
1. IN'fRont!(,TION

1.1. Problem statement

There arc several optuuisation techniques and heuristic approaches that provide theoretically

optimal. 01' near-optimal results for production planning problems. However, these techniques

arc not widely used by plurmlllg operators anti supervisors ll.(lj, Among the reasons put

forward to explain the low utilisation of these methods. lack of credibility is 1110st Irequcntly

cited [1.2.3.6].

In the search for more effective decision support techniques, the use of knowledge-based

systems provides u feasible alternative. As discussed by O'Keefe et lIJ [7] iI number of

knowledge-based planning systems are attacking problems that have previously been

investigated in operational research, replacing 01' augmenting existing quuntiuvlve methods.

However, the current generation of knowledge-based planning systems has failed to grow

rapidly in the manufacturing community [Kj. In many cases knowledge-based planning systems

arc not accepted by the end-users 01' arc not used for their intended purpose. Unsuccessful

implementations typically result from a failure to meet the expected final performance

specifications. Two related factors contribute to this problem:

Q real-world planning problems arc !,enerally ill-structured

(I the planning decision process is often pervaded with uncertainty

1.2. Proposed approach

This report describes a successfully implemented knowledge-based planning ,,:'stem, The

system will henceforth be referred to us the /1l'Ototype, The prototype is cfiectively a co-

operative planning decision support system for a steelmaking plant. It generates detailed

production sequences over a flexible plunning horizon. based 011 operator input. The prototype

represents 11 less abstract model or production planning than conventional quantitutivc methods,
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AnSTRACT

Developers of decision support systems for production planning domains often encounter

ill-structured problems that arc characterised by uncertairrty. This report describes a

knowledge-based decision modelling approach which successfully addressed these issues at

a steelmaking plant. All planning knowledge was reduced to a set of hard and soft

constraints explicitly derived from the relevant domain experts. A prototype system was

designc.l which allowed the operators to vary the relative priorities of the soft construints

according to the often unstable requirements of the various stukeltolders in the planning
decision process,

Soft constraint inferencing was modelled in two ways - a binary heuristic approach and a

fuzzy constraint analysis. The tWI) approaches arc evaluated and compared. The binary

heuristic approach enforced a rigid semantic partitioning of the constraint spaces. The

cOllsequelll/}.I!{IIIl'lltatioll of the problem resulted in a prohibitively complex system, which
provided neither consistent nor reliable decision support.

The fuzzy constraint analysis provided significantly improved results. It allowed an

intuitive representation of soft constraint semantics. Uncertainty was represented as all

intrinsic part of the decision model. The rule base was significantly reduced and the

inference rules were closet' to the manner in which the domain experts reason about the

problem. The operators were able to effectivel» impose their variable decision criteria on

the model.
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However, there continue to he problems with the quantitative approuchcs !.~5):

• the applied algorithms arc gencruhy too complex or i1l1P, ictical fur real-work' applications

o the models often do not consider all the constraints

o only Uncal' relations among constraint parameters arc generally considered

" the models demand exact information ahout constraints

.. it is often not possible to model antagonistic 01' conflicting information

2.5. Heuristic techniques

Heuristics nrc criteria, methods 01' principles for deciding which among several alternative

courses of action promises to be the most effective. Unlike the analytical techniques mentioned

above (which arc theoretically guaranteed to reach a solution) heuristics are not necessarily

guaranteed to identify the 1110:,t !ffl,,:tive actions to take, but do so sufficiently OnC!. o be useful.

Heuristics nrc most useful for solving ill-structured problems where there are an immense

number of possibilities to consider or compare - they act to reduce the number of possibilities

considered and thereby reach a satisfactory solution within a reasonable amount of time.

Various heuristic techniques have been devised for the production planning problem (e.g. P6·

39]). The basic premise of these techniques is to use priority rules (or a combinution of priority

rules) to rank the operations and then sequence the ranked operations such that the desired

objectives are obtained [40,41]. Most priority rules rely on the critical path of th.. network: the

critical path is generally obtained by the standard PERT/CPM method - studies [36] have shown

that such approaches are unreliable for complex, large-sized problems.

Ui.Knowledge-based systems

Recently, some newly developed approaches have been applied to the production planning

problem, such as simulated annealing [42]. parallel tabu search [43], neural networks [44] and

genetic algorithms [cI5]. III partlcular, knowledge-based systems [4CJ-4l)) that incorporate

c!OIlWill-.\peci!k knowledg« have generally proved effective in real-world planning domains,



should be to arrive at a .wli.\'fc/c!OI:V solution within a reusonable time- trnme u note that

sati.\'f(/CIOl:V is a linguistic expression. generally fuzzy und rdatcll to the l:UITCnt preference.

2.3.3.The comblnatorlal complexity uf the problem space

The production planning problem has been classified us NP-complete [12·14]. That is. the set of

possible solutions [8 == {.\'" ... SII}] is combiuutorlally cxplosi c as the number of operations

increases. Even simple plunning problems can be shown to be exponential. It is thus important

to PI'IIII(, ineffectual paths of invcstigntion during the search for a feasible solution.

2.4. The limitations of quantitative planning techniques

Researchers have devised u wide spectrum of quurnitative techniques for various simplifications

of the production planning problem. Several review papers and books have been written Oil this

subject (e.g. [lS-Il) D. Extensive bibliographies arc also available ill books by Muth anti

Thompson [20]. Conway ct ul [21], Eileu and King [22], Elmagrhaby [23]• .tJakcr [24]. Lcnstra

[25]. Kan [261. conI an [27] and French [2H].

Quantitative planning techniques include integer programming [2l)J. branch and bound methods

[30-32]. dynamic programming [33] and PERT/CPM techniques [34]. These techniques have

not been used (in l\ broad basis in real-world domains. Vollmann et al [3] indicate that many

planning operators ltl1d supervisors do not understand the analytical foundations of quantitative

models. This viewpoint is supported by the results of various empirical studies (e.g.] 1.2]>.

The theoretical and mathematical nature 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 force fit it to lineal' continuous

functions, Such implementations rely 011 a considerable amount of human intervention to

ensure the generation of feasible solutions. In short, theoretical work on the planning problem

has resulted in important improvements.

11



The explicit nature of real- world planning constrnints is often spccitlc to Ilk' partlcular domain.

Consequently. dnmain-speclfic knowledge is required to completely dctinc tile sct or constraints

and their effect on the planning decision process. The planner csscntiully acquires all domain-

specific planning knowledge from the external environment and 1I1JI'lil'S that knowledge to

formulate feasible solutions.

2.3.2. Conflicting objectives

The set 01 objectives [() ::: {()/I .. ok}] ure considered to he C'0I1meting 01' at least competiti\'e in

the sense that each objective is exclusively concerned with obtaining its muximal satisfaction.

Moreover. the relative tmnortanc» of planning objectives in real-world dOlt.ains is often:

Q Variable w the external environment is essentially a variable and unstable environment.

Progress've plans ure often required to emphasise altemate constraints as real-world

scenarios change.

o Imprecisely c/(!fi'lIed - the planning constraints arc usually defined lind expressed

linguistically by tile domain experts. Such linguistic expressions nrc often vague 01'

imprecise, Consequently, the planner generally cannot define a clear /m:IC'I'C'lIcC'policy.

The preference polic» of the planner defines the extent to which the various objectives must be

satisfied. WIJ(~nall the soft constraints are taken into account, there is generally a fuzzy non-

lineal' relationship between the state of u particular constraint . the value of a particular decision

variable - and the extent to which the associated objectlvets) must be satisfied. Moreover, it is

not possible to treat each input to the decision process us an independent decision variable that

can be solved in isolation. There arc interactions ()I' inter-dependencies such that the combined

effects of the decision variuble values must be considered,

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

attempt to converge to a uniquely optimal solution is ill-advised. Rather, the fundamental goal

10



steelmaking process. For example, certain steel grades may only Ill.' follower! in sequence by

certain other steel grades timing continuous casting.

R£'.I'C)u/'C(, ell'cd/ability

This is essentially a temporal constraint. During a particular period, the availability of u

resource may be constrained by planned OJ' unplanned maintenance, During the same period the

(,{Ipllci(vof the resource is determined the lime available 1'01' production runs, as well as set-up

times and product mix (different products may imply different processing times).

Preferenc» constraints

A preference constraint may be viewed us an abstraction of other types of constraints, Examples

of this constraint include order sequencing preferences and preferential order routing. The

reason for the preference may he due to cost 01' quality factors, Once again, sufficient

informntion generally does 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

real-world domains due to c/olll({in-spec(f/c features that prevent the appllcatlon of generic

npp ouches.

2.3.1. Domain specificity

Researchers have ttuditionally classified the planning problem into two categories:

o domuin-independon; planning, which concentrates on the control mechanisms of planning in

general

e domain-dependent planning which concentrates on using domain-specific heuristics to

encourage efficient search within the particular problem Spall'.

9



2.2. Production. planning constralnts

The formulation of u feasible solutior • .I' r' I to the planning problem must dearly Incorporntc

the set of production planning constraints to be considered and their effect on the dccisio»

process.

2.2.1. Constraint categories

Analysis of the planning process at a steelmaking site vielded five broad cutcgorles of planning

constraints:

Organisational goals

One can view all organisational goa! constraints to be approximations of a profit constraint.

The goal of an organisation is to maximise profits. Production planning decisions arc thus mude

on the basis of current and future costs incurred, For example. the longer the work-in-process

time is, the greater the carrying cost will be for raw materials and value-added operations. T.I

practice, most of these costs cannot be uccurately determined, and the planner must therefore

make decisions based on expertise or intuitive approximations.

Physical coustruints

These constraints specify churucteristics which limit functionality. For example, tnc maximal

casting thickness on a continuous casting machine may limit the orders that can be processed

through it.

Precedence' canstralnts

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

A precedence rule 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. 'I'm: IIHODllCTlON PLANNING I'ROllLEM

2.1. The planning decision Pl'OCCSS

The production planning problem is essentially u multi-criteria decision problem comprising a

finite set [S::;:: {'\'I, .., s,}] of possible solutions and a finite set [C =: k/ ... , (',)] llf planning
constraints. A finite set of optimisation goals or objectives r0 =: {() / .... od J to be satisfied is

implicitly derived from the set of planning constraints,

F.)!' example, temporal delivery-date constraints may imply that orders must I. 'roccsscd

tnrough a particular resource before a certain time. in order to be delivered to the ell. "L on-time.

Moreover. organisational (policy) constraints may imply that work-in-process (WIP) turnover

on the shop tlolH' must remain within certain limits. The semantic intersection of these

constraints implicitly defines the following objectives:

o sequence every order before its latest planned starting time (LPST) at (he particulur resource

(maximise the on-time delivery of orders)

!) sequence every order as close as possible to its LPST (minimise WIP turnovcrl

The planning decision process may be viewed as a core 1/0 process surrounded by an external

environment to which the decision maker is accountable. The external environment typically

consists of multiple domain experts in various sectors. The domain experts impose specific

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

The qualit» of the decision process is defined us the extent to which the outputs conforn! to the

set of planning objectives. Alternatively. the quality of the decision process may be defined as

the extent to which the outputs c/o not violate the planning constraints imposed by the external

environment.

'I



inferred through a comblnatlon of two tcchulques • UI\ implicit normulisution of the problem

space with respect to the semantics of the soft constraint spnres, and (convcntionul) binary

heuristic prioritisution procedures.

" C!tapter 6 provides an evaluation of the results obtained with the binary heuristic inference

scheme " the author postulates that most unsuccessful implementations of real-world

applications result, at least partially. from the inability of the applied inference scheme to

manage the uncertainty inherent in soft constraint iuferencing,

Q Chapter 7 provides u theoretical background to the fuzzy set methodology applied in
Prototype B.

o Chapter 8 describes the knowledge representation method and general architecture of the

fuzzy inference scheme (Prototype B). Soft constraints arc modelled as fuzzy constraints

and instantiutions are prioritiscd according to a fuzzy constraint analysis.

" Chapter 9 provides an evaluation of the results obtained with the fuzzy inference scheme,

o Chapter 10 provides a summary of the results obtained. Pertinent areas for further
research arc outlined.

6



Fuzzy set theory proved to be a powerful decision modelling tool because it provided:

• a method of modelling vague, incomplete and conflicting knowlcdgr from the domain

experts

.. u method or encoding and using human knowledge in a way that is close to the manner in

which the domain experts reasoned about the problem

G) a means to model non-lineal' constraint relations intuitively

• the facilities necessary to break through the computational bottlenecks encountered with the

binary heuristic inference scheme

This report includes a comparatlvc analysis between the two inference schemes - emphasis is

placed on the problem of uncertainty and the application of a fuzzy set methodology to resolve
it.

1.3. Report structure

This remainder of this report is structured as follows:

& Chapter 2 describes the production planning problem in general terms. The limitations of

conventional quantitative and heuristic techniques arc outlined. Knowledge-bused planning

systems are postulated as an effective approach for real-world planning problems.

41 Chapter 3 provides an overview of knowledge-bused planning applications. based on a
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 primur» planning constraints are outlined as per the

knowledge elicited from the domain experts in the various sectors.

o Chapter 5 describes the knowledge represcntatlon method and general architecture of the

binary heuristic inference scheme (Prototype A). Soft constraints are represented and
r',)

1

J



Soft constraints were used to prioritise the consequent set of feasible solutions at each state-

space. The motivation bclund the representation of sort constraints in the prototype lay in their

ability to measure the degree I f satisfaction 01' tum-violation 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 arc cvuluuted

and compared i.e. it is important to inco.porntc the preferences of the human planner into the

decision model. The preferences of the human planner are assumed to reflect the variable

requirements and (constraint) specifications as defined by the external environment.

While formalisiug the decision process, vague 01' imprecise information about the preferences of

the human planr.er may be obtained. Soft constraint ir.fercncing is thus characterised by

uncertainty which prohibits the attainment of a unique. objectively best solution. Consequently.

the decision model should incorporate some form of approximate reasoning for construint

evaluation and inference. Since real-world planning constraints are often vaguely specified they

lend themselves perfectly for being modelled as.filzzy constraints.

1.2.4. The application of fuzzy set theory

An evolutionary decision modelling approach was followed in this investigation. A binary

(Boolean) heuristic inference scheme was initially designed (Prototype A). This model proved

unable to resolve the uncertainty inherent in soft constraint infercnclng. It provided inconsistent

and unreliable decision support. Consequently, it was not accepted by the planning operators

and supervisors. Following this a fuzzy inference scheme was designed (Prototype B). This

model produced positive result." ill practice. Prototype B was fully accepted by the planning

operators and supervisors.

4



At its lowest level the decision process itself may be modelled as an IIO uctiviry. Till' inputs to

the decision process arc various data attributes describing the state' of the problem space, The

decision process is ('011 trolled by the set of planning constraints. TIll' (inferential) mechanism of

the decision process is essentially based upon u repeated comparison between Instantiations Ill'

partial solutions, which ultimately leads to the generation of a r- -nplete production plan.

The allthor does 110texplicitly differentiate between planning constraints and objectives since:

o an objective cannot exist without there existing one ()I' more constraints to substantiate it

GI an objective is implicitly defined 01'sl)('c(fled by the semantic properties of the underlying

constraintts)

Various researchers appear to support this hypothesis. For example, Zimmerman ['I] docs not

distinguish between constraints and objectives. arguing that constraint (representations)

empirically model the behaviour of decision makers.

1.2.2. Constraint-directed search

By modelling the decision process as in Fig.l.l the generation of production plans is cast as a

constraint-directed activity that is influenced by till relevant constraint knowledge. Given the
conflicting and often unstable nature 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 arrive at a feasible solution. Rathel', the decision model should capture the requisite

constraint knowledge and exploit that knowledge to control the combinumetrics 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 U~ their

SUCCC';S()l'S from each state-space.

3
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decision process is controlled by the ....el of plnnnlug constraints. The (inferential) mechanism of

the decision process is essentially based upon a repented comparison between instantiations or

partial solutions. which ultimately leads to the generation of a complete production plan.

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

o an objective cannot exist without there existing one or more constraints to substantiate it

CJ an objective is implicitly defined or specified by the semantic properties of the underlying

constrainns)

Various researchers appeal' to support this hypothesis. For example, Zimmerman [9] does not

distinguish between constraints and objectives. arguing that constrairu (representations)

empirically model the behaviour of decision makers,

1.2.2. Constraint-directed search

By modelling the decision process as in Fig.1.1 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 cannot rely SOlely on propagation techniques (I.

[\0,\ 1]) to arrive at a feasible solution. Ruther .. the decision model should capture the requisite

constraint knowledge and exploit that knowledge to control the cornbinumetrics of the

underlying problem space.

liard 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 ull infeasible alternatives as well as their

successors from each state-space.
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It sacrifices the goal 1)1' rigorous optimality. conccnuuting instcud on a credible and effective

approach to production planning,

1.2.1. A structured decision model

Production planning was modelled as 11 core decision process surrounded by a multi-sectored

external environment [Fig, I, I], The external environment consists of various domain exports

who collectively define the set of planning constraints and an implicit 01' implied set of planning

objectives, All domuln-spcciflc planning knowledge is thus derived from the external

env! mm, nt, The planner acquires and applies this knowledge to generate production plans or

sequences over particular planning hOI'lZOIlS,

External envirnnment/
plallnillg domain

('IlIlSiSIS Ilf till 'JIIKclllllrl,'}'.I m
lite t1cd~i"l1 (lrtlCCSl

Declsion maker! planner

I Planning knowledge Ihal'd & soft constraints) I
A~~"lIIl1ahlc III all slakchutdcrs

inpu: 1C()/ltJ'O/\ output

P' oblcm space
~

1/0 process I----b Proposed solution
(data attributes] [decision model] o non-violation of constralms ~

T meclulllislH
o conformance to objectives

Infcrcntial rnecbunics
o generation of u solution splice
o comparison of lnstnntiatiuns/purtiul solutions

Flg.Lt, CUstomer oriented production planning
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Table 4.3. Example of hot-rofl ing sil, 'lhll'lls

cum" name Min length [m] Max length 1m]
--SinlPle cofIJn t'dW 40000 55 om;

Zone nnmc Min IOIlt! length M"" Inrtl' 1eilll!!L_. AlIllW&'h' coils [mill]
Start lone :WO() .tooo !JOO ~: loil width S 1100

:1,0 coil thil:klll"S ~~·to
Usc soft coils

- _.-- t lse hir!h tolerance l'oils
Ascent zone WOOD 15 noo (JOO 5 coil width:5 1500

2..55 coil thickucs« !"; 4.5
:

Difficult dimensions lone SOOO 1500l) UOO S coil width 5 15!)!)
1.5 ~ coil thickness :5 2,.5
OR
1400 s coil width 5 I(JOD
2,0 s coil thickness S 3,n

Descent zone 25 (JO() .to OOD 70():5 coil width:;; 1400
2.5 ::;coil thickness s 10,0
Usc12rd coils

During the generation of production sequences the urgency of any steelmaking order 0, is related

to the current actual slab stock level S, of the ordered product type p, :

where ,= the maximum slab stock level for p, (determined by cost and storage constraints)

/3i :;: the minimum slab stock level for Pi (slab buffet')

The structural integrity of the slab stock requires thut S, ~ /3i and S, ~ 8e for every product type

in the slab yard. As S, -7 De the urgency of o, decreases. Conversely, as S, -7 {J, the urgency

of o, increases. The organisational goal of minimised stock levels implies that S, -) /3" The

steelmaking planners were observed to treat 8, and /3e us.filz:,y boundaries " at times they violate

the bard constraint harriers (li and PI which I'CI-IUlts jir

o Maps ill the slab population which makes it difficult to construct future rolling programs

because or the luck of steel of the required product type in the slab yurt!

o long turnover umes at the slab yard for stock of particular product types
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The EPST is constrained hy material uvailability at the steelmaking plant. The LPST is

constrained by the required delivery date or slabs to the hot-strip mills (IISM I and 11SM2).

It is unwise to process a task too long before the LPST since this will increase til" curryinn costs

of slab stock and reduce the availability of resources COl' other more Imminent tasks. In the

prototype, the delivery-date constraint is represented in terms of the deviation (in days) between

the current real time t(' and the LPS'P' of the related steelmaking order:

t1t ::::LPST • f,<

This constraint implies that

t.1 ~ EPST (1 tc ~ (LPST + II') with .1t ~ 0

where ',,:::: the processing time for the particular steelmaking order
r,:::: the planned start time
f,,:::: the planned end time

The slab stock structural integrit» constraint (l~S)

Most steel companies have a variety of hot rolling programmes ~ also called coffin plans Of'

coffin shapes, A coffin plan defines how 11 rolling program must be constructed. Typically a

coffin plan is characterised by starting dimensions, problematic dimensions and total length.

The coffin shape is generally divided into zones. Each coffin zone is defined by slab selection

criteria and a minimum-maximum range of the total zone length, An example is shown in

Table 4,3, The available slab stock must correspond to the "lab selection criteria of future

rolling programs.

At the steelmaking domain the product mix is categorised recording to slab width ami steel

grade. Slabs whose properties differ with respect to the above criteria are classified as different

product type: Trw maximum and minimum stock levels for u particular product type fl, <Ire

determined by the line supervisors at the hot-strip mills,



'Iuble 4.2. Top levc! breakdown or the external el1ViWI1I11ent for the stcelmuking domain

FllNCTIONAl. DOMAINSh j' RrLIlVANt' (CONSTRAINT) ISSlJES

- ='_ ...... --
0 sales employees 0 dclivcl'y~datc problems ( ) order pril1lllisalil1l\
• clients .__._-
0 llne supervisors (sleelmaking plum) 0 sequence Pl'C~'den.:c lind preference issuc'i
• production engineers (steelmaking plant) 0 resource uvnilal1ility rcsu klil.ns
• line l1p'~ralors (.sll.'l.'lmakinL!.plant)
a cngil1ccrs/spel!i,llisls in qualily control and 0 product/production quality

maI1Ur<ll.:tllrin'!ltl'c.lll10111!!~Olll'l'atillns
• line supervisors (hot"stlip mills) D delivery-date problems
0 productiou engineers (hot-strip mills) 0 sU'Ut'tuml integrity of work-In-process (shih stock)
0 line Olll'I'aIl1I'S (hot-strin mills) .
0 senior manugcrncnt 0 organisatir>nal goals (maximisation or \1\CI'<lIl

Ihl'l1ughpul/pnlfit, reliability of lhe delivery
~lc.)

4.3. The sot of plannlng constraints

The PI'IIIICII:V planning constraints for the steelmaking domain have been categorised us

orgunisutional goals. precedence rules, physical constraints, resource availability and preference

constraints. Although the constraints have been explicitly categorised, there is an implicit

overlap or inter-dependence between constraints in different categories,

4.3.1. Organlsatlonal goals

This type of constraiut is generally related to production costs and to the total quality of the

delive I)' service to the clients (steel consumers). Consequently, these constraints arc defined by

line supervisors, senior management und the clients.

111£'delivery-date constraint (.11)

The delivery-date constraint is it Sf/It temporal constraint. A task may be procer.c-d at any t.me

between its earliest planned starling time (EPST) and its latest planned starting time (LP,)Tl at

the steelmaking plant. TIll' EPST and the LPST for a particular task are determined by 11

higher-order, works-wide capacity planning system, generally referred to as the Works Loading

Svstem.



Table 4.1. Data attributes 1'01' each steelmaking order in the (ask SPllC\!

A'ITnmUlE EXA~--lkat [la~l;lll\lJllhcl' ('1m

Customer order number 1'1('

~iivcry dutc to the hot ·strip mills . r IIJ'h
Grade I Mel~- _.
Slab width ().'iO

Slah leugth 1)451)

SInh thickness 240
Ordered mass Iheat} 1',1)

Rolling process PI [

Steelmaking process route --'i4A~--.....- ,

I' _,

,HI

70'OlHk

Ie 1/23
-;~1------------------4

[mm]

InunJ
[mm]

[tons]

North Mills!

M

Planning generally docs not occur in a uniform or structured manner, Each planning decision to

be made entails side effects whose importance varies by order, A proposed sequence must be

approved by persons in various departments, Each person can provide information Ill' -ut

specific constraints which may result ill sequencing ulterutions, The au thor found that ,he

human planners spend ~20% d 30% of their time actually planning and -70% • 80% of thdr

time communicating with other employees - and with clients - to determine what overull

constraints should influence a particular plan.

The planning decision process is thus an iterative and interacttve process and it is important to

structurise it such that the (often unstable) requirements of the external environment - reflected

by the preferences of the human planner • arc effectively captured in the decision 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 a priori

and to irtplicitly make tradc-offs in -,25% of their decisions, Theil' reasoning was adequately

modelled by using a combination of lianl constraint i1!1<'I'(,II(,(,.1 (expressed as statements that

arc either entirely TRUE OJ' entirely FAL~;;':) and soft constraints inferences (expressed as

statements that have a relative degree of truth within a finite conttnuiun of allowable values).

:n
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Fig.4.2. The steelmaking process

The acceptability of a particular production sequence depends on such diverse and conflicting

factors as delivery-date requirements, production cost restrictions, product quality restrictions

and resource availability. The generation of plans at this level is man-hour intensive, and not

amenable to rapid replanning ill the case of unforeseen events. The human planners generally

work under permanent crisis conditlcns " they act as a buffer between the generally unrealistic

requests of the sales staff and the often exacting demands of the production staff, who desire

long production runs with minimal dlsturl.auce,
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ANNUAL QUARTERLY & MONTHl.Y IlAILY

/0 ,JtI.\' 1'/1In> (Work> /,O"dlll)i Snll'1II1
• ~<llllplllcni "!,crill""l phuh
• ha,,~arnll1gcllwl1! "I' IllIt IIIllIn[1
~u1H1I plans

• balance 111' in Il!UI:C'~ product
nltltln[\ the irunlllllking: phmt.
the steelmaking plilnt and the
rolling mills

• r'llIl'h dle.'k of
t> ,kliwry dalc tit c(l~hpro,c"
t> rate M direcl flow (1'1'\ldll~lIunl

RESFAItI'II DOM 'IS

W./gntJ,Ii.'llIIcii/I/I"'OI'!'lIlfll/

I A;'III11-'''l'lIIrlll!l
ll<'I',jr/mflltl'

· ",,,,, '''''"'''~ I• Chent, tconsumerst
........................... "" ... ·1· .. ·~'T .

r,",-.'--I. )-r"d-c-'r.-II-'I~al·-I. -ill-'(-),·r~Il-1'-III1.I.n', ,'.'"'I Pmccss m,,,,,'''''''' --: 1 r --;;,;~;,,";,; I
• data un 1IelU.11\lUI!'Ut, L~~~-r~:J,

orde» Ill'IIgl(,'u I'Il11lrlll • a~lIlal npcr,IIJ1lg wl\d/lIl)n,

. L_ ~..~.,'._...~~..~=~~J
1"ig,4.1. Production planning activities at an integrated steel works
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4. 'I'm'; STEELMAKING DOMAIN· A ImAIAVoRLD (,ASE srunv

The steelmaking domain was used as II real-work! application domain for the proposed decision

modelling approach. Production planning activities at an intcgruted steel works t .cur in stages

[Fig.4.I]. The different stages can generally be identified ill terms of time scale and the degree
of detail considered. As one moves down the planning hierarchy the degree of detail increases

and the human planners arc forced. due to time and complexity constraints, to make decisions

bused on experience and intuition rather than true cost or logistical considcnuions,

4.1. The steelmaking process

Steelmaking is essentially a batch type process [Fig.4.2]. Hot pig iron is delivered from the blast

furnace 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 Sleet that me cut into slabs of specific length. Although the steel is

produced in different aggregates in a fixed flow, the casters arc the bottleneck 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 a pool of several hundred steelmaking orders or tasks r 1'8 ::: {f/. f2. .... ti,l I
characterised by the attributes listed in Table 4.1. The steelmaking orders are prepared by the

hot-strip mills. From this data the steelmaking planners haw to construct casting sequences,

taking into account all planning constraints.

The mental schemata or reasoning process followed by the planners is based upon traditional or

intuitive planning rules and heuristics which they use to select feasible combinations of tasks for

each planning horizon. Although experienced planners arc fully aware of the planning

constraints, they have neither the time nor the capability to reason coherently about thousands

uf instantiations in order to optimise the sequencing of operations.
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the authors concluded that IhL~solutions could be unproved it' constraint relaxation techniques

were employed.

A production planning system (tx-vision; was developed at the NKK Keihin works to plan the

steelmaking process [75]. The system is bnscd on SClIHNAN. It was installed to meet stringent

customer requirements and to achieve u highly efficient opcr.uion using a single blast furnace.

The system enhanced the competitiveness of the works by increasing throughput, reducing stock

levels and expanding information oil the progress of orders.

Nakayama et al [76] developed a KBS for planning decision support at a steelmaking plant. The

KBS is based on a heuristic algorithm and discrete event simulation. W. Sluny (If at [J5.77]

employed fuzzy logic to resolve various planning problems at the steelmaking process,

including the real-time scheduling of resources. Bernutzki [?Xl describes a KBS used to

optimise production operations at the control stands of the Krup Stahl Huckingcn steel works.

The optlmlsauon procedure is based on a I'UZI',y Petri net.

3.3. Current research topics in knowledge-based planning

The current research trends in knowledge based planning arc exemplified by the Advanced

Research Projects Agency (ARPA) research and development effort aimed at developing the

next generation of knowledge-based planning tools [79]. Research topics include primarily:

reasoning under uncertaituy, constraint-based planning. decision theory. plan justification,

execution monitoring & replanning support. and temporal reasoning. The ARPA research has

yielded both theoretical and practical advances in knowledge-bused planning technology.

Stillman and Bonlssone [80] provide a review of knowledge-based planning applications

derived f1'0111 the research.



replanning system interfaced with an MRP system to regenerate production sequences, It

stabilises any impact of abnormal events by constraint rclexatlo»,

Ben-Arieh [M] developed a Prolog based expert planning system using SLAM II to simulate a

manufacturing environment, with Pascal sub-routines to calculate the cost of competing

solutions. In one of his papers [65] he presents two methods 1'01' knowledge-based control. one

at cell level and the other at workstation level. Emphasis is given to the ability of the control

techniques to denl with unpredictcd conditions in a dynamic environment. Bruno et al [6Cl]

developed an OPSS based KBS, partially controlled by a simulation sub-system for sequencing

parts in an FMS. The KBS generates a sequence and the simulation system evaluates it.

Newman [67] summarises applications of KBS for production sequencing in elM

environments.

OPIS. developed by Smith (6!!] uses a constraint based framework to deal with reactive

planning. The framework incrementally reconciles inevitable discrepancies that arise between

the predictive plan and actual behaviour of the production environment. ESS, developed by Jain

et at [69] uses real-time plant information to yield production sequences that do not violate

resource availability constraints. The general plant knowledge is organised into several specific

knowledge bases. Kerr and Ebsary [70] describe 11 KBS for production sequencing. The goal of

the KBS is to provide consistent sequences. / 'exander [71 J developed u conceptual framework

for a KBS that allows the operator to select between a number or priority rules, depending on

the planning objective. Biegel and Wink [72] describe a KBS fa!' production sequencing, based

on priority rules and heuristics, A LISP based system. OPAL [73] used a control strategy based

on a fuzzy set methodology 10 generate production sequences in a job shop environment.

3.2.1. Knowledge-based planning applications at integrated steel works

VAI-ScheelEx [74] was installed at the LD3 steelmaking plant of VOEST-ALPINE Stahl. It used

priority rules and heuristics to generate ;:,"oduction sequences for the steelmaking plant. The

KBS initially produced sub-optimal solutions: moreover, the processing time was too long (~~50

minutes). After successive development iterations the solutions were improved and the

processing time was reduced to <·5minutes. Although the system produced feasible solutions.

Hi



in common with ES applications. [{OWCYI.'I', thc typical ES applications arc generally used Ior

classification and interpretaticn. Moreover, they work in a convergent fashion. On the other

hund, knowledge-based planning is a synthetic task where inherently more search is involved

since there arc alternatives (feasible instantiations or partial solutions) to consider and compare.

Knowledge-based planning techniques generally seck to control the extent of the search. The

knowledge-based planning system is charged with generating a definitive sequence of

opcrutions, which is one possible solution to the specified problem.

3.2. Knowledge-based planning appllcutions

Several KBS applications have been developed for planning operations. The review papers by

Kusiak & Chen [5::'] and Gupta & Chin [54] provide excellent sumrnnrlcs 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 representation, control strategy and structure.

One of the early KBS planning applications was ISIS by Fox and Smith [55]. They view

production sequencing as a constraint directed search and develop a search architecture capable

of exploiting the constraints to improve the efficiency of the search, [SA, a KBS developed at

DEC [56] generated a loading strategy to deal with difficult orders. Robbins [57J developed a

LISP based prototype expert priority planner [PEPS] for solving problems at shop 11001' control

level. Tou [58] presented a KBS structure for integrated production automation. Shaw and

Winston [59] used constraint directed search to plan in a tl .ee-muchinc cell, with Petri-nets to

model the interaction between events.

Mascot, a Prolog bused production sequencing system t()o) used a constraint based annlysis to

generate precedence relationships for conflicting resources. Steffen and Greene [61] used

hierarchical planning and constraint directed heuristic search to develop a prototype planning

system for a set of parallel processors. Submmanayam and Askin [62] developed a Prolog

ba-ed expert planning system for part selection in un FMS. The expert rules were acquired from

[cb shop simulation and domain experts. SC()Rl~. developed by Chiodini [(1,~1is a real-time
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3. KNOWUmGE·nASEI> PLANNING

3.1. Definition of knowledge-based systems

For the purpose of this investigation u kl1owledge-lias(,d syst<'111 (KBS) denotes a software

application that can store knowledge about a particular domain and lise that knowledge to solve

domain-specific problems in an intelligent manner. The typical structure of a KBS is shown in

Fig. 3.1.

l'1'I.ltJ/J/l.1 itl);inlllllj"I'CII('C,! <llIci ciccil/n',!
111'11'kllf)ll'lCtl.l'f by IIpplyillg rule. ttl/Ill t,"
III/ttl tlu: d"lillfl/l'l'ob/l'IIl is ,1II1I'I'ci

l{NOWLEDOEBASE 1-------1

Kllflllit'tigl' is storrd us
[acts and rule»

I?ig.3.1. The basic structure of a knowledge-based system

3.1.1. Knowledge-based systems and expert systems

According to Duda and Shortliffe [51] KBS arc also called expert .~)'stC'JIIS(ES) if they refer to

problem solving in those area': and at that level of performance that is usually achieved by

human experts. A generic KB8 with the abo''''

called an expert system shell [52J nxpen sy.~II'

Ire:" but with an empty knowledge base, is
; arc sll\t;,hlc for building domain-specific

KBS by supplementing the particular knowledge base with knowledge mal inference heuristics

that are specific to the domain.

3.1.2. Knowledge-based planning systems

Knowledge-bused planning systems arc simply KBS applications that have been developed Cor

planning operations. Knowledge-based planning systems share many techniques and problems

1.4



According 10 Fogarty and Hof •.nan [.1] almost all human pIUIlI1I.'J'S apply a set of planning rub

based upon their knowledge and expertise. The rule-driven nature or the decision process
suggests that knowledge based systems are appropriate tools for production planning decision

support. Since knowledge based systems emulate - or attempt to cmulLIW" 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 pr" "hlly

alleviates the acceptance problems associated with such techniques.

The explicit representation of the planning problem through domain-specific knowledge

improves the efficiency of the decision process by pruning useless paths of investigution,

ordering the search. eliminating redundancy, reducing ambiguities and exploiting knowledge

from complementary and contradictory sources [8]. According to Price et al [50] knowledge-

based systems provide a methodological approach to solve complex planning tasks that
inevitably require expertise.

To date, several commercial knowledge-based tools have been developed that provide facilities

to represent progressively more realistic models of real-work' domains and their specific

constraints. Examples of such facilities include object-oriented representations, structured

uatural Ianguage and intcructive 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 il11plh.:utiolls Ill' thL' ;,hl)' " st.ncmcnt are described in 'I'nhlc 5.!. TIll' llll'lll\\'itte or decision

variuble vulues cncompnssed ill the task space regions restricts ine \, 'lllti' I' ·~.ts follows:

o The hurd burrier .:.1(= 0 ( TS{ I oXClY0I.) ~> l!! ~ Jt~;: 2J ) implies that the prototype will not

consider a task whose I.PST has expired.

o The hard barrier :\t == 2() (TS(.loxoyoz) -7 [I () < ,J( ~ ~J) implies that thl' prototype will

not consider u task more than 20 days prior to the LPST: if LPST - EPST > 20 days and 110

feasible tasks ure found. the prototype will selectively shift the EPS'l' of tasks forward to

equal LPST - 20 days.

o The hard harriers jw == -50 (TS(W0140yoz) 4 [dill < jw S; -351 ) and jw ::::too
(TS(wo 150),01.) .-) [85 < .:111'!:~!QQl ) imply tha; the prototype will not consider a tusk

whose slab width is more than 50m!ll wide!'. 01' more than IOOmm narrower, than the

previous task in sequence.

o The hard barrier ,1g := OAO (TS(woxo400zl "00) [0.39 < jg $ !l.4H] ) implies that the

prototype will not consider a task whose chemical annlysis deviates by more than 0.4% from

the chemical analysis of the previous task in sequence, Note that the maximum ullowablc

deviation 1'01' each individual chemical clement is respected, The maximum allowable

deviation for certain criticul clements arc multiplied by a fnctorj" (1 <f ::::1,5). This factor

is selectively minimised if no feasible tasks are found.

e the hurd barr: ..t' .1.',' = 1,0 (TS(woxoyo I0) ~ [0.9 < L1S $1.0] ) implies that the prototype

will not select u risk f/ if the actual slab stock level iii exceeds the maximum allowable

stock level ()/'

5.4" The decision model

During the first phase of development the author found that the human planners intuitively

categorised the overall planning problem into distinct SUb-problems. each of which

corresponded roughly to a heuristic framework that could be arl1licd repetitively to arrive ut a

solution. The sub-problems relate to the establishment of various (Viles of partial sequences

which arc vogl'es;.;ivcly concatenated into a complete production sequence.
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Fig.S.!. Task space normalisation schematic

the relevant constraint spaces. The tasks arc implicitly prioritiscd according to their location in

the normalised problem space. The normalisation of me problem space reflects tile preference

policy of the human planners. The total task space 1'S was sub-divided into 24 000 regions i.c,

1'S::: 1'Sllololol) l.J TS(lololo2,) u ...TS(401504()0l) t~) TS(4015o4()oIO}

TS( 101010 I) represents the highest priority region while '1'8(40 1504()o 10) represents the lowest

priority region. Tasks WI'!'!! milked according to their 1IlC'IIl/wl'.I'llip in a particular task space

region. Thus, a task 1; would be assigned the highest priority if the following condition were

TRUE:

.dtl1l) E [0, ... , 2] n jWl1l) E [0, .... 5] r"i JglTtI C [0, .... 0.01] (, JSrril E [0 ..... 0.1 J
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5.3.1. Hurd planning constraints

These coustruints an.' primarily related to the special steel gre/dc'.\' t' ,at require extraordinary

meususcs to avoid contuminution. The ...e measures refer to till.' minimum und muxnnum

allowable number of tasks between tundish changes and casting interruptions. as well as the

relative and absolute sequencing of orders.

Hard quality precedence constraints (see 4.3.2) arc represented by sequence-constrain t

.\1U'c!liclllioll (SCS) objects [Appendix 3]. The operator may easily create, Illodify 01' tit lcte

SCS objects us dictated by the external environment, The SCS objects arc named according to

the special grades to which they refer, Each SCS object includes the following data:

e The start grade i.e. the steel grade that must be cast Im-ncdlatcly after a tundlsh change.

Q The minimum and maximum number of tusks - with the required start grade" that may be

cast on a single tundish

o The follow-on grades l.c. the steel grades that may be cast after the start grade on the same

tundish

o The minimum and maximum number of tasks - including all grades ~ that may be C(l"t

before a tundish change is required

5.3.2. Soft constraints and operator preference

Conceptually, the preferences of the human planner· 01' any domain expert from the external

environment - relates to a bias for decision variable WIllies over specific region» (semantic

partitions) of the underlying soft constraint spaces. The soft construints considered tOI' the

steelmaking domain include the temporal delivery-date constraint (.df), the dimensional-

precedence preference constraint (,1\\,), the quality-precedence preference constraint (.1g) and

the slah stock structural integrity consunint (:\s).

In order to model the semantics of sort constraints the problem space was effectively normalised

[Fig.5.IJ by SUb-dividing it into task space regions that correspond to the sel11<u1til' [Jd,,;!ions or



Each tusk T,must be processed within the temporal delivery-date constraint space 1.(',

when! BPST ::: the earliest planned :,tart time 1'01' 'Zi

LPST :::: the latest planned start time ('(\1' T/

1/'(11 :::: the processing time for 'Zi

f'llI :::: the planned start time 1'01' 'Zi

'''II ::: the planned end time 1'01' T,

In general, resource availability constraints may induce new precedence constraints at the

casters due to:

o the presence of common (pre-casting) resources for particular operations

e sequencing (precedence) constraints on particular pre-custing operutions

A casting sequence is feasible if no pre-casting resource availability construints arc violated and

the total processing time for all tasks docs not exceed the available processing time at the
casters.

5.3. Knowledge representation

The decision model may be seen to consist of a core heuristic inference scheme surrounded by H

1;:lOw[edge shell. The planning knowledge is stored in files and represented graphically on

various screens ill a methodical and transparent manner. Any graphical clement (object. on the

knowledge shell may be modified or updated by the operator at uny time, The knowledge shell

represents a structured way of encapsulating the planning knowledge acquucd from the external

environment.



As the generation of sequences progresses the matrix is dyuamically updated. alloWing till'

operator to visualise the resulting changes to the state of the problem space.

5.Z.2. The meta-plan gcneratlou interfuce

After visuallsing the task space the planner establishes a meta-plan 1'01' each custer, The meta-

plan is a basic indication of what the complete sequence should look like - it represents what

types of partial sequences must be planned and how many such partial sequences must exist

between casting interruptions. A partial sequence represents a sequence of tasks between

tuudish dU1ll6CS.

Each partin! sequence is represented by a graphical partial-sequence-type (PST) object

[Appendix 3]. Casting interruptions are represented by separate graphical objects. The operator

establishes a meta-plan by selecting and dragging PST objects with a mouse and then

connecting them to other PST objects ~01' to casting interruptions - in a fixed casting direction.

Once the meta-plans have been established the prototype generates detailed production
sequences that conform to the meta-plans. '1'l1e prototype provides the planner with a

preliminary resource availability status as the meta-plans arc cstnblisbed. If resource
availabllity 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 foil. ws, A definltivc xequence of I tasks

must be generated for elicit continuous series of PST objects. Each task rr must be processed

through a set '(J; of operations at the steelmaking plant (.[2, consists of both casting lind pre-

casting operations). The set !2; is defined by the stee.makins; process route attribute of the task

t, [Table 4.1). Everv operation (0, ((1), E !J,)requires a processing time II''')' Moreover, Dr is a

partially ordered set in the sense that CO,< (l)j (WI':; !Jo since CO,must be processed before WI due

to general precedence constraints at the steelmaking plant.
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5. A UlNAR\, UEtlJUSTH 'IN{lImEN(,E SCHEME (PROTO'I'YPE A)

5.1. Software platform

The prototype was coded on 02 ~a I "I)wlcdge.basl!d expert system shell developed by (i!~NSY~l

[HZ] and distributed in South Africa by KM)WUi!)UH BASED IiNOlNEERINU [K~l.

5.2. The planning procedure

During execution of the prototype a 1'1'01>/('/11 space is initially generated. The problem space

includes all steelmaking orders currently available for planning. Typically the problem space

consists ,)1' ~J2()OO"2500 tasks.

Once the problem space has been generated. the operator interucts with the prototype via a

graphica! IISC'1' illt£'I:/CIC'C' to establish complete 2,+ hour production sequences for each caster,

The operator may he any one of three stcelruaking plannerr. The supetvisini; 1,IClllllC'1' assists in
the planning process where severe problems me encountered,

5.2.1. The visualisation interface

This interface consists of' the task matrix .1'('/'('('11, This screen provides the operator with an

effective visualisation of the task space [Appendix 2]. The matrix provides the following
information:

o the slab width distribution (If t... ~.'. - ,>11::' xiab WIdths for which there nrc tasks in the task

space are represented

o the steel grade di., .bution of task. - only steel grades for which there are tusks in the task

space are represcntc.

o the exact number olla.;:~s pel' slab width and steel grade

o the relative imnortance of tasks - pel' width and grade - with respect to the temporal delivery

date constraint
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QlIclUrY·/lI'I'Ct'c/('IIC'L' JlI'c:fi'/'CIl(,(, (, 19)

Although tasks may legally he east it. sequence a~ lnng as the chcmicul analysis deviations

between subsequent heats arc within tht, limits shown in FigAJ. the technology engineers and

line supervisors prefer that the analysis deviations be minimlscd, There arc co~ts associated

with the required sequencing operations between subsequent tasks with different steel grades·

the greater the deviation between chemical analysis. the longer the length of slub that must he

cut off and sen. ned. The deviation in chemical analysis is defined as:

u
jgu ::::If] . t'i

where fi and fJ = the percentage composition of a particular chemical Clement in tasks it and

't', respectively

E == the set of relevant chemical clements defined by the product technology

engineers [Fig.4.3]

This constraint implies that .1gi) -) 0 and f} - l:'; S £'111<1\ where ('111<1\ is the maximum allowable

deviation for each chemical clement o (C' E E).

Dtmcnsional-precedence preference (.1w)

Tasks may legally be cast in sequence as long as the deviation in slab width between SUbsequent
heats docs not exceed the allowable range i.e. IOOmm narrower and 50 mm wider, However,

the line supervisors prefer that the slab width deviations between subsequent heals be

minimised in order to minimtsc the tapering effect on the slab during continuous casting.

particularly with the higher casting speeds [Table 4.4]. The deviation in slab width between

subsequent tasks 1) and r, is defined as:

where w, :::::the slab widths for r,
Wi ::;: the slab widths for rr
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resource is prepared 1'01' the next sequence of q 7 tasks. This constrain: implies that the

sequencing of opcnuions at the casters must be compatible with the degassing procedures at the

RHOB unit. thus. in effect. imposing new precedence constraints at the casters.

Jill/dish utilisatlon

The tundish, a part of the casting unit. has to be maintained after approximately 240 minutes.

The tundish muinteuance takes roughly !OOminutes. Therefore. a second tundish is used on

each CL\stCI' while the first is .naintained. In order to ensure the uvailabllity of tundishes at all

times. the following constraints have been imposed by the production engineers and line

supervisors:

II an average of at least 6 tasks between tundish changes is required over any 24 ..hour period

o u minimum or 3 tasks must be processed before a tundl -I change may occur, with the

exception of certain steel grades where less than 3 tasks pel' tundish are permitted due to
quality precedence rules

• no more than 3 consecutive tundishcs with ~ 3 tasks each is permitted

4.3.5. Preference constraints

These constraints may be viewed as abstractions 01' extensions of other constraints. The reason

1'01' a particular preference may be due to cost 01' quality factors. Sufficient information

generally does not exist to derive actual costs, By their very nature, these constraints arc vague

and imprecise. They may be modelled implicitly wnhin the semantic representations of other

constraints i.e. they relate to a preference 1'01' decision variable values within particular semantic

partitions of the associated (soft) constraint spaces. Two lmportanr 1)J'c!i"'cllcCconstraints exist

at the steelmaking domain: quality-precedence preference and dimensional-precedence

preference,
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4.3.4. Resource nvnilability

These arc essentially temporal constraints and refer primarily to the availability of the casters

(casting units) and the pre-casting resources i.e. the LD-Convcl'ters and the secondary

rnctallurgy aggregutcs.

The capacity (~rtlu: casters

The casters <U'C .he bottleneck resource of the steelmakin !,Iant. The maximum casting speed

(measured In m/min) depends on the steel grade and Sill I dimensions [Table 4.4], Clearly, the

product mix affects the capacity of the casters since different products imply different

processing times. Moreover, the average sequence length has a direct impact on the cnpaciiy of

the casters, since each casting interruption requires a complete set-up of the particular caster.

The set-up times vary between ·~80minutes 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 speed [m/111i111

950 • 1000 1.1

1025 • 1200 1.0

1225 • 1400 0.9

1425 • 16()() o.s
1625 • 1750 0.7

1775 • 2000 0.6

Degassing procedures

Degassing operations restrict the availability of the RHOB Dcgasser (Fig.4.2J. All heals with

ultra-low carbon (ULe) and low-carbon (l.C) steel grades must be treated at this resource. At

the present time a maximum of ~7 tasks may be treated consecutively at the resource.

Following this. a mandatory set-up time of 4 " 5 hours b required, during which time the
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Fig.4.3. t_Juality precedence constraint spccificatic .,s

casting units and are imposed by the production engineers. At the present time, the muximurn

width adjustments permitted on the casters arc 100 nun narrower OJ' 50 111m wider between

consecutive heats. Width deviations outside these limits 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 V l-custer may only produce slabs of thickness

-210mm and the V2-casler may only produce slabs of thickness <!401ll111.
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Tusks may be consecutively cast in sequence as long as they do not violate the product quality

constraints imposed by the technology engineers and line supervisors. The gcnerul precedence

rules in this category arc shown schcmaticully in Fig.4J. The special stce! gracies defined in

Fig.4.3 require extraordinary measures to avoid contamination:

o certain steel grades may only be cast immediately after a complete caster set-up i.e, after a

casting interruption

e certain steel grades may only be cast irnmediutely before a complete caster set-up i.c, before

a casting interruption

o certain steel grades must be cast singularly between casting interruptions l.e, casting must be

tuterrupted before and after these grades 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 alter a tundish change and 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 certain steel grades must be cast singularly in a tundish i.e. the tundish must be changed

before and after these grades arc cast and no other grades may be cast using the same

tundish

For example, consider the Me I steel grades [MC 101, Me 102, .. , MC 1,~I].These grades must be

cas: immediately after a tundish change. Moreover, they must be cast immediately after a

casting interruption i.e. a complete caster set-up, A minimum of 3 and a maximum of 5 Me 1

tasks may be processed with a single tundish. Any of the following - but onl» the following -

steel grades must follow the MCI steel grade on the sume tun-lish - AC2. AC3, MC2, MC3.

These grades may follow the Me I grades in any order, A minimum of 6 anti a maximum of 8

tasks" incllf';;llg all the above grades - may be proces-rd before a tundish change is required,

Dimensional precedence rules

Tasks may be consecutively cust in sequence as long a'i they do not violate the allowable

subsequent deviation in slab dimensions. These constraints result from the limitations or the
26



11/(' sequence lellgth ({)

The sequence length is defined as the number of tasks planned between casting interruptions. To

optimise production the casters should ideally PI'OCCSS steel without interruption. This implies

that the average sequence length should be maximised. However. sequencing operations have

associated costs and precedence rules. The most expensive operation is to stop the custer and

then set it up from scratch p this is necessmj ill order to:

G produce certain problemntic steel grades i.c, adhere to certain precedence rules that impose
casting interruptions

II perform either planned 01' unplanned maintenance on the custer

A survey undertaken at various steel companies [81] concluded that the factors restricting the
on-time delivery of orders included primarily the average sequence length at the casters.

4.3.2. Precedence constraints

This type of constraint relates to compatibility criteria between subsequent tasks in a sequence.

Two categories of precedence rules exist tor the steelmaking process

() precedence rules that relate to product quality constraints

It precedence rules that relate to dimensional constraints

Quality precedence rules

Steel rnanufacturing is a make-to-order process. Within the steelmaking milieu, every tusk is of

a specific steel grade, The steel grade refers to the chemical composition of the steel. which in

turn is related to the specific application for which the steel was ordered by the client. Client

specifications. such as size, strength and toughness, generally d'ffer by order,



represents a cognitive distance between the mcmul SdWIl"lla 111' !lIC domain experts and the

representation of their knowledge in the decision model. The author till1I1d that till' human

planners and domain experts view the imminence or an order as u cuutinuouslv I.'ilunging

variable. The true semantics of this constraint thus infer SOllie kind 01' gradual transitian from

absolute non-membership 01' partial membership [pIT! <: I at T ::= BPST] to absolute

membership [t1[11::! I at T= LPSTj.

The typical linguistic quantifiers - used by the human planner, and domain CXPCt1S 10 cxpre'>s

the immlnence of an order - point to an exponential increase in lilT] as T·~ LPST [Fig.(I.2].

The extent to which an order is imminent .. as a function 0[' time " is only precisely quuntificd at

the extreme fight boundary of the constraint space (pfT] :::: 1 when T:;:: 1,1'S'1'). Thus. the

temporal due-date constraint surface tl[11 is essentially a fir,:;y non-linear function.

6.2. Rule-base evolution

Fig.G.3 illustrates the increase in the size of the rule-base throughout the evaluation period, The

most interesting aspect of Fig.6 3 is the scalloped l:tfI'ct. The shape of the curve indicutes that

the precess of accumulating knowledge and extending the knowledge base evolved through a

sequence of stugcs, The beginning of each stage generally incorporated the ucquisltion of core

knowledge abtltil a particular aspect of the planning decision process, and the lest or the stage

involved extending the core· acquiring additional related knowledge in the form of n-w or

modified rules- so that the heuristic algorithm could be applied to new situations as they arose.

Three criteria explained the behavioural deficiencies in the prototype:

o the domain experts neglected h) express rules to cover ,\11the special cases that arose

Q the rules did not produce correct conclusions because they made erroneous assumptions

c some of the rules or advice from the domain experts was overlooked or incorrectly

implemented
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Consider till' temporal delivery-date consuuint. Given a txutlcular time I, the human plunncrs

reason about the imminence of' un order based on their own judgement 01' on particular demunds

from the cx.euiul environment. In elussicul set thcorv • which tonus the fOllndation of binary

heuristic ilJl ~ ICC schemes· an arbitrary point in time I, must be defined to disniminlltL'

between imminent and non-imminent orders, Since the boundaries between what is in the "l't

lind what is outside the set arc sharp. these types of constructs art.' called (1';,1/) sets. ;\

charncteristic function for such a set appears as:

tllT] ::: {TIME ~ I,}

The discrirnlnent or characteristic function for this set reflects itx Boolean nature. Transgressing

the constraint space along the TIME axis IFig.6.2] tl-e membership uruth) of the inuuineun:
decision variable remains FALSE [0] until 1'::: t, at which point it immediately becomes TRUE

[t 1 - the line connecting membership and non-membership in the mcmbershin uunsitton graph

is dimenstonless.

The normalisation of the t'l'oblem space is based on a multiple partitioning of the mft constraint

spaces. In effect. this represents II1JIIIIIiplC'-VClIIIC'cllcWic approach [Fig.6.2], However. the task

space regions rcrmin essentially crisp sets. Such. igld partitioning of the constraint spaces

IMMINENCE
.. :> binary (Boouun) lC'cwmillg

nonnalisution Illlhe prohlen:
Sf'II(,('

approximutercusonins;
[fil::::,1' ('WI'" 1

atn

() .
b'~:I~IS:-:':'l:-'-----------'11..., -------...L*'ps-r 11MH (1'1

," __ :> lS(~'X.~'I)
> lSllox'yOtl.,

!.I', J . 10 day'

l> LI'SI 'i d.lY'.

---------.----,--------~.--~-
Fig.6.2. Tile semantics 0[' the temporal delivery-date constraint



Since the hinary heuristic inference schcrrc enforces a logic that is based on alillitl' set of truth

values, each tusk spuce region must. by necessity, be ussuciuted with crispl» defil/cd constraint

sub-spaces tpnrdtions). The un.'·iguity problem thus remains turgcly unsolved, Consider two

tasks ri and r, whose input decision variable values differ \vitltin the range

Jr c [0, .... 2] ('\ .:1w C [0.... , 51 1'\ {1g (; [0..... ().()11 11 .11: flO .... , n.ll

Although the objective (cost) function assigns individual cost values to r, and r, these values

may not be realistic determinants since r, G IS( 1010 101) and f, ~~ TS( 10 I (II 0 I 1 ~ the

relative priorities of constraints haw I/O! been adequately defined.

Relative ratios

The tuneable weighting parumeters [PI' p:!, P.II P,/] in Prototype A (sec 5.4.2) arc essentially

relative ratios. They were introduced into the cost function in an attempt to resolve the above

problem. However, this approach fulled because the relative priorities 01 constraints were

required to be explicitl» anti absolwely defined CI priori. Moreover, this approach relied Oil an

assignment of ratings outside the dcclsicn model itself. Consequently, it did not address the

intrinsic relationship between constraints.

6.1.2. Vagueness

Vagueness is associated wnh un imprecise human perception of the overall problem. More

specifically, it relates to the inability of the domain experts to provide precise (~()ft) constraint

information. Zadeh [BIl] comments on vaguenesx as J~)llows· , .'/(.Jt II point is roached where

the cardinalit» q( sub-classes (·X('('C'c!.I' the' ll!fiJl'll1cuicm-/tel1lcIliIlR CCI/1C1C'it\· ojth« III/mall bra ill.

the boundaries ofsub-classes (/l'e.li)I'C't'd/0 become imprecise'.

The human planners often have to contend with imprecise :lI1d ~lIlsttille sort constraint

semantics and with H solution space that is combinutorially explosive. Consequently. they

perceive the problem 1'1'0111 un intuitive or subjective perspective.



\VI\S uttributed In subjectiv« '/</('/(11',\' involved in ~(lnconsnuint inlercncing. The inherent

unccrtuint» in many or tbe (soft) inference mil's expressed by the domain experts presented a

m'lilH' difficulty in the formulation of the decision process. Two main types of uncertuinty were

encountered, These ure similar to the uncertainly categories defined by KIiI' and Folger (Xl] i.e.

wllhiguity and l'lI/:llI'IIt'SS,

6.1.1. Ambiguity

Ambiguity results from situations where the choice between two 01' more instantiations is nor

clearly defined. Each instuntuulon in the set A, has n degree of desirahility 01' utility depending

on tlu: relative importunco (preference) assigned to the different constraints by the human

planners and domuln experts, The decision on which instantiation to select is a fUllY one,

because each decision relates to an action whose consequence cannot be exactly quantified. It is

clear that no instuntiution can completely sdisfy all the constraints. However, the different

feasible instantiations partiall» satisfy the constraints to various degrees.

Several approaches have so fat' been proposed i" the iiterature to model and remove ambiguity

[.l5]. PM example. Yager argues that ranking 01'weighting of objectives can be achieved by

Iinear ordering of objectives, intervals, relative ratios or absolute l'UtitlgS, These arc

progressively more difficult to obtain from the domain experts. Forcing the domain experts to
provide such information may yield incorrect answers if they simply cannot provide it 1/ priori.

Partiul onleritu; (11'objectives

The implicit prioritlsation of tasks through the normalisation of the problem SPLICC (sec 5.3.2)

represents a partial ordering of objectives. The set of soft constraints [,1(, ,1\\" Ag, '.18]was

ranked through a depth-first penerrution of the task space I'cgions [Fig.5.1]. Thus, the search

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

~ l.-,~~)
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Fig.G.t. Degree ofltuman intervention (Prototype A)

The set or:. feasible instantiations [A, ::::{Ai/' A,~, ". , A,,} J at any node i in the search was

bounded (IS follows:

Ai ::: A{! ("'\ All n Au

where A{!::: the set of feasible instantiations with respect to hard quality precedence

constraints

An = the set of feasible instunriatious with respect to the liard barriers of the soft

construint spaces [.1(, .1w, .1g, .:is]

AN:: the set of fl';' 11JCinstantiations with respect to hard resource availability

constraints

The consistent reduction in human intervention throughout the first hall' of the evaluation series

resulted primarily from modiflcations Of' expansion to the set of binary heuristic rules that

perform the above operation. However, sincc z > 1 almost without exception, the sequencing

problem is essentially underconstruincd. To differentiate between the z feasible instantiations

the ,\'(?/i constraints must be additionally considered.

During the evaluation 11 point was reached where the domain experts could no longer provide

consistent and reliable information regarding the relative priorities or constraints. This problem
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D,

(. EVALUATION (PROTO'l'YJ>F • '0'
I_-<;)

During a tentative implementation period of 8 weeks the stccunaking planners generated (l()

production sequences using Prototype A. After every third plan was generated, the model

bchavlour was unulysed and the knowledge base was adjusted 01' extended to resolve undesired

behaviour. The results over the full implememution period arc presented here.

. , 6.1. Degree of human intervention

I_;' The degree of human intervention is defined here as the ratio of tasks replaced 01' added by the

operator to the total number of tasks sequenced by the prototype. in order to finalise it

production sequence. It is a relative measure of the ronslstenc» and rcliabilit» of decision
support provided by the prototype.

I'

The degree of human intervention reduced consistently as the knowledge base was expanded up

to a point where the addition of binary heuristic rub did not seem (0 haw a significant effect

the model behaviour i.e, (here was it perceived stabilisation ill system functionality [Fig.6.1j.

rhis does not mean that the added rules were not necessary - they were necessary to handle new

eases and meintain planning integl'ity.

All prototype-generated sequences were heuristically 11WB in that they were legul

representations of the knowledge acquired from the external environment. However, human
intervention was required in order (0 reflect real-world scenarios for which the existing rule-

base had not made provision. In effect, the decision modeillllciel'spc'c(fied the problem.

The binary heuristic inference scheme employed a combination 0[' crisp ANT>, ON, NOT logical

expressions i.e, the inference scheme was based 011 the premise that any planning decision can

be derived from events that arc either 1Rl!/;, 01' 1·;·\[.sE. with no intermediate state. Such logical

expressions were effectively used to hound the solution space through liard construint



conditions. co-xtrnints must be .\'{·{(,('/I.'c{y rell/xC'd in ordur to allow tlte generation of a 1'1.'\Isible

solution. Constraint relaxation may OCCUI' in a number or ways:

o the operator may modify the graphical meta-plan by selecting alternate partial sequence

types or by inc., lsing the 1'~lIim\J attributL' value of the existing partial sequence typC(s)

o the operator may increase the value of the decision threshold coefficient Yo

Q the hurl! barriers of soft constrnlnts • the allowable range of decision variable values " may

be selectively widened



j.I'k ::: th~ deviation between the actual stock level of the assodatcd product type /'" and

the minimum stock kVl~1 ('01' flk al the slab yard (as a ratio)

p"P~,P.I'P'1 ::: tuneu'ile parameters in the runge [O. l l rcprcsenting weights for each decision

variable

An additional pruning parameter was applied w in the form of a decision tlll'('s/lOrd c()(:ffkic'llt

(y,,) ~ to truncate nil paths 1'01' which C',~> ,Va' Guan [K(l] describes it similar approach. In this

investigation .v,. was defined as a tuneable parameter linked to a gruphical slider on the operator

interface, This allowed the operator to dynamically 'd a band-width on the M,lution space.

corresponding to a shift towards higher 01' lower constrainmg values on the decision process,

Constnutive bacla/'((('killg

A backtracking feature - applied in the generation of both partial and complete sequences "

handles situations where tile cost of the provisional optimum lnstantlation A'k is highe» than the

pre-established threshold ~'", If this happens, it effectively means that the trial task ussociuted

with the provisional optimum instantiation cannot be chosen as the jtl: task in the sequence i.e,

the path is effectively blocked, This implies that the provisional optimum Instnutiutiou A" of the

previous node - the instantiation with the lowest cost tit node i·is not feasible,

In this case, the search returns [0 the previous node (node i) and the instantiation AI/ with the

next lowest cost in the set {A,,(/I •.. ,. Aid or c feasible instantiations is chosen as the

provisional optimum A" lit node t. However, if this instantiation has a cost ('I} > y" . or

subsequently lends to {lk > Yo - then it too must be discarded, This procedure is repeated until

a (110 longer provisional) optimum instantiation is found - Cot'every node in the search - which

does not exceed the threshold y",

If no such instantiation exists and i< I it effectively means that the state of the construlnt sl'l

[C::::: {cJ, (':I, "'I ('I}] prohibits the unainment of II solution to the problem i.e. the set of feasible

solutions [8 ::: {.I·" .. ,' .1',)] is empty since only a partial solution is possible, Under such

4.1



A Sl~tof heuristic monitoring rules subjects I to the following hurd constraints

where: l\jlllnr,)::::: the minimum allowable number of tusks in partial sequence y

1\;111/1,:,)::::: the maximum allowable' umber of tusks in purtiul sequence y

Both 1\illlll(l) and 11.;11,11(1) arc conditions imposed by the external envirournent and depend

upon the type of partlul sequence (sec 4.3,2)

where: f,,1 :: the processing time for task n«
f" ::: the set-up time for casting interruption p

::: the total available processing time at the custer

The search procedure for generating both partial ant! complete sequences was based upon the

best-first search method [!l4.H5j. Best-first search generates allfC'C/sible combinntions of decision

variable values at euch node j in the search. Each feasible combination of values - each

instuntiatiou A/k between two successive tasks '; and 'Ck in sequence - along with the cost of

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

The instantiation that leads to the lowest cost - the provisional optimum A/k" is selected from the

list and the associated task 'Ck is added to the sequence, This procedure is repeated until j is

equal to the total length of the sequence. The cost of a particular instantiation was defined as

the weighted sum of the decision variable values:

Clk ::::P,l1tk + P2l1w/k + P3l1g)k + P"d\'k

where: e,k ::: the cost of an instantiation A}k

11ft::: the deviation between the current real time and the LPST of task 1i (in days)

dHJk:;C: the slab width deviation between Tk and 'tj (in mnt)

dg/k ::: the deviation in chemical analysis between Tk and r, (as a percentage)
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In general the number of potential (purtiul or complete) sequences is:

, I
1/ :::: III + lit + .., + 111

where: I,) :;;:: the number of alternatives at each slate

I ::::the sequence lengtb

Although the solution space is combinutoriully explosive with respect to the sequence length,

the number of potential (partial anti complete) sequences evaluated was significantly reduced by

applying the set of constraints [C :::: !ch C;J, ... , C';) J. In effect, hard construint inferences

remove all infeasible ulternatives as well as their successors from each state-space. Heuristic
prioritisation procedures (soft constraint inferences) rule out numerous alternatives by

idcntifylng promising paths.

5.4.2. The search method

The initial problem space consists of an mordercd set of II tasks representing u steel making

production load for a specified time period T. The prototype is expected to generate a definitive
sequence of I (I « 11) tasks over a period t (f < 7) for each caster. The goal is to generate a

sequence of tasks that COnf0l111S to the rneta-plan established by the hunum planner,

The solution consists of repeatedly seurching the problem space unnl a satisfactory complete

sequence is found. The total sequence length I is defined as:

where 11 :;: the number of uninterrupted casting sequences in the meta-plan

III ::: the number of heuristically defined partial sequences in a particular uninterrupted

casting sequence

11\1':::the number of tasks in partial sequence y of casting sequence x
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Table 5.1. The implications of 1', c TS( I0 I0 I(1)

Input decision Semantic pertitlon Unit of measure Implicution
Vurlublc (,\mgc of values)

,1! Ill, 21 dllYs 'l'he LPST "" f, is less than 2 d,lYS into the future; tills
implic» that I, has mnxunum priority with respect tll the
delivery date constraint.

--- -,hI' [O.5J 111111 r, is Iuvourahlc with respect to the dimcusionul-prcccdcuce
preference constraint. since the slab width or f, lh', not
deviate. or devintcs 'lcgligihly « .'illllll) from the slub width
of the previous task ill sequence.

L1g [0, uot J percentage r, is favourable with "'~Spl'ct to tlie quality-precedence
preference constraint, since tht.:chemicul analysis of 1; does
not deviate, 01' deviates negligibly « 1>.01';1) Irollltl1l'
chemical analysis of (iu' :':\~vil1l1';tusk in sequ ..-nc ..••

,M; [0, 0.1] rutio The nctuul slab stock level S, Ior product type {I, is
upprouching the minimum stock level fJ, set hy the external
environment i.e, (S, • ~, ) I fl, :5 D.I. lilis implies that r,
bas mnximum priority witl; respect to the stock structural
Illtegrity constraint.

The decision model was correspondingly decomposed into two primary reasoning components,

A database of heuristically defined partial sequences was initially created, from which a central

heuristic algorithm drew to establish complete production sequences. The generution of both

partial sequences and complete sequence. was based Oil the principle of Slate-space search.

5.4.1. State-space representation

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 complete

sequences followed the procedure shown in Fig,5,2,
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The compositv 11/001It'IIt,\' 01' ('(,II/mid dcfuzzificutlon method is the must widely used technique

SiIlCI; it has several dcslruble properties [lJ()]:

" the uefuzzified values tend to move smoothly around the output fuzzy region i.e. cbanges in

the t'uzl',y set topology from one model frame to the next usually results in smooth changes

in the expected value

o it is relatively easy to calculate ami doc" 11('( consume prohibitive amounts of processing

time .

.------------------------------. __
IMMINENCE

HIGH LOW

p/xl

,
: Il,h()

,
I

: (u:\

II [·0.60J

o 2 5 10
:11'" LPST . I, [duy»]

0.50

OJ.I
URGENCY

p[x/
: 050,

MINIMAL
1------". " ". 1 ••

~-----------~--~~
() 25

.:1,\' [I;;J
50

Fig,7.2, Min-Max method of implkatioll with all output fuzzy region
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region to the minimum or the predicate truth. The output fuzzy region is updutcd by taking Ihl.!

inarinunn of these minimised fuzzy sets. These steps an! outlined in equmions 7.1 apt! 7.2.

[7,1 J

Equation 7.1 indicates that the consequent fuzzy set ((/:1') is modified he fore it is used. This

modification sets each truth function element to the minimum of either the truth funcc.on 01' the

truth of the proposition antecedent.

P'I'['\';] E- max 1j.1'/.I[.\';1, Ilc/f[X;j) [7.21

Equation 7.2 indicates that the solution fUlZY set (.\:M is updated by taking ~ for each [111111

function value M the maximum of either the truth value of the .\'f:i' 01' the fUlZY set that was

correlated in equation 7.1. These steps result in reducing the effective height of the solution

fuzzy set to equal the maxirnum truth of the predicate and then, using the modified fuzzy region.

applying it to the output fuzzy region by using the ON (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 detuzzlflcatlon

To find the corresponding scalar value for the utility II of a particular instantiation the value that

best represents the information contained in the output fuzzy region lIT1LI7Y [Fig.7.2] must be

found. This process is called clejil~::'lji'catiOlI - it yields the expected value of the solution

variable for the particular execution of the fuzzy decision model,

The dcfuzzification methods arc a compromise between the need to find a single point result

and the loss of information such a process entails, Such infotmution loss is a natural

consequence of a reduction ill the representational dimensionality of the output fuzzy region.



degree l't' truth (mcmbcrsliip). All those that haw some truth contribute lu till' final state or the
output fll~,~Yregion.

The functional relationship between the degree or truth 111 related fuzzy regions is called the

/IIl'thod (~rimplic ntion. The functional relutionship between fuzzy regions and the expected

(output) value of u set point is called the metlu»! (!I' dl~fi/~;:,(fkatiOlI ~ these methods together

constitute the backbone of approximate reasoning.

7.3.1. Fuzzy proposltlons

The fuzzy decision model contains a series of conditional fuzzy propositions of the form

IF w is Z THEN .t is Y

where IV and .\' are scalar values - such as Lit or L\S - and Z and Yarc linguistic vnrtubles- sucl:

as nictt 01' URGENT. The proposition following the IF term is the antecedent or predicate. The

proposition following the mEN statement is the consequent, The statement .r is Y is conditional
on the trutl: of the predicate ~ it may be interpreted as follows

x is a member (?f' Y to the extent that \1' is CI member l!f Z

That is, the consequent is correlated with the truth of the predicate. The fundamental
proposition can be extended with fuzzy connectors

IF (\v is Z) (}(y is W) 0 ... 0 (u is S) THEN x is Y

where the connector e represents (some form on the AN/) 01' OR operator.

7.3.2. Method of impllcation

The current literature describes various implicatk 11 mechanisms, the most common appearing to

be the Min-Max implication method. This me' hod involves restricting tbe consequent fuzzy
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7.2.2. Decision varlubles

A decision variable is described 111 terms of its total constraint space (generally referred to in the

literature as the universe o] discourse). This space is composed of multiple, overlapping fuzzy

sets, each fuzzy set describing a semantic partition of the underlying construint space. The

constraint space constitutes the allowable range of decision variable values.

In process engineering models, which arc currently the most common applications of fuzzy

logic, the conventional space representations nrc generally either trupe.xiidal or triangular. The

trnpezoid usually maps membership functions at the domain extremes while the triangles slice

up the fuzzy space into a series of smullcr- 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 reaches unity: after this it begins to rail off

to zero.

To convert u series of individual fuzzy sets into a continuous surface. each fuzzy set must, to a

certain degree, overlap the neighbouring setts). There is no preci ,e algorithm for determining

the minimum or maximum degree of overlap. The interference pattern depends 011 the semantic

nature of the constraint and the intrinsic degree of imprecision associated with the two

neighbouring semantic partitions.

7.3. Fuzzy lnfetencing

Unlike the binary heuristic inference scheme (Prototype A) where statements arc executed

serially, the principal reasoning protocol i1 a Iuzzy inference SdlCtt1CS is a parallel processing

paradigm. II', Prototype A pruning algorithms and heuristics were applied to reduce the number

of rules exanuned, In a fuzzy inference scheme all the rules are fired. However, some have no

degree of truth in their premise and thus uo not contribute to the outcome.

The root mechanism in a fuzzy model is the proposition dnfcrence rule). These <1['(' statements

of relationship between the decision varinblcs and one or more output fuzzy regions. When the

fuzzy decision model IS triggered, a series of conditional fuzzy propositi ons is evaluated 1'0:'
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The degree of membership is also known as the 1II1'1II1>('/'.\lIil' junction ell' truthjunnion since it

establishes a one-to-one correspondence between an element of the constraint space .r lInti its

truth value indicating its degree of membership in the set. The surface of the fuzzy set F is

mapped through a tnuh RI'lll'rafillg,tilllctiOIl of the 1'01 In

HIGH 1,()W NEGLIGIBLE

II[,\:J

10

.1t:.::: LI'ST • t, [days]

~ •••• " . " " "(',;ristr:llrit ~il,i:/Ii.il;\iIVl?ivN:·i .. " .. " ... ~

LOW

{[[x]

o 5 10
,1/ ,",LPST . t, [days]

2

Fig.7.!. The decision variable IMMINlmCE and the fuzzy set LOW

A fuzzy set encodes the imprecision 01' fuzziness associated with the semantic constraint

description through its control surfucc, The shape of the curve represents the semantics of the

actual constraint. us defined by the domain experts and surmised by the human planners.



The degree of membership is also known as the 1II('/11/J('r.\'ltip function or truthtunction since it

establishes U one-to-one correspondence between an clement of the construint space x and its

truth V"lll(' illdi<:atitHT its degree of membership in the set. The surfucc of the fuzzy set F is

mapped thl'l'lt.)~he n illIt /.:(,11 (' I'(lfillg function of the form

II [x] r f(x E Fl

HIGH LOW NEGLIGIBLE

,ulx)

5 10 20o 2

,11'" LPST • t, [days]

~ •.••.••. '('(;,isll:llril"i)ii~\:1i5';~jl:Vl~l;;N:'i'.....•.. ~

LOW

pIx]

pllU31

() 2 5 10
?it::;: LP8'1' '1, [days)

I"ig.7.1. The decision varluble IMMINENCE and the fu'l,zy set LOW

A fuzzy set encodes the imprecision 01' fuzziness associated with the semantic constraint

description through its control surface. The shape of the curve represents the semantics of the

actual constraint, as dcflne« by the domain experts and surmised by the human planners.
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7. A 1"llZZYSET METHODOLOGY FOR SOFT CONSTRAINT INl'EREN< '1:'>;(;

7.1. Approximate reasoning

A great deal or work has been done on the theory and application of models which simulate

human approximate reasoning. Some of the most significant progress has resulted from the

application of fuzxy set theory. Fuzzy set theory deals with a set of events that do not have

crisply defined membership as in ordinary (conventional) set theory.

7.2. Representing soft planning constraints as fuzzy constraints

The linguistic expressions or quantifiers used by the domain experts to define the semantics III'

soft planning constraints may effectively be modelled as linguistic variables. At its root. a

linguistic variable is the name of a Ill':.;:',\' set, directly representing 11 specific region in the

underlying constraint space. Fuzzy models manipulate linguistic variables.

Linguistic variables " ere found to encapsulate the properties of approximate or imprecise

constraint semnntics in a systematic and computationally useful rnanner. They reduce the

apparent complexity of real-world planning knowledge by matching semantic labels to the

underlying constraint spaces.

7.2.1. Fuzzy sets

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

() a horizontal axis of monotonically increasing reul numbers that constitute the population of

the fuzzy set

o a vertical axis between 0 and 1 indicating the degree of membership in the fuzzy set

o the surface of the fuzzy set itself that connects an clement tu decision variable value in the

constraint space) with a degree of membership in the set
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Uncertalnt» ill planning /il/owledge

A knowledge base is a repository of human knowledge, Since most human knowledge is
imprecise ill nature it generally follows that the knowledge base component {If a knowledge-

bused system is II collection of rules and facts which arc often neither totally certain nor totally

consistent. In conventional knowledge based systems uncertainty is dealt with through II

combination of predicate and probability-based methods [1)(1]. However, there arc setbacks to

their lise in real-world planning domains:

o consistent application of these methods is not computationally feasible

o generally, the necessary inter-dependencies and probability distr" mtions arc not known

Moreover, these methods generally cannot resolve the inherent uuccrtainty of the information in
the knowledge base. As n result, they arc mostly ad-hoc in nature.

The remainder of this report describes an alternative approach to the management Of -rncertainty

in soft constralnt inlercncing. The approach is based on the usc of fuzzy set theory, which
forms a theoretical basis for the representution 01' approximate reasoning,



6.5. interpretation of results

In the current literature one often finds counter claims regarding the (previously published)

success of knowledge based planning applications, For example, Kuthawaln ('I II/ {KI)1 claim that

the results of the ISIS [55] application haw been mixed - the system works in that reusonable

plans are generated. but they arc often less satisfactory than was originally hoped, Typically,

unsuccessful implementations result from a failure to meet the anticipated final performance

requirements In some cases, the system is not accepted by the end-users or is not used for its

intended purpose, Fox et al [55] postulate that automated planning , or planning decision

support - is often .educcd to periodic runs whose ouq.uts provide guidance for future loadings,

SOft constraint iuferencing

As with Prototype A unsuccessful implementations often result - at least partially - from the

inability of the decision morel to effectively resolve the uncertainty inherent in soft constraint

inferencing, Soft constraint infcrencing appeared to depend upon imprecise and unstable
criteria. The related part of the decision process was thus considered as 1I0t defInitively
repeatable. Consequently, evaluating the truth 01' falsity of an TF clause according to the

Aristotelian binery logic and executing the tnt» clause in a correspondingly crisp manner

proved to be an ineffective approach for soft constraint inferencing. Consider the following

binary heuristic inference rule:

IF 0 5 Lit) < 1 (') 10 5 LiWil < 15 n 0 5 .1gi] 5 0.01 (') 0,2:::; ,1Sj 0.3

THEN ~ E TS(lo5oJo3)

This rule implicitly prioritises a task ~ by virtue of its membership in the relevant task space

reglo: This occurs prior to the assignment of a cost eil to the instantiation Ai)' The above rule is

b.iscd upon a rigid semantic partitioning of the soft constraint spaces [.1t. L\w. Lig, .1S], Coding

k..owledge in this manner results in a cognitive distance between the decision model and the

domam experts as it forces the domain experts to dichotomise their thought patterns at

essentially artificial boundaries. In order to effectively model ambiguity and vagueness, all

i1!flllite-l'aluc'cllogic approach is required.



6.4. Conformance to selected planning objectives

Three quunthluble indicators from the set of planning objectives were used to measure the

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

e quallty-nrecedence cost [actor i.e. the average planned ratio of slab not regarded as prime

material [011) - approximate improvement ratio -0.17]

e S(,(]IIl'IICefactor i.e. the average number of tasks between casting iuterruptions [0[2J -

approximate improvement ratio -0.09]

o the delivery-date achievement ratio i.c. the ratio of tusks planned on-time to the total

number of tasks in sequence [0[.11 - approximate improvement ratio ~0.121

[rellltlv6 Improvement ratio]
1.2

0.9

-IJ-O[1]"
"~ -0[2]
-0-0[3]

0.8

0.7

M-/-..,...-,-..,---.--.,....--r--....-.,r--r---.----,....-..,---..,----,....-...--,---,r---r--i
1 2 3 4 5 678 9 10 11 12 13 14 15 16 17 1B 19 20

[evaluatlon~ sarles]

Fig.6.S. Conformance to planning objectives

Moderate gains on all three indlcators were realised [Fig.6.S]. In effect, the prototype served to

Ruhle 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 accepted by the planning operutors and supervisors.
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The rules were divided into two categories: those of a relatively general nature and those (hilt

were specific to the stcelmuking domain. The evolution of the rule base showed a general trend

towards increasingly domain-specific rules, since it generally followed recurring attempts to

deal with unforeseen OJ' unexpected domain-specific irregularities and special cases.

6.3. Sequence generation time

The average time required by the planners to generate production sequences reduced
significantly, as shown in Fig.6.4. Prototype A proved to be incfflcient with respect ;0 both

memory and CPU requirements. primarily as a result of the extensive data search and
manipulation cycles employed with the two-phase reasoning approach (sec 5.4). The average

sequence generation time stabilised at approximately 30 ,<1 40 minutes.

O+-~~--~~~--~~~--~-r~--~--r~--~~~--~~
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

[evaillatlons serles]

[Hours]
7

6

average manual sequence peneratlon timE5

4

3

2·

li'ig.6.4. Average sequence generation time (Prototype A)

Note that Prototype A initially required more time to generate solutions than the manual

sequence generation process itself. As the knowledge base was expanded, pruning algorithms

and heuristics were included so that the number of niles fired was reduced, thus, in effect.

improving the efficiency of the search procedure. However, the exponential increase in the size

of the knowledge base meant that it became increasingly complex and difficult to maintain.

50



Repeated attempts were made to resolve the behavioural deficiencies:

o new knowledge was progressively added to the knowledge base ill e.Iorts to handle

additional special cases

o the domain experts modified the original knowledge to correct errol's in it

Another interesting aspect of the rule-base evolution was the utility of the knowledge for each

required improvement in system functionality. That is. the extent to which the rule-base had to

be extended to incorporate the new functionality, given the occurrence of new conditions

requiring new 01' modified rules.

(No. of rules]
200

160
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140

120

100

80

60

40

20

;~

I
I

I

The trend was clearly towards an increasingly larger amount of rules required to effect minor

improvements in system functionality, As an attempt was made to reduce the level of human

intervention - to improve the consistency and rellability of the decision support function - an

exponentially increasing set of binary heuristic rules was required to deal vith an expanding

I IIIcerta ill decision ;:011("

o 4
1 2 3 4 5 6 7 0 9 '10 11 12 13 14 15 16 17 1B 19 20

[ovaluatlons serIes)

[Eldlltiill,q I'ro/llCIII "IJt/l'c'''Orlll(//is(/tirJII il/ferelll'f,II

Fig.6.3. Rule-base evolution (Prototype A)
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The two discrepancies in Table 9. I resulted from ('o/lt/,c/dicl(//,y knoll'ledge' i.e, the reasllnilll\

applied by the human planner timing the evuluutlon did not coincide with the way ill which till'

niles had been explicitly defined in the prototype. The rules in question were isolated and

modified. The prototype responded by re-assigning the highest 11'1 to the instantiation sulccted

by the human planner. In both cases the model was rectified within a matter of minutes. The

high level of planner-prototype coherence uchicvcd with Prototype B under cuntrollcd fC.I'1

coudttions significantly increased operator confidence in the system.

9.1.1. Response to operator Pl'd~'~l'encc

Prototype B allows the operator to place a relative bias on specific planning objectiver, viti

tuneable bias parameters on the OPCI'a!,)l' interface (see 8.3.2). Fig.9. I shows the results of it

sensitivity analysis @ the application of bias to decision variables in the prototype. The

prototype responds by attempting to reflect the bias in the generated solutions.

The extent to which the prototype inc!' porates the bias depends upon the chamctcristic nature

of the problem space i.c, no planning constraints arc violated, although particular constraints

may be relatively compromised or relaxed to reflect the bias entered by the operator.

9.1.2. Sensitivity annlysis with respect to fuzzy set morphology

Detcrmlnlng the shapes of fuzzy sets is an important part of the modelling process since the

fuzzy set morphology determlncs the correspondence between the decision model and the

semantic descriptions { f the soft constraints • as specified by the domain experts. If the fuzzy

sets are not properly sh iped, then tl',! degree of membership may either be to high OJ' too low.

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

specified since their specification arises from humun thought and cognitive processes.
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9. EVALllA'I'ION (PROTOTYPE U)

9.1. Evaluations t/l'jot' to Implementation

A series of pre-implementation tests were carried out ott the fuzzy decision model to determine

how accurately the model emulates the approximate reasoning of the human planners und to

calibrate the model where discrepuncies occurred. In each test u seed task r, and a random

series of instantiations were generated. The objective of the test was to determine which

instantiation Au represented the best follow-on task "C, for the designated seed tusk rio First, the

human planner selected a follow-on task. after carrful inspection of the available series or
inst.ntiutiona The fuzzy decision model was then executed, allocating an utility vulue II" III

each instantiation. The results nrc shown in Tnble.v.I.

PI(/IlII1!/'-Protot.~1)e coherence was defined as (:11 exactly matched selection of 't', between the

prototype and the planner i.e, where the prototype allocated the highest U
"
to the instantiation

selected by the human planner. The same tests were curried out on Prototype A. Clearly, the

binary heuristic inference scheme presents a departure from the mental schemata followed by

the 11LlmUIl planners. In contrast, the fuzzy inference scheme cmula.cd the reasoning PI'llCCSS of

the human planners with unexpectedly hign accuracy anti consistency.

Table 9.1. Planncl'''prototype cohercnce in the prioritisution of instantiations

Planner-prototype coherence ratio Prot
(/:'ro/llatilll! I/rU" 101'/".\/.' l/o3() ill :\l'l'clldi\ h)

Discl'e uncles (Protot c B) Hun
1. Test.'I (I~I"I' /(1 i\Jlpt'lIr1it H) dl,

jll'"

"1[.(,,
t1S

0.47

.. I Prototype Botypc A

0.98,
un Planner Prototype B

1 :11, ()

.sn JII"I 100
O.DD (.It/IIII' iiiadd ,1'(/'1 n.1l5
OJ7 ,1\' l.O()
3 dr, 1
() ::111'" 1()1l
().O<) .:1[.('1 11.11)
0.10 JS, n.:!)-11I/1(lIlOI,I\'«//a/l/cr/,'/iI Il« .\dlUp/( si.ctor fIJ,' ,\I rd tusk» ~TI ) n,l'

2. Test 11 (/('/<'I'/'I/\/'I'<'IIdil III

Tilt' g,'I/l'lri/WIi "1.,wll!'l .... 11'11'based (Ill" MIIII/(',(ill/(1 .\ll/iI

/1111 witli 15 <,,,,!l,/,' 1/l.I/rilll;ri",I//\ (,1., I It'l'.\('f',{ lalk
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8.3.2.Responding to the preferences of the operator

The operator may emphasise a particular preference by tlllli11g the bi;1., pauuueters 1111 the

planning parameter interfucc, One bias parameter exists for every soft constraint, Each bias

parameter has an integer value in the range [L 2], The bias parameter is manipulated by the

operator via It simplistic graphical slider, The fuzzy decision model accommodates changes in

bias dynamically and incorporates these into the selection (If tasks for sequencing,

Each bias parameter is associated with a bias l'o(:lflci.'/I! 8, 1'01' (,l'C'I)' fuzzy set f on the related

constraint space, The bias coefficient 0, provides a modified preference measure for the

associated semantic partition of the constraint space, When the model is initialised each bias

coefficient has a default value of r 1.0] and it~future value is determined by proportional scaling

of the bias parameter on the operator interface, During execution of the funs decision model

each singleton is adjusted by the truth of the proposition predicate lind scaled by the bias

el'~'('ficicnt for each proposition that specifics a particular point in the output space:

k
S, f- ( I1bi ) />/1 S,

where k :;: the set of relevant semantic partitions ()VCI' the soft constraint spaces .1\\', .11. (ls, .1g,

8.4. The search method

Prototype B applies essentially the same scare; I metl.od as Prototyp> A (see 5.4.2), However,

only one state-space is considered l.e, partial and complete sequences are concurrently

generated, Moreover, the cost Cu of each instantiation AI) is based upon u fuzzy constraint

analysis, The cost (,j IS effectively the scalar output utility value III) determined by executing the

fuzzy decision model fur the particulur instantiation A'I' The most optimal i.Jstantiatioll is the

one associated with the nunlmum fuzzy mismatch between 1/ lind tl i.e, the instuntiatlon with

the highest u("
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The degree of utility U is derived from the intersection of all the fuzzy objectives (//-:

01'

Ill' ::::mill {lib liJ, '''' Ii:.-}
where lil! = the degree of member-hip in the consequen: fuzzy region

u = the degree of membership in the relevant semantic region (fuzzy set) or the
related fuzzy constraint spaces

v:::: the total number of semantic regions defined linguisticully by the domain experts

Thus. the consequent fuzzy region is restricted to the minimum of the ptcdicnte truth. The

output fuzzy legion is updated I)y taking the maximum of the minimised singletons:

Sk = mox [llurI)' .,,' 1~(j(II)] in the interval lt), 1J

where Sk = the output singleton value

II = the total number of propositions

This is the well-known min-max implication method. When all the propositions have been
correlated the output space conrains u fuzzy region that reflects the contribution from each

proposition.

The output fuzzy region is then (h..!'uzzified to return a crisp numericul utility value III) for Itl).
The centroid method of dcluzzificution is applied in this investigation:
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8.3. The decision model

Prototype B is essentially a fuzzy multi-criteria decision model [I) 11. Each instnntintiou All has

the same q soft decision variables iq= [.1(, jw, o.'is,,\qjl. Fill' every instantiation. the decisku:

variable values of the node task r, arc compared with those of another task designated as a trial

task r, which is randomly selected from the set of .';.feasible instuutiatious at that node. The

allowable range of each soft decision vuriable • defined by the hurd barriers of the related soft

constraint- serves as the universe of discourse over which the fUlZY sets arc specified.

A particular crisp (input) value of II decision variable" such as L111',/ • is fuzzificd by menus of

the respective membership function. producing a fuzzy number (possibility measure) !il! in the

interval [0.1 J. In turn. the procedure is repeated fOI' all « vnrlables,

8.3.1. Inference mechanism

The structure of the fuzzy inference scheme is described as n.llows [91]:

Ll:L 'A:::: {A.i)I}::: 1, ... z) be n finitc set of feasible nlternativc instantiations to be compared at

any search node i

Let 0 ::: {(}"Ia ::::I, ...• k} be a finite set of implicit planning objectives ~ derived from a finite

sub-set of soft constrnints [C = {c/ll b ::: 1, ,.. ,q}] ~ according to which the desirability or wility
of a decision is judged.

The goal is to de:terminc the degree of utiiity til} 1'01' each alternative A" with respect to the set of

planning objectives. The attainment of a fuzzy objective 0" by alternative Alj is expressed by the

degree of men bership tir [Vj] in the related fuzzy set f (1j is the decision variable value

ussociated with trial task,£] of instantiation Aij).
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111(' reprcscutution (?f' operator p"(~/i'I'('II('<"\'

The human planners may communicute their preference policy to the prototype via a planning

parameter lnterfucc. By modifying parameter values on the interfnce, the planners effectively

callbratc (he decision process according to their actual 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 .\' is Y AND v is U AND ... AND H' is Z THEN S,

arc represented in a tabular formal [Appendix 5]. The table may be updated on-line by the

operator. The fuzzy propositions nrc defined by the human planner and approved by the

external environment.

8.2.3. The output fuzzy region

The output fuzzy region is represented as a singleton geometry space consisting if 1() sparse

singletons [Appendix 6]. In effect, every proposition is given a relative weighting from I 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 relutc the

two fuzzy propositlons

IF dg is SMALL AND dl is EXTREME AND ,:ill' is lVlDE AND ds is LOW THEN UTILITY is 89

IF dg is SMALL AND At is Hmn AND Aw is WIDEAND ,js is I.OW THEN UTfLI7'Y is 86

by assigning the relative values of S~ and Sr, to them.
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The representation o] operlltOI'i'rc:/('/,C'IIc'c'.l'

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 according 10 their actual preference.

8.2.2.The fuzzy planning propositlons

Since the fuzzy proposition', 01' rules support the inferential mechanics of the fuzzy decision

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

IF .t is Y AND v is U AND ... AND w is Z 11lEN S;

are represented 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

external environment.

8.2.;'. The output fuzzy region

The output fuzzy region is represented <IS a singleton geometry space cons'sting if 10 sparse

singletons [Appendix 6]. In effect, every proposition is given a relative weighting from 1 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 fu;,zj propositions

IF tJg is SMALL AND tJt is RXTB.!1.ME.AND tJw is WIDE AND .ds is LOW 11JEN UTIUTY is 89

IF tJg is SMALL AND.dt is [{[WI AND L1wis WIDE AND L.\Sis LOW THEN UTILITY is S6

by assigning the relative values of S9 and Sr, to them.
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8. A [l(IZZV IN{t'(·:rmNCE SCHE!\tE (PROTOTYPE U)

8.1. The planning procedure

The planning procedure on Prototype B follows t',e same approach as on Prototype A (sec 5.2).

8.2. Knowledge representation

The knowledge representation method for Prototype 13 is bused on the sumc principle us for

Prototype A (see 5.3). However, various interactive knowledge representation screens were

added to the prototype. These screens allow the operator to modify Of' update any clement of

knowledge on-line.

8.2.1. Soft constraints and operator preference

All soft constraints arc represented as fuzzy constraint ~iJilCcs. The fuzzy spaces nrc represented
graphically on-screen [Appendix 4] The operator may modify the shape of any fuzzy set by

selecting the appropriate fuzzy control surface with a mouse and dragging the surface across the
screen. The prototype does not allow the operator to create illegal fuzzy set shapes.

The planning objectives are implied from the semantic representation" the fuzzy set shapes - of

the related constraints and the fuzzy proposition table [Appendix 5]. FOI' example, consider the

temporal delivery-date constraint. As the current time approaches the LPST of any task r, the
urgency of the task is perceived to increase.

For instance, if the LPST is less than two days into the future the fUZ1.yset EXTREME will have II

relative degree of truth i.e, u[11 > 0 (T < 2). The reader will note - in Appendix 5 " that all the

propositions for which EXTREME is un antecedent have a relatively high singleton value [S5 "

S/IIJ. Thus, the instantiation AI} related to a tria! task r, will have a relatively high utility value II"

even if other criteria" such as stock integrity and dimensional precedence factors - do not

contribute to its utility.
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7.4. Probability and Possiblllty

At the rnathematical level, fuzvv (truth) values nrc commonly misunderstood to be probabilities,

01' fuzzy set theory is interpreted as a new way of handling probabilities, This is not the case, A

minimum requirement of probabilities is additivity i.e, probabilities must add tF' to I or the

integral of their density curves must be 1, This docs not hold in general with membership

grades (truth funct'ons),

Semantically, the distinction between fuzzy set theory and probability theory translntes to the

notions of probability and n degree of membership, Probability statements arc concerned with

the likelilu 'xl of outcome of well-defined events, With fuzziness (imprecision) one cannot

express unequivocally whether an event occurred 01' not - the objective is to model the ('.\"1('11/ to

which an event occurred, In effect. fuzzy set theory is concerned with the imprcclsion that is an

intrinsic part of the event 01' concept - it attempts to charucterlse imprecision 01' undecidability

within the control .1'(1'((('(11,.(' itse~( ruther than in the outcome of the model. Moreover, fuzzy

systems can represent a more complex possibilit» space than probabilities [go] for the following

reasons:

I:) their cumulative distributions can slim to less than I 01' more than I .. this is due to the

iuterpretntlon of a fuzzy set as a possibility rather than a probability

II they are independent of II priori statistical frequencies: they provide It more intuitive method

of expressing concepts for which probability distributions arc unknown 01' unattainable

I:) they are able to reflect the imprecision in probabilities themselves since fuzzy models can

reduce contradictory (conflicting) solution states to a fuzzy surface

o they can 1110renearly represent decision variables; they provide a mathematically sound anti

semantic-based modelling capability at u high level of abstraction where changes in the

system are reflected through linguistic modifications
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Since piecewise lineur interpolation bctw~'('11 the singleton points is lised to construct an outpu:

fuzzy set representation, dcfuzzlficution ill singleton and fuzzy set based models is essentially

equivalent. In fact, the centroid defuzzification method is simplified:

LtiJ1S
II:"'~--·-

LIIS

Singleton representations generally provide much faster defuzzuficution ~ because the entire

area need not be integrated. but since 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 geometry
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The centroid technique effectively finds the balanc« point or the output ['uny region by

calculating its weighted mean. Arithmetieully, this is lormulutcd as:

"LclP(ll)
It~ *,-,'_.~-

2.JI{cl)
I

where d is the ith point of the solution space (fuzzy region) and lied) is the IMh membership

value fA' that point w in effect, the centroid technique finds the centre of gravity of the output

ftlzzy region.

7.3.4. Singleton geometry output spaces

The output fuzzy legions arc 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 arc 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

IF (w is Z) 0 (y is W) " ... Q (u is S) THEN 8,

where S, is any of the singleton 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

where PII' 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 truth of the

proposition predicate for each proposition that specifies a particular point in the output space

[Fig.7.31.
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'Iuhle lO.1. Comparative antilysis (Prototype A, •Prototype B)
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10.3. Additional benefits (fuzzy decision modelling)

Apart from improvements in the prototype behaviour. various additional benefits were accrued

with the fuzzy decision modelling approach,

10.3.1, Reduced model complexity

The fuzzy inference scheme proved to be well suited to modelling the highly complex, nOI1-

linear problem spaces encountered at the steelmaking domain, The fuzzy inference scheme
FP



The knowledge base had to he consistently updated lind explIll(.kd as 111.'\\ ; «l unexpected

conditions arose. In effect, the decision model 1I11t/t'/,,\jll'c'(flt'cl the problem. The author

concluded that a prohibitively large number of binary heuristic inference rules would be

required to secure consistent and reliable decision support.

In addition. the human pltUlI1C1Swere found to resist a model on which they could not

effectively impose their variable decision criteria. The rigidity of the binary heuristic Inference

approach did not allow for such a capability within the realm If u reasonably contained and

transparent knowledge base. Every modification to mft constraint semantics 01' inferential

propositions required code changes to the rule basco

10.1.2. Prototype n

The fuzzy inference scheme emulated the reasoning process of the human planners with

unexpected accuracy. Moreover, the knowledge base was found to be highly transparent and

maintainable. The fuzzy decision model required fewer rules and the knowledge representation

method was intuitively clear to the operators. Under simulated conditions, the system matched

the decisions of the human planners with almost absolute precision. Under practical c.;l ditions,

the system provided consistent and reliable planning decision support. Prototype B was fully

accepted by the Pi' '11.ing operators and supervisors.

The superior performance of Prototype B [Table 10.1] was attributed to fuzzy representational

and prioritisation techniques for reasoning with soft planning constraints. The robustness - the

consistence and reliability - of the inference scheme made it possible to introduce almost any

constraint - 01' constraint semantic properly " that was deemed appropriate by the domain

experts.

10.2. Comparatl- • analysis (prototype A () Prototype U)

Table 10.1. compares the usults obtained with Prototype A and Prototype B.
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10.1.1. Prototype A

Although moderate improvements in the decision vocess \\l'j, " ..lr.cd [Tahle 10.1] the

prototype was not accepted by tilt' end-users. The seemingly paradoxical nature .>1' these results

was attributed to the inability of the binary heuristic inference scheme to model uncertainty in

soft constraint inferencing.

The following problems were encountered during: the formulation of thl decision process:

o The planning process was virtually undocumented which caused a high degree or
dependency on the private knowledge of the domain experts. This knowledge is held in a

largely intuitive. undefined format. It was generally communicated inlillgllistic expressions

or, at the very least. linguistic quuutiflcrs.

o The external environment consisted of mulstple domain experts from various sectors.

Consequently. the planning knowledge was often conflicting, inconsistent and unreliable.

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

production process was dispersed and not eas.ly clarified by the relevant domain experts

Prototype A failed primarily because the binary heuristic inference scheme enforced a ril[id

semantic partitioning of soft constraint spaces. The domain experts were required to explicitly

and absolutely define the partition boundaries. The consequent fragmentation of the planning.

knowledge resulted in:

o a collection of inference rules that provided neither consistent no!' reliable results

o ,\11 unnecessary multiplication of (inference rules

The binary heuristic inference rules presented a cognitive distance between the numtnl schematu

of the domain experts and the manner in which their knowledge was rep resented in the decision

model. According to Suh ('t at [93] most or the problems concerning unsuccessful

developments of' knowledge based systems stem from non-technlcul issues such llS cognitive

problems, rather than from purdy technical iss res.
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10. SrMMARY ANI> CON(,Ll'SlONS

Using the steelmaking domain as a real-world case study, the uuthor observed that the human

planners spend a large part of their time consulting with various persons in the external

environment to determine hoI\' particular soft constraints should affect the selection of tasks rol'

sequencing,

The external environment essentially consists of all domain experts with whom lhe planner

consults during the gcnerution of production sequences. These persons impose 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 environment tor

the steelmaking domain was found to consist of':

(I sales employees and clients - with whom the planner consults on delivery-date problems lind

order' prioritisution issues

o line supervisors, production engineers and line operators ut the steelmaking plant M with

whom the planner consults on sequencing precedence and preference issues as well as

resource availability restrictions

o engineers and specialists in quality control and manufacturing operations - with whom the

planner consults on production quality issues.

II line 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 senior management - who impose specific organis,Hional goals on the planning decision

process

10.1. Acceptance of the prototype

Heizer and Rem' ~r [9:2] S .1ggest that the planning operators and supervisors want to understand

how and why the model: on which they HI'C basing important decisions work. Vollmunn et al

[J] indicate thnt the logic of the applied method 01' technique must be transparent to gain

ucceptancc. These factors provided the motivation for the kn. vledge-ouscd approach followed

ill this investigation.
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variublr« [.lel, <\11', ,js, .1gIand the utility or dl.!sirabilit~, of the trial task '" The L'l'ltainly luctor

is simply tucked Oil (0 the consequent.

In effect, both predicate and probability-based methods rely on an assignment or ccnainty

measures outside the model itsl~lr. In contrast. fuzzy logic represents uncenninty and

imprecision ;1" an intrinsic part of (Ill' decision model, In this respcc', the ful.l.y decision mode!

provides a better, more consistent and more mathematically sound method of nHlI\agint~

Ullcl'l'tainty in planning knowledge, The fuzzy decision model produces an estimu'ed utilit»

:,,~ ,\t'il inslp' tiution A,: with a degree or membership !truth) in the relevant consequent

Note that tht.: bias coefficients in prototype B (SCI. HJ.2) sCIW only to increase

, UCgll'C \ I ••cmbcrship in the relevant consequent fuzzy region.

Till! degree \.,r . .remhershlp represents the compatibility of the decision model with the bc'icf in

thl~ im:,licatioll function between the decision varinble values (associated with A,,) and the

output utility value 11,/. No such compatibility exists with certainty measures. While the fuzzy

decision model predicts and generales an answer, certainty measures arc applied 10 an answer

tnut mUM already be known 01' nnticipnted,



A single part of the decision model. which may have only a small effect on the output, could be

tested so that it was the only part affecting the output • this was how all prc-cvuluation tests

were conducted.

Improved hlllldlill~ (!f'lIl1ceI'tClillly

The handling of uncertainty in knowledge-bused decision support syst'!lllS is an urea of

continual debate. The methods employed by conventional knowledge-bused systems lire

Bayesian probabilities or some form certainty (confidence) factors. These methods imply that

the domain experts must supply the prior conditional probubility - or certui }ty measure - that

particular decisions 01' inferences will be observed when a specific instantiation is encountered.

Usually, these values arc not known 1I priori lind the domain experts thu« have to assume them,

Probability dlstrlbunons cannot generally be nppl.ed in real-world planning decision support - it

was certainly not possible in this investigation N because we are concerned with tile degree of

truth and not with the probability of outcome. Moreover. the statistical data required to define

distributions generally docs not exist 01' cannot be trusted in real-world domains.

Alternatively. while certainty factors proved lh"1t' usefulness in early knowledge- based.

applications [90J they arc an essentially ad-hoc npproach to belief management. often subject to

unpredictable interpretations by the domain experts and human planners. In addition. this

approach may lead to a prohibitively complex decision model since a large number of certainty

measures have to be defined and maintained. Consider the hypothetical rule Cor a pnrticular

instantiatlon Au:

IF 0 '5,,1d < 1 " 10 ~ L\W< 15 (\ 0 '5, ,1g :s; O.(j· (\ 0.2 :s;.1s 0.3

THEN t) E TS(l0So!o3) [('1'=0,75]

As with the relative ratios [PI. P2. P3. p.,] applied in Prototype A, the certainty factor (If 0.75

says little about the intrinsic relationship between the set of soft constraints 01' decision



This had two important side benefits

o the decision model could generally he modified with fewer induced errors,

o the relative simplicity of the model meant that logical 01' structuml problems could be

located and fixed in a minimum amount or time,

The same case of maintenance <\11(1 understandability also meant that the model could he

validated with greater precision and for a wider variety of input cases, This significantly

increased operator confidence ill the model, Moreover, the prototype allowed the operators to

modify virtually all planning knowledge on-line. The operators were thus able to (:ili'C'li\'eiy

impose their variable decision criteria Oil the model.

The ability to model (,01(tli('till~ knowledge

In the current literature, there is almost always an unstated assumption that one expert exists 01'

that all the experts in the field are in complete agreement. In the real world of decision

modelling, this is not the case. Real-world planning decisions have no simple solution and

involve conflicting views from domain experts in the various sectors of the external

environment. The fuzzy inference scheme is well suited to representing amI reusonmg with

conflicting knowledge. This was a major contributing factor in:

o the improved consistency and reliubility of prototype generated solutions

o the reduced complexity of soft constraint representation and infcrencing

Improved control qf'thl' decision process

The parallel processing structure of the fuzzy decision model - the evaluation of propositions in

parallel - proved advantageous 1'1'0111 a prototype development, coding and calibration

perspective. The fuzzy propositions were easily understood by the human planner and the

domain experts. because they arc formulated on the basis of intuitive reasonlng, The planner

could easily interpret the effect 01' outcome of each proposition. The inferences associated with

each proposition could he tested individually.
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9.3. Interpretation of results

A significant benefit of the fuzzy inference scheme was the ability to encode knowledge directly

in a manner that is close to the way that the domain experts and human planners themselves

reason about the decision process. This proved to be the primary failure of the binary heuristic

inference scheme - the domain experts were forced to deconstruct their expertise into t.agmcnts

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 W<lS

easier, 11100'ereliable. and less prone to unrecognised errors or ambiguities.

Reduced model annplexity and huprovcd svstenunaituainabilliv

The fUl7Y 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.
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containing one clement for every possible combination of decision vuriuble values. The matrix

is updated by executing the fuzzy decision model for every one or these insrantiations. During

actual sequence generation the utility value 1/'1 for any particular instantiation it)} is directly

kIG11{'dvia an implicit transfer function i.e, the arruy-ludex for the correct 11'1 is a function of the

decision variable values defining it,},
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Fig.9.4. Average sequence generation time

9.2.3. Conformance to planning objectives

The fuzzy inference scheme improved the conformance of planning decisions to the

requirements 01' the external environment [Fig.9.5]. Three indicators from the set of planning

objectives were used for this evaluation:

o quality precedence cost f(lctol' i.e, the average planned ratio of slab not regarded as prime

material [Ot I J - approximate improvement ratio -0,31]

o sequence factor i.e, the average number of tusks between casting interruptions [ol:!1 ..

approximate improvement ratio -0.23]

o the delivery-date achicvemm! ratio i.e, the ratio of tasks planned Oil-time to the total

number or tasks in sequence [ol.~l " approximate improvement ratio ,~0.421
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9.2. Evaluations after lmplementation

The planners generated 50 production sequences using ProIOlY(1l! B. The results over the full

evaluation period arc presented here.

9.2.1. Degree of human interventiou

The level of human intcrvcntiou reduced significantly and remained relatively consistent

throughout the cvaluutlon period - Fig.9.3 clearly shows an increase in the consistency and

reliability of prototype generated solutions with respect to Prototype A.
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9.2.2. Sequence generatlon time

The fuzzy inference scheme completes processing without involved calculations and with a

significantly reduced rule-base. Consequently. the sequence generation time \V(lS significantly

reduced [Fig.9.4].

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

implementation of ajil::'::'.v ,I, cislon matrix. This matrix is effectively a multi-dimensional array
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Consequently, there arc «biectivo factors involved in II. -ir specification and various domain

experts may moreover disagree OIl the L'XlH:t semantic nature or pa\tiliollill~ of Ih..: constraint

spaces,

Prototype B applied either trapezoidal or triangular fuzzy set shapes [Appendix ,~j,A subjective

fuzzy set elicitation technique was used. in the sense that the domain experts were allowed In

define the fuzzy set co-ordinates based on an intuitive understanding of the constraint space

semantics. More advanced techniques may be used to elicit fuzzy set shapes. For example, a

neural network may provide a sophisticated non-linear separability analysis on large quantities

of historical data. Neural systems have been used to find natural membership functions in data

and thus directly create fuzzy regions. In order to apply this technique with confidence, the

underlying data must evidently be relic/Me and well-documented ~ this was not the case at tnc

steelmaking domain.

Alternatively. if there is reason to belt eve that a complete (01' partial) mathematical model is

applicable for a particular decision variable. then mathematical surface sampling may be used.

By simulating the decision process and randomly sampling the control surface of the constraint

space, a relutioushlp between the perceived constraint semantics and one or more fuzzy sets may

be determined. Techniques such as the root locus method. frequency response plots. Bode

diagrams and polar plots provide sampling of the active constraint space surfaces, Although

such techniques may provide a mathematically structured approach for representing constraint

space semantics, there is no reason to believe 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 toleruncc for fuzzy shapes that arc not precisely drawn.

This contilbutes to the fundamental robustness of the fuzzy decision model i.e, it contributes to

the in)', lent 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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To whom it may concern.

We have been assisting Mr. LM Besteiro to develop a decision support system for the
development of steelmaking plans on a daily basis.

Although every effort was made ( by ourselves and all our colleagues involved wiOI steel-
making planning process) to provide the correct planning Informatlon, the old system
did not meet our performance requirements. There were several infrastrucruml problems
and shortcomings in the system which did not make it a practical system for liS to plan on.

The upgrading of the old system to Ole new system has resolved these problems. We fully
support the new system. It is a flexible system and we are able to enforce changing and
real situations on it. It is also a visual and effective planning tool.
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The fuzzy inference scheme was repetitively upplicd to determine the relative iltncs« llf

sequences during the search. In order to preserve the absolute order of tasks ill sequence during

crossover, the Precedence Preservative Crossover operator was applied.

The results of preliminary tests showed that the GA stabilised after ·<W " 30 itcrarions

(generations) with a cumulative utility value U
"
approximately 5';;, higher (on nvemge) thun

with the straightforward constructive backtracking approach. Although these tests arc

preliminary, the author is of the opinion that the collaboration between u fuzzy inference scheme

and n genetic search algorithm provides a powerful tool for constraint based plunning.

10.4.2. Expansion of the fuzzy knowledge base

Foul' soft constraints were considered in this investlgation [J/, .:1\1', .1g, JSJ. Although

Prototype B produced positive results in practice, the functionality of the system may be

improved by expanding the size of the fuzzy knowledge base i.e. by modelling a larger sub-set

(' (c E C) of planning constraints as fuzzy constraints. In particular. resource availability

constraints may be modelled on the basis of.fil::.~y time windows. This approach is described

by Dubois [94J.



10.4. Pertinent areas for further research and development

10.4.1. Impvovement or the search method

This investigation was concerned with the development of an inference scheme that exploits the

constraint knowledge in order to effectively guide the se .. ~h towards H solution. The inference

scheme was supported by a state-space search method employing constructive backtracking.

State-space search is based on the notion of hill·climbillg - lite search thus is local in scope.

The concept is illustrated hypothetically in Fig.IO.t. Starting the search in the neighbourhood

of the lower peak will cuuse the higher peak to be missed. The search is directed toward the hill

with the steepest gradient at its base region. Even where backtracking OCellI'S, the search is re-

directed in the neighbourhood of the current point.

f{x, Y}

Fig.lO.I. Hypothetical schematic of a multi-peaked problem pace

The quality of prototype-generated solutions may be improved i v increasing the explorative

capability of the applied search method. In this respect geneti: algorithms combine both

exploration and exploinuion at the same time in an optima) 'Ill iy, The author expevimentcd wit I

a genetic algor ithm (GAl, in collnboration with a Jr nowlcdg. consultant from the firm

Knowledge Based Engineering [:BJ.
84



required significantly fewer rules. Moreover, th~ rules were closer to thl.' way knowledge is

expressed by the domain experts, The fuuy rule-base was ~~s~nlially st"tiL' wnilc the binary

rule-buse showed a clear tendency towards exponential expansion us new rules were added til

handle new and unexpected situations.

10.3.2. Improved system maintainllbility

The knowledge representation scheme was tl'anspal'cP' and intuitively clear to the human

planner and the domain experts. This me.mt that logicul or strucuuul errol's in the model could

be fixed within .[ minimum amount of time and the model could be modified with fewer

induced errol's. Moreover. the model could be validated with greater precision and for a wider

variety of input cases- this greatl» illcreased COI(tld£'II(,C' ill the model.

10.3.3. The ability to model conflicthu; knowledge

Since the external environment invariably consists of multiple domain experts, the planning

knowledge is often conflicting, The (IIZZY inference scheme was capable of representing and

reasoning with conflicting knowledge. This contributed to the improved consistency and

reliability of the prototype and to the reduction in model complexity.

10.3.4. Improved handling of uncertalnty

Uncertainty 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 probubillty-bascd methods. There arc setbacks to the usc of these methods in

real-world planning domains, primarily because they rely on the assignment of certainty

mcarures or values outside the decision model itself In contrast. the fuzzy decision model

represents uncertainty intrinsicullv. Consequently, it provides iI superior method for modelling

uncertainty.
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,ApPENDIX 5: FuzZY PROPOsmONAL TABLE (INTERAC'nVE SCREh'N)
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APPENDIX 4: ras F1Jl.ZY CONSTRAINT SPAC2S (INTERAC'nVE SCREEN)
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ApPENDIX 2: THEVISUALISATION INTERFACE

Each cell indicates the number of tasks for each product type PI.

Product types are categorised according to steel grade (down) and
slab width (across)
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