singleton points is used to construet an oulput
fuzzy set representation, defuzzification in singleton and fuzzy set based models is essentially

equivalent. Tn Tact, the centroid defuzzification method is simplitied:

Singleton representations generally provide touch fuster defuzzufication ~ because the entire
area need not be integrated - but sinee the output is represented by a set of sparse points, the

precision can often be low,
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Fig,7.3. Min-Max method of implication with an output singleton geotnetry
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The centroid technique effectively finds the balence peint of the ontput fuzzy region by

calenfating its weighted mean. Avithmetically, this is fornutlated as:

2 dpied)

Z#(‘D

=

whete d is the ith pnint of the solution space (fuzzy region) and u(d} is the truth membership
value v that point » in effect, th2 centroid technique finds the centre of gravity of the output

fuzzy region,

7.3.4. Singleton geometry output spaces

The output fuzzy regions are generally represented as a series of fuzzy sets, However, a
singleton geometry output space may be used instead, In such a case, the terms associated with
the solution fuzzy sets are represented as single vertical points instead of fuzzy set membership
functions [Fig.8.3], The propositions are expressed in a manner identical to the fuzzy set based
model

W (wisZjo(visW)e .. ¢ (is8S) THEN §;

where §; is aty of the singletun support terms, When the model is initialised, each singleton
point has a value [1.0] and its future value is determined by proportional scaling due to the
predicate truth function

Si & P

where py is the predicate truth value. In effect, the topology of the output fuzzy region is
determined by a set of scaled vertical singletons. Each singleton is adjusted by the trath of the

proposition predicate for each proposition that specifies a particular poit in the output space
[Fig.7.3].
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Table 10,1, Comparative analysis (Prototype A« Prototype By

CUITERIA

PROTOTYPEA

PROTOTYPE

Conformance to scieeted plnnning objeetives:
e qualite procedoee vost factor

Loy emicnd Yeities on feisfotie ahchite b

047

tﬁnpruum BE rbie o0 Bl gielaey
0.3}

04 0.23
& Reence 1l (averdge seguence leagth) 0.2 041
¢ defiverv-date achivvement ratiss ¥
Depree of huran intervention A8 ~5 1
12 fiadlive prodietion Segiens vy}
Average seguehee genenation e <27 nrinuies ~T minites
Number af inference rulex or propesitions 182 144
texclnding mroblent space Bomahisalion inferences in
Prottyyw At
Rule-base evolution Exponcntial Stalie

Hard consirain representation

Ciraphical ohjects and hinury
Jreuristic yoles

Retained from Prototvpe A

Solt consirnint reptesentation and inferencing

o prohlermn space normualisiion
o hibary heurlstic privtitisagon
Tules

o lurzy sets
o luvzy prepasiticnult rules of
inference

Acceplability 7 Credibility
(refor to Appendix 1)

LOW
shnl aecepts 1 by planning nperators and
SEPCHIsrs}

HIGH
efally accepted by plangng epersters
kb s YisaTs)

(elegeree of cotercars i the privsitisasion of iRSEntions «
uncder omtralled test conditionsy

Maintairubility Low HIGH
Teomplex and opague kiowledpe baset tiranspanent s intuctisely clews
knewledpe o
r'P1mu'n:'r-prnm'.ypr: cohurence ratio 047 098

10.3. Additional benefits (Fuzzy decision modefling)

Apart from impravements in the prototype behaviour, various additional henefits were necrued

with the fuzzy decision modefling approach,

10.3.1. Reduced model comyslexity

The fuzzy inference scheme proved to be well snited to modelling the highly complex, non-

linear probiem spaces chcountered at the steelmaking demain,  The fuzzy inference sehemie
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The knowledge base had to he consistently updated and expanded as new .oof unexpected
conditions arose. In effect, the decision model mrderspecifivd the problem.  The author
conciuded that o prohibitively large number of hinury hewristic inference rules would be

required to secure consistent and reliable decision support,

In addition, the human planners were found to resist a made! on which they conld not
effectively impose their variable Jecision criteria, The rigidity of the binary heuristic inference
approach did not atlow for such a capability within the realin: of a reasonably contained and
transparent knowledge base,  Every modification to roft constraint semanties or inlerential

propositions required code changes to the rule hase.
10.1.2, Prototype B

The fuzzy inference scheme emulated the reasoning process of the human planners with
unexpeeted accuracy. Moreover, the knowledge base was found to be highly teatsparent and
maintainable. The fuzzy decision model required fewer mies and the knowledge representation
method was intuitively clear to the operators, Under simulated conditions, the system matehed
the decisions of the human planners with altost absolute precision, Under practical v ditions,
the system providad consistent and reliable planning decision support, Prototype B was fully

neeepted by the pa ning operators and supervisors,

The superior performance of Pratotype B [Table 10,1] was attributed to fuzzy representational
and prioritisation techniquas for reasoning with soft planning constraints, The robustiess - the
consistence and relinbility ~ of the inference scheme made it possible to infroduce almost any
constraint - or constraint seraantic property - that was deemed appropriste by the domain
experts,

10,2, Comparati . analysis (Prototype A o Prototype B)

Table 10.1. compares tie esults obtained with Prototype A and Prototype B.
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10.1.1. Profotype A

Although moderate improvements in the decision process woiw roatved [Table 1017 the
prototype was ot accepted by the end-users, The scemingty puradoxical nature of these results
was attributed to the inability of the binary hevrisiic inference selieme to model wncertainty in

soft constradnt inferencing.
The following probiems were encountered during the Tormulation of the decision process:

o The plamning process was virtually undocumented which caused o high degree of
dependency on the private knowledge of the domain experts. This knowledyge is held in a
largely intuitive, undefined format. Tt was gencrally communicated in finguistic expressinns
or, at the very least, linguistic quantifiers,

o The external environment consisted of mndtiple domain experts from varlous seetors,
Consequently, the planning knowledge was often conflicting, inconsistent and unreliable,

o Various complex interrclationships existed. Knowledge concerning specific aspects of the

production process was dispersed and not easily clatified by the relevant domain experts

Prototype A faited primarily because the binary heuristic inference scheme enforced a rigid
semarttic partitioning of soft constraint spaces, The domain experts wese requtired to explicitly
ond nbsolutely define the pactition boundaries. The consequent fragmentation of the platning
knowledge resulted in:

e g collection of inference rules that provided neither consistent nor reltable resulis

o an untiecessary multiplication of (inference: 1les

The binary henristic inference rules presented a cognitive distance belween the metal schemata
of the domain exrerts and the manner in which their knowledge was represented in the decision
madel,  According to Sub of of [93] most of the problems concerning unstiecessful
developments of knowledge based systems stem from non-technical issues such as cognitive

problems, rather than fram purely technical tsses,
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10, SUMMARY AND CONCLUSIONS

Using the steelmaking domain as a real-world case study, the author observed that the human
planners spendt  large part of their time consulting with various persons in the external
environment to determine Aeow particufar soft constraings showld affect the selection of tasks lor

sequencing,

The external environment essentially consists of all domain experts with whom the planner
consults during the generation of production sequences,  These persons intpose particular
conditions on the planning decision process and may moreover provide real time information
that could alter a production sequence proposed by the planner. The external enviromtment for

the steclmaking domain was found to cansist of:

o sales employees and clients - with whom the planner constlts on delivery-date problems and
oider prioritisation issues

o line xupervisors, production engineers and line operators at the steelmaking plant - with
whom the planner consults on sequencing precedence and preference issues us well ns
resource availability restrictions

o cogincers and specialists {n quality control atid manufacturing operations ~ with whom the
planter consults on production quality issues,

o fine supervisors at downstream processing units - with whom the planner consults on
delivery-date problems and the structural integrity of work-in-process (slab stock)

o senjor management - who impose specific organisational goals on the planning decision

process

10.1, Acceptance of the prototype

Heizer and Rend2r [92] saggest that the planuing operators and supervisors want to understand
how and wihy the models on which they are basing Importunt decisions work, Vollmann et ai
[3] indicate that the logic of the applied method or technique must be wanspatent to gain
acceptance, These Factors provided the motivation for the kne viedge-oased approach followed
itt this investigation,
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variables 1Ad, Awy Ay, Ag) and the utility or desirability of the tal task 7. Tle certainty Lactor

is simply tacked on G the consequent.

Tt elfect, both predicate asd probability-based methods rely on an assignnent of certainty
measures otitside the model itseils  Tn contrast, fuzzy logic vepresents uncenainty and
imprecision as an irinyic part of the deeision model. In this respect, the fuzzy decision motlel
provides a better, more consistent and more mathentatically somnd method of managing
uncertainty in pManning knowledge, The fuzzy decision mede] produces an estimaved wrifire

b wh inster tiation Ai; with a degree of membership ttruth) in the relovant conscguent

y Mote that thy bias coeflicients in prototype B (seu 8.3.2) serve only to increase

vaemee v Gembership in the relevant consequent fuzzy region.

The degree o wembership represents the compatibility of the decision madel with the be'ief in
the imnlieation tunction betveen the decision vadable values (associated with &) and the
vutput utility value oy, No stch compatibilily exists with certainty measores, While the {uzzy
duvision model predicts and generates ap answer, certainty measures ave applicd (o an answer

tnat must already be known or anticipated ,
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A singgle part ol the Jeeision model, which may have only a smatl effeet on te autpat, could bhe
tested so that it was the only part affecting the output » this was how all pre-evaluation tests

were conducted,

Improved hamdling of uncertaingy

The handling of uncertainty in knowledge-hased decision support systems is an area of
continual debate.  The methods employed by conventional knowledge-based systems are
Buayesian probabilities or some form certainty (contidence) factors, These methods imply that
the domain experts st supply the prior conditional probability « or certai ity measure - that
particalar deeisions or inferences will be observed when a specific instantiation is cncountered,

Ustually, these valies are not known @ priorf and the domain experts thus have 1o assunie them,

Probubility distributions cannot generally be applied in real-world planning decision support - it
was certainly not possible in this investigation ~ because we are concerned with the degrer of
truth and nor with the probability of oucome. Moreover, the stutistical data required to deline

distributions generafly does not exist or cannot be trusted in real-world domains.

Alternatively, while certointy factors proved their uselulness in early knowledge-bused
applications [90] they are an essentinlly ad-hoe approach to beliof inanageinent, often subject to
unpredictable interpretations by the domain experts and human planners.  In addition, this
approsech may fead to a prohibitively complex decision madel since a targe rumber of certainty
measures have to be defined and maintained, Consider the hypothetical rule for a particular

instuntiation A,

1E 0f4d <l M 02 Awelin 04 00" n 0254 0.3
THEN 1 € TS(loSeled} {cw=0.75]

Ay with the relative ratios {ps, pa. pa. pa] applied in Prototype A, the cetlainty factor of 0.75

says little about the intrinsic relationship between the set of soft constraints or decision
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This ltad two important side benefits

o the decision model vould generally be tiodified with fewer indouced eryors,
o the relative simplicity of the model meant that fogical or structural problems coultd be

located and fixed in 2 minimuim amount of time,

The same case of maintenance and understandability also meant that the model could be
validated with greater precision and for n wider variety of input cases. This significantly
increased operator confidence in the madel, Moreaver, the prototype allowed the operators to
modify vittually all planning knawledge on-line. The operators were thus able to effectively

impose their varigble decision crileria on the model.
The abtlity to model conflicting knowledge

In the current literature, there is alinost always an unstated assumpiion that one expert exists or
that oil the experts in the field are in complete agreement. In the real world of decision
madeliing, this is not the case. Real-world planning decisions have no simple solution and
iovolve conflicting views from  domain experts in the various seclors of the exiernal
environment, The fuzzy inference scheme is well suited to representing and reasoning with

conflicting knowledge, This was o major contributing factar in:

o the improved consistency and refinbility of prototype generated solutions

¢ the reduced vomplexity of soft constraint representation and inferencing

wroved cotrol of the decision process
Improved coitrol of the decision proce,

The paraliel processing structure of the fuzzy decision model - the evaluation of propositions in
parallel - proved advantageous irom a prototype development, coding and  catibration
perspeetive.  The fuzzy propositions were easily understoad by the human planner and the
domain experts, becavse they are formulated on the basis of intuitive reasoning, The planner
could easily interpret the effect or outcome of each proposition, The inferences associated with
edch proposition could be tested individually.
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Fig.9.5, Conformance to planning objectives (Prototype B}

9.3, Interpretation of resulis

A significant benefit of the fuzzy infercnce scheme was the ability to encode knowledge directly
in a manner that is clove to the way that the domain experts and human planness themselves
reason about the decision process.  This proved to be the primary fatlure of the binary hensistic
inference scheme - the domain experts were forced to deconstruct their expertise into fagments
of knowledge, This process led to an unnecessary multiplication of rules. Moreover, it severely
undermined the ability of the human planners to effectively articulate a solution to complex

sequencing problems.

With the ability to directly model imprecise information, the fuzzy inference scheme reduced
the overall cognitive distance in the modelling process. The knowledge acquisition process was
eisier, more refiable, and less prone to unrecoghised errors of ambiguities.

Redrced model complexity and improved system matntainability

The fuzzy inference scheme required fewer rules than the binary heuristic inference scheme and

these rules are closer to the way knowledge is expressed in natural language,



containing one element for every possible combination of decision variable values, The matrix
is updated by executing the fuzzy decision model for every one of these instantiations. During
actual sequence generation the utility value w; for any particulaw instantiation 4 is divectly
Jocated via an implicit transfer function e, the array-index for the correct w; is a funetion of the

decision varinble values defining A,
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Fig.94, Average sequence generation time

9.2.3. Conformance to planning objectives

The fuzzy inforence scheme improved the conloemance of planntng decisions to the
requirements of the exlernal environment [Fig.9,5). Three indicators from the set of planning

abjectives were used for this evaloation:

o guality precedence cost fuctor i.e. the average planned ratio of slab not regarded as prime
materiad [0{17 - approximate improvement ratio ~0.31]

o seghience factor i the average number of tasks between casting interruptions {¢43f -
approximate improvement ratio ~0,23]

o the deliverv-date achievement ratio e, the tatio of tasks planned on-time to the total

number ol tasks in sequence [O[3) - approximate improvement ratio ~0.42)
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9,2, Evaluations after implomentation

The planners penerated 60 production sequences using Prototype B, The results over the ful]

cvaluntion period are presented here,
9.2,1, Degree of human intervention
The level of human intervention reduced significantly and remuined relatively consistent

throughout the evaluation period - Fig9.3 clearly shows an increase in the consistency and

reliability of prototype generated solutions with respect to Prototype A.
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Fig.9.3. Degree of human intervention

9.2.2, Sequence gencration time

The fuzzy inference scheme completes processing without involved caleulations and with a
sighificontly reduced rule-base, Consequetitly, the sequence generation time was significantly
reduced [Fig.9.41,

During the evaluation period the processing time was further reduced through the design and

implementation of u fizzy deeision matefy, This matrix is effectively o multi-dintensional array
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Consequently, there ate suhjective factors involved in thoir specification and various damain
experts may morcover disagree on the exact semantic nature ur partitioning of the vonstrain

KPRICES,

Prototype B applied either trapezoidal or triangular fwzzy set shapes [Appendix 4], A subjective
fuzzy set elicitation technique was used, in the sense that the domain experts were allowed Lo
define the fuzzy set co-ordinates bused on an intuitive understanding of the constraint space
semantics. More advanced techniques may be used to elicit fuzzy set shapes, For example, o
neural network may provide a sophisticated non-linear separability analysis on large quantities
of historica] data, Nenral systems have been used to find nateral membership functions in data
and thus directly create fuzzy regions. In owder to apply this technique with confidence, the
underlying data must evidently be relfable and well-documented ~ this was not the case ot the

steelmaking domain,

Alternatively, if there is reason to believe that a complete (or partial) mathematical model is
applicable for a particuiar decision variuble, then mathematical surface sampling may be used,
By simulating the decision process and randomly sampling the control surface of the constraint
spice, a retationship between the perceived constraint semantics and one or more fuzzy sets may
be determined.  Techniques such as the root focus method, frequency response plots, Bode
diagrams and polar plots provide sampling of the active constroint space surfuces. Although
such technigues may provide o mathematically structured approach for representing constraint
space semantics, there is no reason o belicve that they will significantly improve the
functionality of the decision model,

Fig,9.2 shows the results of a sensitivity analysis on the prototype, with respect to the fuzzy set
morphology. The results show a high tolerance for fuzzy shapes that are not precisely drawn.
This contiibutes to the fundamental rebustiess of the fuzzy decision model i.c. it contributes to
the inb.aent ability of the model to provide consistent and reliable decision support even where

the semantics of soft constraints are imprecisely specified,
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The fuzzy inference scheme was repetitively applicd to determine the welative fimesy of
sequences during the search.  In order to preserve the absalute order of tasks in sequence daring

crossover, the Precedence Preservative Crossover operitor was apphied.

The results of preliminary tests showed that the GA stabilised after ~20 - 30 iterations
{generations) with a comulative utifity value u, approximately 5% higher (on average) than
with the straightforward constroetive bucktracking approach,  Although these tests wre
preliminary, the author is of the opinjon that the collaboration between a fuzzy inference scheine

und a genetic search algorithm provides a powerful tool for constraint based planning.
10.4,2. Txpansion of the fuzzy knowledpe base

Four soft constraints were considered in this investigation [As Aw, Ag, AL Albough
Prototype B proditced positive results in practice, the functionality of the system may be
improved by expanding the size of the fuzzy knowledge base f.e. by modelling a larger sub-set
¢ (ce ) of planning constratats as fuzzy constraims, In particular, resource availability
constraints may be modelled on the basis of fizry tine windows,  This approach is described
by Duboix [v4],
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104, Pertinent aveas for further research and development

10.4.1. Improvement of the scarch method

This investigation was concerned with the development of an inference scheme that exploity the
constraint knowledge in order to effectively guide the se- ch towards « solution, The inference

scheme was supporied by a state-space seareh method employing canstiuctive backiracking.

State-space search is based on the notion of ill-climbing - the search thus is local in scope,
The concept is illustrated hypothetically in Fig, 10,1, Starting the search in the neighbourhood
of the lower peak will conse the higher peak to be missed. The search is directed toward the hill
with the steepest gradient at its base region. Even where backtracking oceurs, the search is re-
direeted in the neighbourhood of the current point.

Fx, ¥)

Fig,10.1. Hypothetical schematic of a multi-peaked problem pace

The quality of prototype-generated solutions nay be improved i increasing the explorative
capability of the applied search method. In this respect genetic algorithims combine both
exploration and exploitation at the same tine in an optimal wiy. The awthor experitnented wit 1
a genetic algotithm (GA). in collaborution with a Faowledge consultnt from dwe fivm
Knowledge Based Engineedng [43],
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required significantly fewer rules, Moreover, the rukes were eloser to the way krowledge is
expressed by the domain experts, The fuzzy mle-base was essentially stitic waile the binary
tule-buse showed a clear tendency towards expanential expansion as new rules were added o

handle new and urtexpected situations,
10.3.2. Impruved system maintainability

The knowledge representation scheme was (ransparert and intuitively clear o the hwman
platner and the domain expents, This meant that Jogieal or structural errots in the model could
be fixed within a minimum amount of time and the model could be moditied wilh fewer
induced errors, Moreover, the model could be validated with greater precision and for a wider

variety of input cases - this grearly increused confidence in the medel,
10.3.3, The ability to model conflicting knowledge

Since the external environment invariably consists of smultiple domain experts, the planning
knowledge is ofien conflicting, The fuzzy inference scheme was capable of representing und
reasoning with conflicting knowledge. Thix contributed to the improved cunsisteney and

reliability of the prototype and to the reduction in model complexity.
10.3.4. Improved handling of uncertainty

Uneertainty proved to be the major problem in the formulation of the planning decision process,
Conventional knowledge-bused systems generally deal with uncertainty through a combination
of predicate and probabiity-based methods, There are setbacks to the use of these methods in
real-world planning domains, primatily becaose they rely on the assipnment of certainty
mearures or values outside the decision model itsell. I contrast, the fuzzy decision model
represents uncertainty drrinsically,  Consequently, it provides a superior method for modelling

uncertainty.
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APPENDIX 95 BVALUATION DATA (SENSUTIVITY ANALYSIS WITTIRESPECT TO BIAS ONTIL
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APPENDIX 6: SINGLETON GEOMETRY OUTPUT SPACE
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APPENDIX 5t FUZZY PROPOSITIONAL TABLE {INTERACTIVE SCREEN)
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APPENDIX 4: THE FUZZY CONSTRAINT SPACES (INTERACTIVE SCREEN)
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APPENDIX 3: THE META-PLAN GENERATION INTERFACE -
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APPENDIX 2: THE VISUALISATION INTERFACE
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Each cell indlcates the number of tasks for each product type pu.

Product types are categorised according to stei! grade (down) and
slab width {across)
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