Lab

Expert Systems

A Flow Shop with CompatibilityConstraints in a Steelmaking PlantJ�rgen Dorn and Wolfgang SlanyCD-TR 94/56Technical ReportChristian Doppler Laboratoryfor Expert SystemsVienna University of TechnologyInstitute for Information Systems

Abstract*We present a scheduling methodology for applications where the generation ofschedules is constrained by antagonistic and vague knowledge. Besides temporaland capacity constraints, compatibility constraints between consecutive jobs aremanaged. We model the vague constraints and uncertain data by fuzzy set theory.The importance of single jobs and and the difficulty to schedule them is definedon the different constraints and is used to control the generation of schedules. Apreliminary schedule is generated by considering the important jobs and thosethat are difficult to schedule first. Easy or not so important jobs are scheduledlater. Finally, the achieved schedule is �repaired� until a schedule is found thatachieves a given level of satisfaction. Since the goodness of solutions is rated byfuzzy sets, robust schedules achieve better evaluations than weak schedules.However, if no robust solution is found constraints will be relaxed. Thismethodology is appropriate for applications in process engineering whereuncertain knowledge is dominant. We explain the methodology with a case studyfrom a steelmaking plant for high-grade steel.

* This paper is also published in M. Zweben and M. Fox, Intelligent Scheduling, MorganKaufmann, pp. 629—654, 1994.

-1 -1 IntroductionScheduling of factory processes is the allocation of required resources to jobs to beperformed. Usually a job is identified with a deliverable product that has to meet a certainquality. A job may have a release and a due date. Associated with each job is a formalspecification of the product to be produced. Resources are typically those tools, units,materials, and personnel which are used or consumed in the production process. Associatedwith each resource is some formal specification of its characteristics and capabilities.A planner considers the specifications of the jobs and the resources and generates a set ofoperations called a process plan that produces the desired result with a set of explicit orderingconstraints on the operations and a set of resource requirements. Often these process plans arefixed for certain products. In contrast to a job shop, the sequence of operations is fixed in aflow shop.When several jobs are to be executed together, the composition of their resourcerequirements implies additional ordering constraints that prohibit simultaneous demands onnon-sharable resources. A scheduler must consider both the explicit ordering constraintsimposed by the plans and the implicit ordering constraints derived from the availabilities ofthe resources. The scheduler also must consider release dates, expected due dates, set-uptimes, and maintenance intervals.Scheduling or resource allocation is a problem that is examined in the Operations Research(OR) literature since the early fifties (Conway et al. 1967). Methods and theories developedare based on strong mathematical theories. Although the theoretical work brought severalimprovements over the years, it was never very successful in realistic applications. There aremainly three problems with these formal-analytical models from OR:¥the algorithms are too complex for real world applications¥the models demand exact knowledge about durations and technical constraints¥the effort to formalize a new scheduling problem is considerableKnowledge-based techniques promise a remedy, because they offer solutions for the citedproblems. First, in knowledge-based systems it is easier to apply heuristics to reduce theinherent complexity. Second, knowledge-based systems offer the possibility of reasoningwith incomplete, uncertain, vague, or probabilistic knowledge (Kerr & Walker 1989), (Berry1992). Finally, in knowledge-based systems the existing knowledge is described explicitlyand therefore it is easier to develop and maintain. The scheduling problem from thesteelmaking industry described here, can be used as a prototypical case to illustrate theadvantages of knowledge-based techniques.

-2 -In this application, approximately 45 jobs have to be sequenced for one production line. Ina mathematical model without using heuristics the scheduler must check 45! possiblesequences of jobs for constraint violations. It will be even more complex if conflicts betweenproduction lines are examined, or even more complex considering arbitrary idle timesbetween operations. The described methodology manages this complexity by applyingheuristics that the human experts used too.An important problem in the domain is the uncertainty and vagueness. The durations foroperations are only known approximately, and constraints are often specified vaguely. Mostmathematical approaches from OR could not address this problem. We solve this problem byapplying qualitative reasoning based on fuzzy logic.OR models assume a very idealistic view of scheduling problems. For example, for anumber of machines M and a number of jobs N with a goal function �minimize makespan�, asolution is computed. However, in most realistic domains the devil is in the �nuts and bolts�.If an additional constraint must be satisfied (e.g., machine m 1 should not operatesimultaneously with machine m2), a new model must be developed. In a knowledge-basedmodel an additional rule or constraint is added very easily.2 The ProblemIn a joint project between the Alcatel Austria-ELIN Research Center and the ChristianDoppler Laboratory for Expert Systems, an expert system was developed for the B�hlercompany in Styria (Austria), one of the most important European producers of high-gradesteel. The system supports the technical staff in the steelmaking plant in generating schedulesfor steel heats for one week (Dorn & Shams 1991). The system was implemented withPAMELA, a rule-based system developed by the Alcatel Austria-ELIN Research Center(Barachini & Theuretzbacher 1988). Although this system works well, we generalize theproblem and set the applied method on a firmer ground by making it robust with respect tothe influence of uncertainty and vagueness.2.1 Description of the EnvironmentThe B�hler company is divided into several plants. The steelmaking plant is the first in theproduction process. The produced steel is delivered to plants including the rolling mill or theforges. The steelmaking plant receives orders from these plants to produce slabs or ingots of acertain quality. The destination is important for the scheduling process, because the workinghours of these plants must be considered. Sometimes products are stored for several days inintermediate stock yards, because the next plant cannot process the jobs in the same sequenceas the steelmaking plant. The differing sequencing criteria of jobs cause considerable costs

-3 -for the company. Moreover, since the steel cools down it must be warmed up again in thenext plant. To reduce costs and to improve the quality, some orders have due dates.Wednesday morning, engineers of the different plants meet to discuss orders for the nextweek. Compatible orders that may have different destinations are used to form jobs. For eachproduction line of the steelmaking plant a list of jobs for one week is worked out manually.Usually the first shift in the steelmaking plant starts Sunday evening and the last shift endsSaturday. Sometimes fixed sequences for two or three jobs are given to facilitate thescheduling in the next plant. The task of the scheduler is to find a possible sequence for alljobs with violating as few compatibility constraints between jobs as possible and to allocateresources over time without violating temporal and capacity constraints. The result of thisscheduling process may be that some orders are rejected and shifted to the next week. Toreduce the number of rejected orders, general rules that explain what combinations of ordersmay be produced in one week are given to the subsequent plants. Nevertheless, theseconstraining rules may be violated to produce important orders.2.2 The Steelmaking ProcessPig iron produced in blast furnaces has usually more than 4˚% carbon and is therefore brittle.To get a deformable product, steel is produced by reducing carbon in pig iron down to 2˚%.For many high-tech products the quality of steel must be even higher. High-grade steel iscrude steel refined with alloying metals like manganese, tungsten, chromium, or others. Thesealloying metals have desired effects like compression strength, impact strength, and manymore. High-grade steels are for example stainless steel, high-speed steel, tool steel, andstructural steel. To reduce material costs, scrap iron with high percentages in the desiredelements is used to obtain high-grade steel.The steelmaking plant in Kapfenberg consists of three main production lines that sharesome aggregates. For every steel quality there is a process plan that describes whichoperations must be performed on which aggregates to produce the quality. These operationsand sequences must be only replanned when a failure occurs.The steelmaking process starts with the charge of crude steel and scrap iron in one of theelectric arc furnaces (EAF). The filling of one furnace is called a heat and already contains themain alloying elements. The furnaces have different capacities from 17˚ t to 55˚ t . The durationof the melting process depends on the ingredients but also on external causes. Since thefurnaces consume much electric energy, they are sometimes switched off due to voltagepeaks. Up to five hours can be required for the melting, but usually two to two and a half hourare enough. A fixed set-up and a maintenance interval of twenty minutes are included in thisinterval.The melted steel is poured into ladles that are transported by a crane to a ladle furnace (LF).If the preceding heat has a long processing time in the ladle furnace, the current heat must

-4 -wait. This slack time may not exceed two hours. The next step is a heat treatment in the ladlefurnace where the fine alloying takes place and whose duration is usually about the same asthe melting. Later a special treatment may be performed in the vacuum oxygen decarburation(VOD) unit or in the vacuum decarburation (VD) unit. The VD-unit can be converted into aVOD-unit. This conversion takes about three to four hours.The next step is the processing of the steel in a two-stranded horizontal continuous caster(HCC) to form slabs or the casting of it into moulds to form ingots. The teeming rate for theHCC is abouz 5 0 t / h . . If the casting format must be altered, a set-up time must be considered,too. For casting ingots, space in one of the four teeming bays (TB), where ingots can solidifyin the moulds, is required. Normally the solidification time for ingots in hours is half as muchas the weight of the ingots in tons.

VODVD

EAF5

EAF1

EAF3

LF1LF2HCCTB1TB4TB3BESTESU

VODTB2

Figure 1: Aggregates in the Steelmaking PlantFor example, a big ingot of 52˚t needs about one day. The storage places for big forging gradeingots (>˚ 1 9˚ t ) are limited. On the other hand, the effort for casting many small ingots is greaterthan for a few large ingots. About 70˚% of the jobs are cast into ingots.The B�hler-Electro-Slag-Topping (BEST)-technology is a special casting technology for bigingots. These ingots are treated additionally in the BEST-unit and for them only one place inthe teeming bays (TB1) exists. All aggregates and the routings for heats are shown in figure 1.2.3 Constraints in SchedulingDuring the construction of a schedule several constraints have to be considered. Theseconstraints are often vague, and they conflict with each other. The engineer has no pretensionto generate an optimal schedule because he knows that the uncertainty in the execution of hisplan would break this optimality. The engineer can decide that some schedules are better thanothers, but cannot give algorithms to construct the optimal schedule. The engineer considersthe following constraints:

-5 -2.3.1 Compatibility ConstraintsThe main problem in scheduling is that residuals of one heat in the electric arc furnace maypollute the next heat. The engineers use as a rule of thumb that 3˚% of a chemical element in aheat remain in the wall of the electric arc furnace and 3˚% of the difference of the elements intwo consecutive heats will be assimilated by the second heat. Of course, the 3˚% are alwayson the safe side and in some cases the expert relaxes this factor.Assume a heat h1 contains 20˚ ˚% nickel and a heat h2 that is processed afterward in thefurnace should have 4˚% nickel. The second heat will take approximately 20˚%˚ ˚ - ˚ ˚ 4 ˚%1 0 0 ˚%

Æ 3 ˚% = .48˚% nickel from the wall.When scrap iron is inserted in the furnace this amount is considered and only 3.52˚% ofnickel are taken. If the second heat may contain only up to .25˚% of nickel, then thissequence of heats is not allowed.The rule is effective for 42 chemical elements, but usually only 8 main elements areconsidered. Since not all elements react uniformly, exceptions exist that must be handledseparately. Due to the diversity of qualities, these constraints often cannot be met. Actually,eight to nine percent of all heats are destroyed. They must be melted again and may be reusedfor another less critical order. Besides avoiding such destructions, it is expensive to waste rareelements. If one job demands a high percentage of an expensive element like cobalt, the nextjob should use as much of this residual as possible. Although these compatibility criteria holdfor every aggregate in the production process (inclusive ladles), usually only the electric arcfurnace constraints are observed.2.3.2 Temporal ConstraintsSince some steel qualities require the cast steel to be hot for the subsequent treatment likeforging, there will be an appointment that must be hold within a tolerance of –˚ 2 hoursbetween the steelmaking plant and the next plant. The average number of jobs with such duedates is about 10˚%. Of course, these constraints are not really hard since they may be relaxedthrough negotiations with the subsequent plant. However, it is desirable to hold these duedates to reduce the time needed for negotiations.For some jobs no appointments are made, although their subsequent treatment should bedone immediately after casting. These jobs should not be scheduled at the end of the weekbecause usually the subsequent plants are not working then. Some jobs with difficulttreatments should be performed during day shifts, because an engineer should supervise thesejobs. Usually the treatments in the aggregates behind the electric arc furnace are shorter thanthe duration of the melting. However, for very high qualities the duration in the ladle furnace

-6 -is longer. Finally, the scheduler must guarantee that waiting intervals between operations maynot exceed a certain limit. An objective for the production is to have these intervals as smallas possible. This results in a minimization of the makespan which will reduce productioncosts. However, this objective is only a secondary goal function. The main objective is alwaysto have as few destroyed heats as possible. Since this objective cannot be determined exactly,the secondary goal function is regarded seldom.2.3.3 Capacity ConstraintsIf a heat should be cast in many small ingots, the load for the workers that set up and strip offthe moulds is larger than for few large ingots, because the handling of every mould takesapproximately the same time. The workers do not like to have many heats that are cast intosmall ingots during a short time period. One objective of the scheduler is to achieve a uniformload distribution over the planning horizon for the workers.The solidification of big BEST-ingots (52˚ t ) takes about one day. Since only one slot existsfor such big ingots, only one per day can be produced. The space for smaller forging gradeingots is also very limited. Since there is only one continuous casting unit, only one furnacemay supply this unit during a certain period. If two subsequent heats of one furnace should becast both on the continuous caster and have approximately the same steel quality, the castershould operate continuously. These jobs are called serial castings. As few delays as possibleshould occur between the consecutive jobs. If an amount of steel that does not make a fullheat is ordered, it can be combined with another of compatible quality forming a double- ortriple-casting. This means that only a part of the heat is poured in the refinement ladle.Durations of treatments in the refinement and casting process will be shorter in this case.2.4 Heuristics used by the ExpertsThe experts of the plant use heuristics to construct schedules. These are used to master thecomplexity of the construction and they are not used to evaluate a constructed schedule. If noschedule is found, some constraints are relaxed since it is known that usually there will beenough freedom during execution to correct the violated constraints. Again, this relaxation iscontrolled by heuristics.Before the expert system project was started, an attempt was made to schedule the heatswith traditional software methods. This project was canceled because the program handledthe constraints too rigidly. It was not able to relax constraints. It scheduled a lot of jobscorrectly that were easy to schedule, but some of the difficult jobs remained alwaysunscheduled.

-7 -2.4.1 Alloying CyclesAn important concept for the scheduling process is the alloying cycle. This is a series of heatsin which the amount of a chemical element is decreasing. For example, the concentration ofnickel could decrease over several heats from 26˚% to .5˚%. Several alloying cycles for oneelement may occur in sequence and several alloying cycles for different elements mayoverlap in time. Heats should be scheduled in this order. Additionally, the quality that isproduced at the end of a week affects the heats in the beginning of the next week. Thefollowing figure illustrates the overlapping alloying cycles. The figure visualizes the amountof nickel and chrome for the jobs of schedule 2-1 that was generated from the orders of table2.

chromenickel

25%20%15%10%5%

9101101

3265874

Figure 2: Overlapping Alloying CyclesOne important task driven by heuristics is the recognition of possible alloying cycles. This issupported by the experience of the engineers in the plant: the amount of an element shoulddecrease slowly over a sequence of heats, but can increase very fast. Additionally, the numberof peaks in this curve of a saw blade is kept to a minimum if possible.2.4.2 Scheduling BEST-IngotsBEST-ingots introduce some problems. Typically there are groups of such jobs with all ofthem having the same chemical quality requirements. They are usually forging grade ingots,should be delivered hot to the forge, and are low-alloyed, which means their amount ofalloying metals is very low. From the compatibility view point they should be produced insequence. Unfortunately, they solidify slowly and there is only one place for them in theteeming bay.Therefore BEST-ingots are scheduled at a rate of only one per day. Since they are low-alloyed, the furnaces will probably be high-alloyed in the intervening periods. Since theyshould be delivered hot, they cannot be scheduled before weekends or public holidays.

-8 -Therefore at weekends the furnaces shall be �high-alloyed�, and as a consequence theseorders contain many small ingots.2.4.3 Conflicts on the Continuous CasterThe HCC-unit is most economical if several heats with the same quality and format are castcontinuously without breaks. In case that such a group of jobs exists, these jobs should bescheduled one after the other. However, all jobs of this group must be in time for theircasting. After the processing of some jobs on the caster, a maintenance interval must bescheduled. Additionally, a set-up time of some hours must be reserved when a formatconversion has to be performed.Since the durations of the operations in the steelmaking process are very uncertain, theengineers prefer to charge the caster only with heats from one furnace. However, theysometimes change furnaces once per week. In this case, they decide when this change shouldtake place before starting to schedule single jobs. Further, they accept only one formatconversion. The expert schedules this conversion also a priori. Later, each job that requiresthe HCC-unit can be assigned to one part of the week.3 The MethodologyOur approach to solve the problems mentioned in the introduction is as follows: for a givenplanning horizon a first schedule is generated by first considering very important jobs andthose that are difficult to perform. To manage the given complexity, the schedule isconstructed without chronological backtracking. The importance of jobs is dynamic, thatmeans that the importance of one job may grow over time and is also dependent on the otherjobs to be scheduled.The preliminary schedule may not contain all jobs and still violate some constraints. In sucha case, jobs in the schedule will be exchanged to find a proper schedule. A hill climbingsearch method controls this exchange.To compare solutions, the system uses an evaluation function that is based on the givenconstraints. We use fuzzy set theory as defined in (Negoita 1985) and (Zadeh 1989) to modelthis evaluation. A fuzzy set is a set for which the boundary is non-sharp, with a gradualchange from membership to non-membership. Fuzzy set theory is a more general form ofnormal set theory and is associated with fuzzy logic, a class of many-valued logic, in whichstatements may have fuzzy-truth-values rather than being limited to the values true or false.Several formalisms have been proposed for the propagation of vague knowledge. Motivation for this choice was the ease of formulating knowledge that reflects the complexnon-linear behavior expressed by the human experts. Additionally, fuzzy-sets are well-suited

-9 -to model knowledge containing vague human-like formulations. Such formulations can oftenbe heard from human experts explaining their domain.After introducing a small case from the application, we show how the constraints arerepresented by fuzzy sets and how an evaluation for a complete schedule can be computed. Inthe third subsection, we explain the generation of a preliminary schedule. The systemgenerates the schedules iteratively, important jobs are scheduled first, then gaps in theschedule are filled and finally other jobs are scheduled. The schedule generated in this phasemay violate constraints and additionally some jobs may exist that were not scheduled due toconflicting constraints.Therefore, the last phase is a repair phase with a search for a proper schedule. Thisapproach is similar to those in (Minton et al. 1990) and (Zweben et al. 1990). They haveshown that the repair-based methods work well on large, real-world scheduling problems andare useful for optimization problems and over-constrained problems. Such schedules can onlybe found if constraints are relaxed, because many constraints are antagonistic. This relaxationwill be based on fuzzy sets.3.1 ExampleWe take a small case study from the described application to illustrate the proposedtechnique. We restrict the case study to two furnaces and the planning horizon to one day.Additionally, we consider only a subset of the given constraints to reduce the complexity ofthe example. The input for the �scheduler� are two lists of jobs for the electric arc furnacesEAF1 and EAF3.The name of each job identifies the quality of the steel. The column �time� gives thedelivery date or the preferred time. The column �type� is used to give further informationabout the processing: �C� stands for continuous casting, �B� for BEST-technology, �H� for hotdelivering, and �F� for fixed delivery. In the last column the number and size of ingots aregiven. Each pair represents the number of ingots and the ingot�s size in tons. For C-type jobs,the format of the produced slab is given.

-10 -NoNameTimeTypeNiCrCoMnFeVWMoSize h0M100H.11.2.00051.3095.10.005.00534/1,

8/1.65 h1M200H.12.0.00051.6094.10.000.2302/24 h2M238B1.22.1.00501.6090.10.005.2501/52 h3M238B1.22.1.00051.6090.10.005.2501/52 h4K460C.1.6.00051.1594.15.600.005157-13 h5K460C.1.6.00051.1594.15.600.005157-13 h6K455H.11.2.0005.4092.202.100.00516/1,

18/1.6, 4/2 h7K600H4.21.4.0005.5091.10.005.30033/1.6 h8S60011 amF.24.3.0005.35781.906.7005.20050/1 h9S600F.24.3.0005.35781.906.7005.20050/1 h10W300H.25.2.0005.5088.50.0051.400

1/24,1/1.1,10/1.6 h11W302H.25.2.0005.50891.10.0051.40014/1,

17/1.6, 8/1.3

Table 1: List for Furnace EAF1NoNameTimeTypeNiCrCoMnFeVW MoSize h0A101H12.017.8.00051.8069.10.0052.80023/1.6 h1A300K11.517.5.00051.5067.10.0052.3003/1.31,

16/2h2A506morn.K8.517.5.00052.0069.10.005.00515/1,

16/1.6 h3A604C10.019.0.00051.5069.10.005.00565-20 h4A700H18.010.0.00051.5070.10.005.1001/33 h5N310H.516.5.00051.5081.10.005.30012/1.6,

21/1h6N335H.916.5.0005.8080.10.0051.10016/1,

15/1.6 h7N540H.513.5.0005.5084.10.005.50013/3 h8N678A.514.0.0005.50822.00.000.50036/1 h9H304H4.526.0.00051.3065.10.005.0508/1.6, 24/1 h10H525H25.520.5.00051.3053.10.000.00027/1, 6/1.6 h11H550H12.020.0.00051.3066.10.000.00012/1,

Table 2: List for Furnace EAF3

-11 -3.2 Evaluation of SchedulesThe knowledge of the application can be put into three main groups: Knowledge about aparticular job, temporal constraints, and constraints on the compatibility of jobs. All of theseare represented by fuzzy values.3.2.1 Temporal ConstraintsTemporal fuzzy values can be used to describe the duration of operations and that jobs are tooearly or too late. The fuzzy value describes a degree of uncertainty in both directions. Thefollowing values can be identified: very early, early, in time, late, very late. For theevaluation of a schedule it makes no difference whether jobs are too early or too late.Therefore, the five values are mapped onto three values: in time, nearly in time, and not intime. From these values a schedule can be evaluated with respect to its temporal constraints:timeliness(S) = L˚˚i˚=1N˚˚˚timeliness(Hi)Since (Prade 79), and as recently as in (Bel˚et al. 1989), (Dubois 1989), (Dubois & Prade1989), (Kerr & Walker 1989), fuzzy logic has been successfully employed to representtemporal constraints for knowledge-based scheduling. In those approaches, each crisp intervalis preceded and followed by a slack time. For each moment of this slack time, there is anassociated fuzzy membership grade defining the uncertainty that the corresponding slack timeis correct. Thus, those systems can cope with small perturbations causing delays. The creationof robust schedules is facilitated, since smaller intervals get higher scores, while beingconsidered identical to larger ones by systems not using fuzzy evaluation. Our approachgeneralizes the mentioned ones to include, beside such temporal constraints, other kinds likechemical or organizational fuzzy constraints.3.2.2 Constraints between JobsThe compatibility of two jobs integrates different chemical elements and the work load ofworkers. The compatibility between two jobs is calculated by first evaluating thecompatibility for each factor separately to get restricted compatibility measures. Accordingly,six fuzzy sets for the global as well as for each restricted compatibility are defined: very high,high, medium, low, very low, and no compatibility. The latter is a special case, since asequence being classified incompatible can never be scheduled in this order because of hardchemical constraints. In the following some rules defining this compatibility measure fordifferent factors are listed. The specifications of the ingredients are sometimes upper limitsand sometimes nominal values. These rules can be interpreted directly as fuzzy inferencerules.

-12 -1.IF the percentage of chemical element E in heat H0 is less than in heat H1, THEN the Ecompatibility of H0 preceding H1 is medium.2.IF the percentage of chemical element E in heat H0 is slightly less than in heat H1, THENthe E-compatibility of H0 preceding H1 is high.3.IF the percentage of chemical element E in heat H0 is the same as in heat H1, THEN theE-compatibility of H0 preceding H1 is very high.4.IF the percentage of chemical element E in heat H0 is slightly more than in heat H1,THEN the E-compatibility of H0 preceding H1 is high.5.IF the percentage of chemical element E in heat H0 is more than in heat H1, THEN the E-compatibility of H0 preceding H1 is medium.6.IF the percentage of chemical element E in heat H0 is much more than in heat H1, THENthe E-compatibility of H0 preceding H1 is low.7.IF the percentage of chemical element E in heat H0 is just below the physical limitimposed by the element�s presence in H1, THEN the E-compatibility of H0 preceding H1is very low.8.IF the percentage of chemical element E in heat H0 is over the physical limit imposed bythe element�s presence in H1, THEN there is no compatibility for H0 preceding H1.

Table 3: Fuzzy compatibility rules for one elementThe calculation of the nickel-compatibility is illustrated in figure 3. In this case, only the tworules 5 and 6 contribute to the result. The condition parts of the rules contain statements aboutthe percentage of a chemical element in the first heat compared to the following heat. In theexample taken from table 1, the heat h3 must contain h3[Ni] = 1.2˚% of the chemical elementnickel, while heat h4 should contain only h4[Ni] = .1˚%. The relative percentage of h3[Ni] istherefore 1200˚% of h4[Ni]. Considering only nickel, the question is whether the sequence h3preceding h4 is allowed or not, and if yes, how good is this sequence compared to othersequences. To decide this with the given fuzzy inference rules, somehow the vague linguisticvariables and crisp but uncertain numeric values must be matched. This is done with fuzzymembership functions as defined in figure 3, both for the condition and for the conclusionpart. Similar graphs representing the membership functions associated with fuzzy inferencerules can be found for example in (Maki et al. 1989) and (Kanemoto et al. 1990) where thecomputations are done in a comparable way.In our example, the numeric input of 1200˚% relates more or less with the linguisticvariables more and much more. Following the dotted lines to the conclusion membership

-13 -functions for rules 5 and 6, two membership functions low[Ni](h3,˚h4) and medium[Ni](h3,˚h4)appear as a result of the calculation. Their combinationcomp[Ni](h3,˚h4) = low[Ni](h3,˚h4) � medium[Ni](h3,˚h4)is a new membership function defining the nickel-compatibility of h3 preceding h4, which isgenerally speaking more low than medium. The fuzzy-or operator represents the maximum ofboth arguments. We obtain as a result that the nickel-compatibility for h3 preceding h4 is morelow than medium.The conditions of the fuzzy inference rules consider only relative values for the percentageof elements like nickel in the two compared heats. Absolute values are for the compatibilityproblem of minor interest, but could easily be modeled by introducing more complex threedimensional membership functions. We chose a half-logarithmic graduation to be able tohandle those relative values. Since the compatibility rule is asymmetric and only restricts thesecond heat to a minimal value for a certain chemical element that must be at least present inthis heat, the graduation is asymmetric, too, and only logarithmic on the right half. Besidesimplifying the visualization, this logarithmic scale has an additional positive effect, sincepositions on the right side of the 100 % mark that are still near the center are preferred and getmore attention per unit than positions more close to the physical limit on the far right. Thisreinforces the natural meaning of the fuzzy linguistic variables positively.

lessslightlylesssameslightlymoremoremuchmoreat thelimit100 %50 %100 %240 %577 %1387 %CONDITION MEMBERSHIP FUNCTIONCONCLUSION ABOUTCOMPATIBILITYverylowlowmediumhighveryhigh

3333 %minmaxcenter of gravity logarithmicgraduation h [Ni] = 1200 % h [Ni]34lineargraduation

Figure 3: Computation of nickel-compatibility between heat h3 and h4 of table˚1The fuzzy inference rules like those in table 3 give several fuzzy judgments about thecompatibility between heats. These judgments are in the form of membership functions andcan be simplified to the linguistic variable to which the judgment mainly pertains. Theresulting fuzzy values can all be combined by computing a weighted mean of the membershipfunctions for each component to get one overall value for the two heats:

-14 -comp(Hi, Hj) = �E˚˛˚{Wl,Ni,Cr,�}˚˚g(E)˚comp[E](Hi,˚Hj)In this formula, g(E) is the normalized weight of a rule and E is a member of the set of allfactors influencing the compatibility, namely work load (Wl) and the 8 chemical elementslike nickel or chromium. The compatibility can also be defuzzified by calculating the centerof gravity of the surface and then taking the value of its x-coordinate as the result. This valuecan be computed by the following formula:defuzzy(comp(Hi, Hj)) = �˚x=minmax˚x˚comp(Hi,˚Hj)(x)˚dx�x=minmax˚comp(Hi,˚Hj)(x)˚dx

This computation is done for every pair of jobs that may be scheduled. The result is a matrixof defuzzyfied values where the value of one cell describes how compatible the sequence ofthe job of a column after the job in a row is according to all rules. Table˚4 shows this matrixfor our example. It will be used for the construction of the preliminary schedule and duringthe improvement process. The values in the table are the previously used linguistic variables,since for the sake of understandability we have replaced the defuzzyfied values with the nameof the fuzzy set to which the defuzzyfied value mainly belongs.To evaluate schedules during improvement steps, an evaluation value for the compatibilityof the entire schedule must be computed. This can be achieved with a fuzzy and-operator. Fora given schedule S with N jobs, the evaluation function is given by:comp(S) = Li=1N˚˚comp(Hi,˚Hi+1)3.2.3 Classification of JobsIn a real-world application like scheduling a steelmaking plant, many optimization criteriacompete with each other. (Chen et al. 1987) describe one approach to handle multi-objectivescheduling using fuzzy sets. Similarly, the system presented in this paper uses operators fromfuzzy set theory to compound those conflicting objectives. Each different objective isintroduced through the calculation of an importance measure for jobs.The importance of jobs is used to control the generation of a schedule by scheduling themost important jobs first. In this context, the importance is a combination of the difficulty toschedule a job in general and the importance to schedule it for the actual planning horizon.A job that requires a bottleneck resource like the continuous caster or the teeming bay for aBEST-ingot is usually difficult to schedule. However, the difficulty depends on the number ofjobs with such characteristics. If only one job has to be performed on the continuous caster,then this job is not difficult.

-15 -A job with a certain delivery date is urgent, because it must be scheduled in the planninghorizon in which the delivery date falls. Jobs that are not that important may be shifted to thenext planning horizon. To get such a shifted job ever scheduled, it is necessary that theimportance of the job increases over time. The range of fuzzy values to represent thisimportance is: urgent, very important, important, medium, and not important.H0 \ H1h0h1h2h3h4h5h6h7h8h9h10h11 h0-highhighhighhighhighhighmediummediummediumhighhigh h1medium—highhighmediummediummediummediummediummediummediumhigh h2lowmedium—very highlowlowlowhighmediummediummediummedium h3lowmediumvery high—lowlowlowhighmediummediummediummedium h4highmediummediummedium—very highmediummediumhighhighmediummedium h5highmediummediummediumvery high—mediummediumhighhighmediummedium h6mediumlowmediummediummediummedium—lowhighhighlowlow h7very lowvery lowhighhighvery lowvery lowvery low—lowlowlowlow h8lowlowvery lowvery lowlowlowmediumlow—very highmediumhigh h9lowlowvery lowvery lowlowlowmediumlowvery high—mediumhigh h10mediummediummediummediumlowlowmediumlowhighhigh—high h11mediumlowlowlowvery lowvery lowlowlowvery highvery highvery high—

Table 4: Compatibility Matrix for Heats on Furnace EAF1The classification of jobs in the list is dependent on the situation in the actual planninghorizon. If many large ingots are produced, these orders are difficult to schedule, becausethere is not enough space for the solidification process. If many heats are to be scheduled thatare cast into small ingots, these are difficult jobs, because of the objective to achieve auniform distribution of work load.The inverse evaluation is necessary for chemical ingredients: if for the actual planninghorizon many jobs with a high chromium-nickel-alloy exist, as it is in table˚2, then a highpercentage of chromium (Cr) is no problem. On the other hand, when there are only few jobswith high nickel (Ni) percentages, these jobs can be difficult to schedule. Job h7 in table˚1 hasa disproportionate amount of nickel in relation to the other jobs in the list and must bescheduled early. For the jobs of table˚1, we obtain the following classification of jobs:

-16 -urgent{h8} very-important{h2, h3, h4, h5} important{h7, h9} medium{h6, h10, h11} not-important{h0, h1}

Table 5: Classification of JobsOne objective of our strategy is to schedule as many jobs as possible. However, in order notto forget the difficult jobs, these are scheduled first. Furthermore, the evaluation function foran entire schedule must contain a factor representing the importance of jobs. Hence, anevaluation function is defined to assign an importance value to a schedule, with N the numberof jobs:importance(S) = L˚i=1N˚˚˚importance(Hi)3.3 Generating a Preliminary ScheduleTo generate a preliminary schedule, the jobs are classified according to their importance.Then they are scheduled in the sequence of their importance. The urgent and very importantjobs are scheduled first. To be scheduled means that a temporal interval is assigned to themthat describes the time when a job is in the electric arc furnace. The assigned intervals canspread over the entire planning horizon because of temporal and resource constraints. Tosimplify our example we assume slots with a duration of two hours in the schedule. In realitythe duration of jobs varies up to five hours and this variation must be considered by thesystem, too.During this scheduling process, empty intervals may remain between scheduled jobs. Thecompatibilities with the jobs before and after these empty intervals are not considered. Ifempty intervals with a duration of approximately one job remain, they are filled withcompatible jobs as soon as possible. During this scheduling process, the compatibility matrixas shown in table˚4 is used.A special strategy is applied to prune the search space. It is comparable with preprocessingtechniques in constraint satisfaction problems (CSP) as described in (Dechter & Meiri 1989).The objects in our CSP are the heats and for every heat a set of possible successors exists.With constraint propagation the set of successors can be reduced. If one job is the onlypossible successor of a job, it cannot be any more the successor of another job. If for a heatH0 only one heat H1 has a good compatibility value, then the two heats can be interpreted asone job consisting of two heats. H1 is the definitive successor of H0. If one of these heats isscheduled, the other one is scheduled automatically, too. If a heat H0 has two possible

-17 -successors, H1 and H2, and H1 is scheduled after another heat, the heat H2 will be assigned asthe definitive successor of H0. Jobs with no sequence-compatibility are not scheduled oneafter the other.To illustrate the generation we explain the generation of a schedule from the orders given intable 1. We use the classification of jobs given in table 5. The whole schedule for bothfurnaces is shown in table 6. The system considers the jobs in the following sequence:h8:In the list of jobs given in table˚1, job h8 has a delivery date and is compatible with only few jobs. Therefore it was classified urgent and must be scheduled first. It isscheduled at 11am.h2, h3:Next, jobs h2 and h3 are scheduled, because they are very important jobs. They need along time span between each other, because they are cast into BEST-ingots. One isplaced in the first and the other in the last slot of the schedule.h4, h5:Jobs h4 and h5 should be scheduled one after the other since they are cast with thesame format on the HCC-unit. In the list for the second furnace, there is another jobthat will be produced on the caster. Since this job is cast with a different format, amaintenance interval between these jobs is necessary. The single job should bescheduled as early as possible and the two jobs of the first list as late as possible.Consequently, h4 and h5 are scheduled before the last slot.h7:The urgent and very important jobs are scheduled. No small intervals exist so that thesystem can proceed with the important job h7. This job is difficult to schedulebecause it has only few compatible successors. The two best fitting jobs h2 and h3 arenot possible. There are four potential successors with low compatibility. To generatefewer small intervals, job h7 is scheduled before h8.h9:Job h9 is then scheduled optimally after h8.h1:At that time the strategy is changed and a job that fits best in the slot between h2 andh7 is sought. Job h1 is a good candidate.h11:Four jobs remain for two empty intervals. Since job h11 has a request time �day shift�,it should be scheduled as early as possible. It is placed after h9.h10:Since h10 is a very good successor, it is scheduled thereafter.h0, h6:Job h0 should be scheduled before h4 since h6 does not fit well.

schedule 1-1:medmedlowv. highhighv. highmedmedhighv. highmedEAF1h2h1h7h8h9h11h10h6h0h4h5h3 schedule 2-1:highhighhighhighhighlowmedhighhighlowhighEAF3h3h9h10h11h0h1h2h6h5h8h7h4

-18 -time:5am7am9am11am1pm3pm5pm7pm9pm11pm1am3am5amTable 6: Intermediate schedule for example heatsThe resulting schedule is illustrated in the first part of table 6. The compatibilities are shownin the line above the heat sequence. We assume that schedule 2-1 was constructed for thesecond furnace. The problems in the list for the second furnace are the molybdenum- andmanganese-compatibilities. The algorithm to generate this schedule is simple and it issketched in the following:s := {};list-of-jobs := classify(list-of-jobs);matrix := classify(list-of-jobs);repeat job := get-most-important(list-of-jobs); s := schedule(job); list-of-jobs := reclassify(list-of-jobs);until very-important(job) ˇ list-of-job;repeat while gaps-exist(s) s := fill-gap(s); repeat job := get-most-important(list-of-jobs); s := schedule(job); list-of-jobs := reclassify(list-of-jobs); until gap-exists(s) or empty(list-of-jobs) or full(s);until empty(list-of-jobs) or full(s);Algorithm 1: Generation of Schedule3.4 Improving the Schedule by Relaxation of ConstraintsUsually, some jobs cannot be scheduled because they will always violate some compatibilityconstraints. In addition, some empty intervals may remain in the schedule, and thecompatibility between the jobs adjacent to these intervals is usually poor. Instead of takingback the last scheduling decisions by backtracking, we try to repair or improve such apreliminary schedule. In our example no empty intervals exist and no jobs remain. However,there are some ways to improve this preliminary schedule.To improve a schedule, an evaluation function is required. One potential evaluation is thesum of violated constraints minus the correctly scheduled jobs. Unfortunately, the violation of

-19 -constraints can have far-reaching consequences. The violation of a temporal constraint cancause more resources such as additional energy to be consumed, or may require reschedulingin the next plants. The violation of a chemical constraint can result in the loss of a heat thatwould be an important financial damage. On one hand, hard constraints that may not berelaxed must be considered, and on the other hand constraints may be relaxed to a certaindegree to get a feasible schedule with as many jobs as possible. To evaluate these antagonisticconstraints, an evaluation function based on the fuzzy values seems to be more adequate,since the grade of the satisfaction of a constraint is evaluated too.We have defined a repair strategy based on these fuzzy values. The actual schedule is calledthe �currently best schedule�. This schedule can usually be improved. To improve it, thesystem looks for a constraint being insufficiently satisfied. For the first furnace, such aviolation is found between heat h7 and h8. Therefore one of them is taken out of the schedule.There are two reasons to remove h7: heat h8 has a delivery date, and probably h7 causes theconflict because it is a very difficult job to schedule. A better place is sought such as beforeh3.There are two possibilities to clear this slot. All jobs between h1 and h3 could be shifted byone place, or h5 could be taken out of the schedule. The first alternative is done easier. Theresult is shown in schedule 1-2 in table 7. The disadvantage of this schedule is that thedelivery date cannot be met exactly. However, it is better than the first schedule.With the second strategy a better schedule cannot be found straight away since it is notpossible to schedule h5 in the morning. Job h5 should be scheduled before h4. To achieve this,heat h0 can be scheduled into the old slot of h7. The result is shown in schedule 1-3. It willbecome the �currently best schedule� that may be improved further. Especially if we considerthe aspect of the load of the workers, more improvements are possible.schedule 1-2:medmedv. highhighv. highmedmedhighv. highmedhighEAF1h2h1h8h9h11h1h6h0h4h5h7h3 schedule 1-3:medmedmedv. highhighv. highmedmedhighv. highmedEAF1h2h1h0h8h9h11h10h6h5h4h7h3 time:5am7am9am11am1pm3pm5pm7pm9pm11pm1am3am5amTable 7: Intermediate schedule for example heatsEvery exchange of jobs in the schedule, every exchange between jobs in the schedule andjobs in the list, and each shift of jobs can be interpreted as an operator in a search process.The search for better schedules is guided by heuristics based on our evaluation function. Thisheuristic search is a kind of hill climbing method. Unfortunately, the disadvantage of such a

-20 -method is that it can be caught in local maxima. (Glover 1989), (Glover 1990) describes atechnique called TABU-search that can be used to overcome this problem. This techniqueallows the system to choose a slightly worse schedule as �current best schedule� to escape thelocal maxima. However, to restrict the search, a tabu list describing which operations may notbe performed anymore in the search process is used.tabu-list := {};s := current-best-schedule;search-effort := 0;repeat job1 := find-violation(s, tabu-list); op := choose-best-repair-operator(job1, s); case op: 1: s := shift(job1, s); 2: find(job2, list-of-jobs); s := exchange(s, job1, job2); 3: find(job2, s); s := exchange(s, job1, job2); end case; if better(s, current-best-schedule) then current-best-schedule := s else tabu-list := add(tabu-list, {job1, op}); search-effort := search-effort + 1;until distance(s) / search-effort < limit;Algorithm 2: Repair of ScheduleIf no further constraint violation can be detected or no further improvement is achievable, thesearch for the best schedule ends. Judging whether a further improvement can be achieved isgenerally difficult. It makes sense to define a distance function between an optimal schedulewhere all compatibilities would be very high, and all the other constraints would be satisfied,too. Thus, the distance function is the summation of the deviation of all constraints from theiroptimum. If such a function is available, one can restrict the search effort by a ratio betweendistance and search effort. It would be fruitless to invest much more search effort if only asmall distance exists or with great effort only small improvements are achieved. On the otherhand, if the distance is large, one should search longer for a better schedule. A simplifiedversion of this repair algorithm is given as algorithm 2.

-21 -4 Comparison to Related SystemsIn other projects it was shown that steel production is a worthy domain for the application ofknowledge-based scheduling systems (Numao & Morishita 1989), (Shah et al. 1990), and(Stohl et al. 1991). In contrast to our application, these systems are used in plants for masssteel production where steel qualities do not vary as much as in our application. The mainproblem and bottleneck resource in these applications are the continuous casters. Since thecasting process should be continuous, heats must be ready in time for casting. On the otherhand, heats should not wait too long, because the steel would consolidate. A backwardscheduling strategy is applied in these systems, reasoning temporally from the last operationin the process plan of one job to the first operation.In contrast, we apply a kind of forward reasoning since most jobs do not use the continuouscaster and the main problem are the chemical constraints in the first unit — the electric arcfurnace. In the described systems the required resources are always the same. Only one ofseveral equal units can be chosen. In our application there are different process plans fordifferent steel qualities.In (Shah et al. 1990) a minimization of waiting time is given as an evaluation criterion forschedules. In our application this would not be appropriate, because the execution is uncertainand the minimization would be only theoretical. This is also the case for other applications(Kerr & Walker 1989), (Smith et al. 1986). Therefore no optimal schedule is computable. Thegoal function of our system is simply to find a feasible schedule violating as few constraintsas possible and optimizing the schedule by local improvements.In handling the problem of scheduling under uncertainty the main difference to otherapproaches, such as probability calculus (Berry 1992), is our pragmatic focus on simplemodeling. One difficulty with probabilistic approaches is that they usually require judgmentalestimates of many parameters for which little or no empirical support is available, and arevery tedious computationally. A further problem lies in the contentious conceptual basis formanipulating subjectively derived probabilities in the same way as classical probabilitiesobtained from empirically observed frequency distributions (Kerr & Walker 1989). Fuzzy settheory on the other hand has had a considerable degree of success in capturing human abilityto reason in terms of vague quantities. In fact, it was even designed to this very end, i.e. toallow an easy formulation of subjective fuzzy rules. Additionally, fuzzy logic is a well-grounded mathematical theory derived from fuzzy set theory that does not lead to conceptualproblems like for example certainty factors (Kruse et al. 1991). Nevertheless, we mustconceed that some membership function tuning is required to really get an application right.Especially, the overlapping of membership functions has been shown by (Bovery et al. 1991)to be a major influence factor, whereas their number or exact shape seem to be of minorimportance.

-22 -(Woodyatt˚et al. 1992) have used fuzzy set theory to successfully satisfy collections ofcustomer orders while minimizing the number of steel qualities actually produced. Theyassign metallurgical grades to steel to select the specific applicable grades and then dress thecustomer orders according to the likelihood of a grade meeting the customer�s specifications.Finally, they combine orders with matching fuzzy grades to optimize the productivity andyield of a continuous caster. Their approach is similar to ours since in both cases fuzzy settheory is used to identify compatible orders. We nevertheless go further by applying fuzzytechniques to a much broader set of constraints used to actually schedule all orders available.5 ConclusionDue to the highly unreliable data, the vague knowledge formulation, and the conflictingobjectives in scheduling applications, mathematical-analytical methods as used in OR areoften insufficient. We have illustrated this problem for a steelmaking plant. To overcome thisdeficiency we have developed a solution that combines two sound AI-techniques for problemsolving: approximate reasoning and constraint relaxation. Our knowledge representationtechnique covers the uncertainty of problem domain knowledge and supports thestraightforward generation of a schedule based on the importance of the jobs considered.However, due to this ad hoc generation of schedules, some jobs usually remain unscheduled.We have proposed a �repair-based� control strategy that deals with several types ofconstraints (temporal, spatial, and chemical), and supports the dynamic relaxation ofconflicting constraints. Although we have not compared this strategy with other approacheswe believe that this is the most simple and efficient way to regard antagonistic constraints thathave no clear hierarchical order.Additionally, the generation of robust schedules is stimulated by using fuzzy sets. The heatsthat are cast on the continuos casters were scheduled on different ends of the schedulebecause this improves the robustness of the schedule. We describe the duration between bothheats with a temporal fuzzy set that evaluates the schedule better in which the intervalbetween both heats is longer.The presented control strategy can be used to handle also emergency cases. If some eventlike a delay occurs, the schedule is evaluated again. In case that this value is worse than aspecified level of quality, a repair is necessary. By applying the repair strategy, reactivescheduling is achieved and it becomes possible to react dynamically to events during jobexecution.Additionally, improper conditions for consecutive jobs require immediate and dynamicadaptation. We have supported this adaptation by providing the human expert assistance inrelaxing constraints. Using this approach, it becomes possible to evaluate different scenariosbefore actual activities are performed. We call this kind of problem solving �what-if� games.Such a simulation prevents human experts from causing troubles with improper decision-

-23 -making. Finally, the decision process is more transparent. However, to support the evaluationand experimentation with chemical element constellations as well as production constraints,we have to develop a sophisticated human-computer interaction concept. In particular, thecondition membership functions for inference rules as shown in figure 3 should remain undercontrol of the human expert. The compatibility rule, element constellation, shape of themembership functions, and the weights of the fuzzy inference rules should be consideredduring what-if games with the schedule to support estimates of schedule modifications. Thecondition membership functions in figure 3 for example can be adapted for each element intwo ways. First, their general shape can be altered to get sharper or softer transitions from onelinguistic variable to the next. Second, the compatibility rule can be changed for one elementfrom 3˚% to 2.5˚%, which would mean that this latter element does not remain in the furnaceas a residual to the same extent as the others. Additionally, the relative weights of the fuzzyinference rules can be adapted to the relative importance of the playing factors, e.g., the workload constraint could be classified more important and thus receive higher weights thanchemical constraints. These adaptations need a lot of fine tuning, therefore the engineersshould have the opportunity to experiment with the system to be able to match their own wayof decision making more accurately. An enriched, spreadsheet-like environment is the properinteraction technique for this type of correlated information. In such an environment, thechange of one dimension can be traced simultaneously with the remaining dimensions. Thisimmediate feedback enhances the way the engineers can experiment with their assumptions tofind better values for the system�s parameters.The idea behind our methodology is to allow easier modeling of the activities of humanscheduling experts. Our prototype is successful in simulating the human performance. Webelieve that using the described techniques, the development cycle for scheduling systemsbecomes shorter and the knowledge representation easier. Whether the solutions of oursystem or those of the previously developed expert system are better can not decideddefinitively. However, we assume that with the given techniques, better schedules can begenerated, since the human expert can easily tune the problem solving process.The described methodology was implemented in a prototype for the described application.We deploy this methodology at the moment for another steelmaking plant with differentproduction characteristics and constraints. Later on, we intend to develop a reusable tool fordifferent applications ranging over the whole steelmaking process.AcknowledgmentsWe would like to acknowledge the work in knowledge acquisition done by Dorothea Czedikand Alexandra Eder, the helpfulness of the experts Ing. Pauker and Ing. Gromann, thefrankness to new techniques of Dr. Meyer, the head of the steelmaking plant, Reza Shams forhis work in the implementation of the expert system that has influenced our work heavily, as

-24 -well as Rainhard Steindl for his implementation and critique of our fuzzy constraint basedapproach. Thanks also to Monte Zeben for careful review of this paper.ReferencesBarachini, F.; Theuretzbacher, N. 1988. The Challenge of Real-time Process Control forProduction Systems. Proceedings of the 7th National Conference on Artificial Intelligence,St. Paul, 705—709.Bel, G.; Bensana, E.; Dubois, D.; Erschler, J.; Esquirol, P. 1989. A Knowledge-BasedApproach to Industrial Job-Shop Scheduling. Knowledge-Based Systems in Manufacturing,Andrew Kusiak (ed.), Taylor & Francis.Berry, P. M. 1992. Scheduling: A Problem of Decision-Making Under Uncertainty.Proceedings of the European Conference on Artificial Intelligence, Vienna, 638—642.Boverie, S.; Demaya, B.; Titli, A. 1991. Fuzzy Logic Control compared with other AutomaticControl Approaches. Proceedings of the 30th IEEE Conference on Decision and Control,Brighton, U.K.Chen, D.; Pan, Y.; Xue, J. 1987. A Fuzzy Production System with Backtracking ControlStrategy for Multiobjective Scheduling to a One-Machine-N-Parts Problem. ModernProduction Management Systems, Andrew Kusiak (ed.), Elsevier.Conway, R. W.; Maxwell, W. L.; Miller, L. W. 1967. Theory of Scheduling. AddisonWesley.Dechter, R.; Meiri, I. 1989. Experimental Evaluation of Preprocessing Techniques inConstraint Satisfaction Problems. Proceedings of the 11th International Joint Conference onArtificial Intelligence, 271—277.Dorn, J.; Shams, R. 1991. An Expert System for Scheduling in a Steelmaking Plant.Proceedings of the World Congress on Expert Systems, Orlando Fla., 395—404.Dubois, D.; Prade, H. 1989. Processing Fuzzy Temporal Knowledge. IEEE Transactions onSystems, Man, and Cybernetics, Vol. 19, No. 4, 729—744.Dubois, D. 1989. Fuzzy Knowledge in an Artificial Intelligence System for Job-ShopScheduling. Applications of Fuzzy Set Methodologies in Industrial Engineering, Gerald W.Evans et al. (eds.), Elsevier, 73—89.Glover, F. 1989. Tabu Search—Part I. ORSA Journal on Computing, Vol. 1, No. 3, 190—206.Glover, F. 1990. Tabu Search—Part II. ORSA Journal on Computing, Vol. 2, No. 1, 4—32.Kanemoto, M.; Yamane, H.; Yoshida T.; Tottori, H. 1990. An Application of Expert Systemto LD Converter Processes. Journal of the Iron and Steel Institute of Japan, ISIJInternational, Vol. 30, No. 2,128—135.Kerr, R.M.; Walker, R. N. 1989. A Job Shop Scheduling System Based on Fuzzy Arithmetic.Proceedings of the 2nd International Conference on Expert Systems and Leading Edge inProduction and Operations Management, Hilton Head Island, S.C., 433—450.

-25 -Kruse, R.; Schwecke, E.; Heinsohn, J. 1991. Uncertainty and Vagueness in Knowledge BasedSystems - Numerical Methods. Springer.Maki, Y.; Masuda, Y.; Sawada, T.; Matsumoto, T.; Obata, H.; Takashima, N. 1989.Application of Fuzzy Theory for Automatic Control of Hot Stove Combustion Gas Flow.Proceedings of the 6th IFAC Symposium on Automation in Mining, Mineral and MetalProcessing, Buenos Aires, 278—284.Minton, S.; Johnston, M.; Philips, A.; Laird, P. 1989. Solving Large-Scale ConstraintSatisfaction and Scheduling Problems Using a Heuristic Repair Method. Proceedings of the8th National Conference on Artificial Intelligence, Menlo Parc, 17—24.Negoita, C.V. 1985. Expert Systems and Fuzzy Systems. Benjamin/Cummings.Numao, M.; Morishita, S. 1989. A Scheduling Environment for Steel-Making Processes.Proceedings of the 5th International Conference on Artificial Intelligence for IndustrialApplications, Miami, 279—286.Prade, H. 1979. Using Fuzzy Set Theory in a Scheduling Problem: A Case Study. Fuzzy Setsand Systems, Vol. 2, No. 2, 153—165.Shah, M.J.; Damian, R.; Silverman, J. 1990. Knowledge Based Dynamic Scheduling in aSteel Plant. Proceedings of the 6th International Conference on Artificial Intelligence forIndustrial Applications, St. Barbara, 108—113.Smith, S.F.; Fox, M.S.; Ow, P.S. 1986. Constructing and Maintaining Detailed ConstructionPlans: Investigations into the Development of Knowledge-Based Factory SchedulingSystems. AI Magazine 7(4),45—61.Stohl, K.; Snopek, W.; Weigert, T.; Moritz, T. 1991. Development of a Scheduling ExpertSystem for a Steelplant. Proceedings of the IFIP Conference on Experts Systems in Mineraland Metallurgy, Finnland.Woodyatt, L.R.; Stott, K.L.; Wolf, F.E.; Vasko, F.J. 1992. Using Fuzzy Sets to AssignMetallurgical Grades to Steel. Journal of Metallurgy, February.Zadeh, L.A. 1989. Knowledge Representation in Fuzzy Logic. IEEE Transactions onKnowledge and Data Engineering, Vol. 1, No. 1, 89—100.Zweben, M.; Deale, M.; Gargan, R. 1990. Anytime Rescheduling. Proceedings of theDARPA Workshop on Innovative Approaches to Planning and Scheduling.