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This thesis presents the Critical Arc Strategies for solving the reentrant job shop 

scheduling problem with setups. These metaheuristic strategies use combinations 

of critical path characteristics to gauge which heuristic decisions will have the 

greatest impact on reducing the average delay of the schedule.  This research also 

investigates feasibility in light of iterative searches for the disjunctive graph of the 

reentrant job shop scheduling problem with sequence dependent setups.  

 The class of strategies investigated in this thesis is problem specific and uses 

the inherent properties of the disjunctive graph to develop critical arc weights for 

prioritizing the candidate list for arc reversals.  There are 3 subclasses of Critical 

Arc Strategies presented in this thesis.  The Delay Weighted Critical Arc 

(DWCA) strategy uses linear combinations of a critical arc’s operation delay and 

the job delays for which it is a member of the job’s specific critical path.  The 
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Sequentially Weighted Critical Arc (SWCA) strategies rank the candidates based 

on the number of critical paths, critical arcs, or accumulated operation delays they 

influence based on critical path membership.  The Exponentially Weighted 

Critical Arc (EWCA) strategy uses an exponentially weighted average of the 

critical arc operation delays the candidate influences, which are also based on 

critical path membership.  These strategies aid the metaheuristic in identifying the 

most significant critical arcs in the graph, allowing it to find improvements faster 

than traditional tabu search methodologies.  An elite candidate list strategy is 

applied to the candidates, which dynamically restricts the candidate list size based 

on search performance.  

 Benchmarking experiments show that the Critical Arc Strategies outperform 

traditional tabu search candidate list strategies.  Additional experiments show the 

value of applying the metaheuristic strategies to “best” policy generated solutions 

to minimize average delay in a schedule.  These results show the value of 

applying the Critical Arc Strategies on realistic sized complex problems, such as 

semiconductor manufacturing facilities. 
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CHAPTER 1: INTRODUCTION 

In this thesis a class of metaheuristic strategies are developed for solving the 

reentrant job shop scheduling problem with setups.  These strategies are 

motivated by the semiconductor industry, where manufacturing requires jobs to 

revisit machines and setup delays vary based on the current operation and the 

preceding operation.  In order to approach this scheduling problem via 

metaheuristics, previous analytical models must be modified to handle its unique 

characteristics.  These analytical models must provide structure to the problem 

and guidance to the metaheuristics applied to them.  The metaheuristic strategy 

must also be robust in order to quickly find good solutions to realistic sized 

problems. 

1 Semiconductor Manufacturing 

Semiconductor manufacturing is the process of creating integrated circuits on a 

silicon base.  This unique manufacturing environment requires products to revisit 

machines as they add additional circuits to the product.  As jobs revisit machines, 

delays often occur to recalibrate the machine for processing different steps and 

products, referred to as sequence dependent setups.  The scheduling of these 

environments is difficult due to the numerous product steps and machines.  

However, small improvements in the productivity of the system yield 

considerable financial gains due to the substantial value of the finished product.   

 Currently simple policies, such as First-In-First-Out, dominate scheduling in 

this industry.  This is due to the speed and simplicity in following these policies.  

The size and complex nature of these systems make it difficult to apply more 

robust analytical methods.  However, because of the significant monetary gains 

from production improvements, methods such as complex policies, search 

heuristics, and decomposition methods are gaining ground.  In order to effectively 
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apply metaheuristics to these problem types, a structural model will be needed to 

guide the search. 

2 Job Shop Scheduling Problems 

The job shop scheduling problem approach provides the necessary structure to 

various manufacturing environments to apply robust analytical methods.  The 

model contains information on the processing durations, machines, and the 

processing and operational sequences.  This thesis will be using traditional 

scheduling notation based on the work of Lawler et al. [43].  Manufacturing 

scheduling has traditionally been modeled as a flow shop scheduling problem, 

denoted Fm || γ, or a job shop scheduling problem, denoted Jm || γ, depending on 

the problem specifics.  The Fm || γ differs from the Jm || γ by requiring its jobs to 

have identical technological structure for processing.  See Cheng, et al. [25] for a 

review of Fm || γ problems with setup times.  However, for semiconductor 

manufacturing the Jm || γ will need to be considered, since jobs with various 

routes may be present.  

 Job shop scheduling problems are combinatorial optimization problems, where 

there are a finite number of combinations that can represent all solutions.  

However, the number of combinations increases very rapidly as the problem size 

grows, generally making it unreasonable to enumerate all solutions.  In fact, job 

shop scheduling problems belong to a class of problems known as NP-hard 

problems [29].         

 Figure 1 displays Gantt charts for a simple Jm || γ, where there are three jobs 

and three machines for processing operations.  Job 1 consists of operations 1, 2, 

and 3, Job 2 consists of operations 4, 5, and 6, and Job 3 consists of operations 7, 

8, and 9.  The technological precedence within each job is defined by the 

ascending operation identity.  Machine 1 processes operations 1, 5, and 9, 
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Machine 2 processes operations 8, 2, and 4, and machine 3 processes operations 

7, 6, and 3.  Each operation requires 5 time units.   

Figure 1: Gantt Chart for the Jm || Cmax 

 By swapping two operations in the first Gantt chart, the time to complete the 

three jobs can be reduced dramatically, which is seen in the second Gantt chart.  

This is done by swapping operations 4 and 2, and then operations 4 and 8.  These  

moves reduce the makespan (Cmax) by 43%, illustrating the benefit of schedule 

perturbations for improving schedule performance. 

 To accurately model semiconductor manufacturing scheduling, the job shop 

scheduling problem will need to be extended.  The model will have to incorporate 

both reentrancy and sequence dependent setups, which is addressed in the fourth 

chapter.  These new features will provide a more robust model, but will alter some 

of the assumptions that the job shop scheduling problem provides.      

3 Metaheuristics and Disjunctive Graphs 

Glover and Laguna [32] define a metaheuristic as a “master strategy that guides 

and modifies other heuristics to produce solutions beyond those that are normally 

generated in a quest for local optimality.”  In general, these strategies require a 

mathematical model to provide structure and guidance when applied to a 

combinatorial problem.   

 The last two decades have seen a tremendous increase of research in the 

intelligent search methods known as metaheuristics [11, 13, 20].  Prior to this 

explosion search techniques primarily consisted of descent, ascent, and local 

search methods.  These basic searches are often beneficial approaches to difficult 
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combinatorial problems, as traditional optimization methods are not practical.  

However, their simplistic strategies limit their abilities.   

 Metaheuristics incorporate the use of adaptive memory, neighborhood search 

methodologies, the ability to carry multiple solutions from iteration to iteration, 

and acceptance criterion to create more efficient and intelligent searches than their 

predecessors [32].  These new features provide the intelligence necessary to attack 

combinatorial problems, such as the job shop scheduling problem.  To aid these 

intelligent search heuristics, an effective model is needed for the problem type.   

 The most valuable model for our purpose is the disjunctive graph introduced 

by Roy and Sussman for the job shop scheduling problem [66].  This graph 

provides a mathematical structure to the problem for both search and evaluation.  

By reversing arcs from a predefined set, the graph can be used to evaluate all 

possible feasible solutions of the problem.  The longest path in the graph defines 

the time to complete all jobs, known as the makespan (Cmax).   

 Balas [7] proved that only arcs on the critical path could reduce the makespan 

when reversed.  He also proved that arc reversals on the critical path maintain the 

schedule’s feasibility at each iteration.  Both of these facts are extremely valuable 

in guiding metaheuristic searches when applied to the Jm || γ.  However, when 

reentrancy and sequence dependent setups are added to the Jm || γ, the feasibility 

condition defined by Balas is no longer valid.  Only under certain conditions can 

feasibility be maintained at each iteration.  An ejection chain algorithm can be 

used to return any infeasible solution to feasibility, but at the cost of significant 

neighborhood moves, which might or might not be beneficial.  However, 

reentrancy creates new graph characteristics that can be used to identify arcs that 

are capable of creating cycles and an algorithm for generating initial feasible 

schedules.     
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4 Critical Arc Strategies 

The disjunctive graph of the reentrant job shop scheduling problem with sequence 

dependent setups provides structure to the metaheuristic strategy and insight into 

the problem type.  It is known that only arcs on the critical path of jobs can 

improve system performance when reversed, which in turn can improve the 

average performance of the system.  By using this insight this thesis presents a 

class of strategies that use critical path membership, operation delays, and job 

delays to develop efficient and effective candidate lists.  

 The metaheuristic is designed to minimize the average delay of the system.  

This is achieved by evaluating each job individually to find the accumulated time 

the job was delayed because a machine was processing or changing its setup.  

Therefore, a critical path is determined for each job to decide whether an arc 

should be a candidate. 

 The Delay Weighted Critical Arc (DWCA) strategy guides the metaheuristic 

by using linear combinations of the candidate’s terminating node delay, 

originating node delay, and job delays for which the candidate is a member of the 

job specific critical path.  The premise is that candidates that influence operations 

with large delays or are critical arcs of many poor performing jobs should be good 

choices for consideration.  The Sequentially Weighted Critical Arc (SWCA) 

strategies guide the metaheuristic by either using the number of critical paths, 

critical arcs, or accumulated operation delays it influences based on its critical 

path membership.  In the first version, the metaheuristic focuses on arcs that 

affect numerous critical paths, with the premise that they will have the greatest 

effect on the entire system.  In the second version, the candidate’s weight is the 

number of critical arcs it influences.  The premise is that these candidates will 

have a greater effect on the system, based on their overall influence on critical 

arcs.  In the third version, the candidates accumulate delays for critical arcs that it 

influences, with the idea that arcs that influence large accumulated delays will 
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have a significant impact on the average delay in the system.  The Exponentially 

Weighted Critical Arc (EWCA) strategy guides the metaheuristic by using an 

exponentially weighted average of operation delays it influences, also based on 

critical path membership.  Again, the candidates accumulate critical arc delays; 

however, in this case the delays are exponentially weighted based on their 

position in the critical path in relation to the arc being weighted.  These three 

strategies guide the metaheuristic by prioritizing the most influential arcs in the 

graph.  This allows the search to find improvements quickly, making for an 

efficient elite candidate list strategy.    

5 Metaheuristic Results 

In order to evaluate the strategy, realistic models need to be used.  First, a 

metaheuristic strategy comparison should be used to determine whether the 

Critical Arc Strategies are more beneficial than traditional tabu search 

methodologies.  This determines whether the weighting scheme is beneficial in 

guiding metaheuristic searches.  Next, the resulting metaheuristic strategy should 

be applied to a semiconductor manufacturing model.  This can be used to 

determine whether the metaheuristic can improve a schedule generated by 

traditional scheduling policies on realistic sized problems. 

6 Thesis Summary 

This thesis develops a class of metaheuristic strategies for the reentrant job shop 

scheduling problem with setups.  The contributions of this research are three-fold.  

First, it develops the analytical model necessary for the general application of 

metaheuristics to reentrant scheduling systems with sequence dependent setups.  

Two, it develops three subclasses of metaheuristic strategies for scheduling 

reentrant systems using critical arc parameters for guidance.  Three, it emphasizes 



 7

the power of problem specific metaheuristic strategies for combinatorial 

problems. 

 The first contribution is the development of the disjunctive graph of the 

reentrant job shop scheduling problem with sequence dependent setups.  This 

provides the necessary vehicle for applying metaheuristics to reentrant scheduling 

systems.  This model also introduces new characteristics in the disjunctive graph 

that can be advantageous to efficient searches, such as reentrant levels and cycle 

generating arcs.  Some of the insights discovered could also be valuable in 

maintaining feasibility in other deterministic methods, such as decomposition 

methods.  

 The second contribution is the introduction of the Critical Arc Strategies to 

solve reentrant production scheduling systems.  The search strategies use 

combinations of arc cardinalities, operation delays, and job delays to weight and 

prioritize candidate lists for efficient searches.  These arc candidate weights guide 

the search by choosing the candidates that should have the greatest overall effect 

in the system.  This allows for an efficient elite candidate list strategy, while 

maintaining search efficacy.  This makes the metaheuristic ideal for realistic sized 

systems, such as semiconductor wafer fabs.  These strategies show the power of 

applying job specific strategies to problems versus more general approaches. 

 The third contribution is the focus on problem specific metaheuristic strategies.  

Most metaheuristics rely on general search philosophies to attack problems.  This 

metaheuristic relies on the specific problem structure to guide its search.  The 

effectiveness of the strategy is seen with numerical results.   

 This thesis is organized as follows.  The second chapter is the literature review 

for both the analytical model and the metaheuristic strategies developed in this 

thesis.  The third chapter is devoted to explaining the semiconductor industry’s 

manufacturing process and introducing current metrics and scheduling policies for 

optimal fab performance.  The fourth chapter focuses on identifying new features 
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of the job shop scheduling model in light of reentrancy and sequence dependent 

setups.  It defines new conditions under which feasibility can be maintained, 

which differ from Balas’ earlier conjectures.  It also introduces an ejection chain 

algorithm for returning to feasibility.  The fifth chapter introduces the Critical Arc 

Strategies for solving reentrant job shop scheduling problems.  These strategies 

utilize the inherent properties of the disjunctive graph to create intelligent 

weighting schemes for prioritized candidate lists.  The computational results of 

comparing these strategies to traditional ascent methods are presented in the sixth 

chapter.  The seventh chapter applies the resulting metaheuristic strategies to a 

realistic semiconductor model.  The final chapter discusses the contributions of 

this thesis and future research that it may generate.   
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CHAPTER 2: REVIEW OF SELECTED LITERATURE 

The disjunctive graph model of production scheduling problems, scheduling 

techniques for reentrant production systems, and candidate list strategies are the 

subjects of extensive and rapidly growing bodies of literature. This chapter 

reviews a selection of that literature, describing concepts and results directly 

relevant to the research presented in Chapters 4 and 5. 

1 Disjunctive Graph Modeling 

Baker [6] defines the classical job shop scheduling problem, denoted Jm || γ,  as 

follows.  We are given a set ϑ of n jobs that are to be processed on a set Μ of m 

machines, where each machine is available from time 0 and can process at most 

one job at a time.  Each job has a distinct sequence of operations, which must be 

performed, and whose order and machine assignment is fixed and known in 

advance.  When the objective is to minimize the time to finish all jobs, the 

problem is denoted Jm || Cmax. 

 The job shop scheduling problem and its variants are well-known NP-hard 

problems [29].  To attack such a difficult problem much of the recent research has 

been based on the disjunctive graph model of Roy and Sussman [66].  The 

disjunctive graph uses arcs and nodes to represent the technological precedents of 

operations, machine processing precedence, and processing delays.  This graph 

allows the researcher to represent every possible schedule by reversing a subset of 

arcs in the graph.  Balas [7] enhanced the value of the disjunctive graph by 

proving that arc reversals on the longest path in the graph will maintain schedule 

feasibility (i.e., an acyclic graph).  Balas also proved that only arcs on the longest 

path in the system could shorten the makespan for a single arc reversal.  These 

two facts allowed him to develop an enumeration strategy for the Jm || Cmax.  This 

is also extremely valuable to efficient metaheuristic searches by restricting the 
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candidates for arc reversal while maintaining feasibility.  Balas implied that 

setups could be added to this model, but did not discuss feasibility concerns when 

these setups are sequence dependent.  Balas [8] extended this model to consider 

parallel machines, but a detailed discussion on how to construct a solution was not 

provided. 

 White and Rogers [77] investigate possible extensions and limitations of the 

disjunctive graph, including assembly and disassembly sequences, due dates, 

scheduled maintenance, sequence dependent setups, etc.  They find that the 

disjunctive graph has a general limitation on the variety of sequence dependent 

setups that it can handle.  They show that if the following triangle inequality does 

not hold for each machine, then the makespan will not be accurately measured.  

They require problems to satisfy sik ≤ sij + sjk + pj, ∀i,j,k where sik is the setup 

required when the machine switches from processing operation i to operation k, 

and pj is the processing delay of operation j.  This is necessary, since if it does not 

hold then the makespan will include the Arc (i,k), even though the machine may 

actually be processing i then j then k and should include Arcs (i,j) and (j,k) 

instead.  

Brucker and Thiele [17] developed a disjunctive graph model for general-shop 

problems with sequence dependent setups.  They restricted the problem to setups 

that satisfy the triangle inequality seg ≤ sef + sfg, ∀e,f,g where seg is the setup 

required when products of type g immediately follow products of type e.  This is a 

tighter restriction than the one presented by White and Rogers [77].  This 

restriction was based on the premise that an optimal schedule would process all 

like operations in homogenous groups based on their type.  

 Brucker, et al. [16] next developed a branch and bound algorithm for open-

shop problems, which was based on the disjunctive graph.  Their algorithm 

determines the order that jobs are processed on machines and the order jobs visit 

machines.  This flexibility allows the model to handle reentrant flows, but does 
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not consider sequence dependent setups.  Their results were promising, but they 

admitted that heuristics based on machine workloads provided similar results with 

less computational effort. 

 Oey and Mason [56] adapted the disjunctive graph to model reentrant flows 

and batching nodes.  This was developed for a shifting bottleneck algorithm for 

semiconductor manufacturing facilities and attempted to minimize total weighted 

tardiness.  Infeasibility issues due to the batching nodes were discussed, and an 

algorithm is proposed to remove cycles. 

 Shifting bottleneck research has successfully generated many modifications to 

the disjunctive graph to handle features such as reentrancy and sequence 

dependent setups.  However, since the shifting bottleneck generates a schedule 

and metaheuristics iterate from schedule to schedule, some of the modified 

features have been technique specific.  For example, delayed precedence 

constraints are not needed for metaheuristic searches when arcs are only reversed 

on the critical path [7].  However, sequence dependent setups are shown in 

Chapter 4 to be a threat to feasibility in metaheuristic searches, but have no 

additional effect on the shifting bottleneck procedures. 

2 Scheduling Reentrant Systems 

Techniques for scheduling reentrant systems vary from simple policies to 

intelligent search heuristics.  Surveys exist for many of the traditional scheduling 

policies, such as First In First Out, Earliest Due Date, etc. [53, 14, 58].  For the 

purpose of this review, we focus on complex policies, metaheuristics, and 

decomposition methods. 

2.1 COMPLEX POLICIES 
One of the more common complex policies for reentrant production scheduling is 

Starvation Avoidance, which was introduced by Glassey and Resende [30].  This 

is a closed loop job release control and scheduling policy.  The scheduling policy 
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pulls jobs to the bottleneck in order to maintain high bottleneck utilization.  

Lozinski and Glassey [46] extend this work to consider additional factors such as 

inventory between the job and the next bottleneck visit, line yield, and machine 

availability.  However, Kayton, et al. [39] showed that under varying conditions 

the Starvation Avoidance scheduling policies were no better than simpler policies, 

namely critical ratio which only considers due dates and remaining process time. 

 Perkins and Kumar [59] presented policies for reentrant systems, which allow 

for reentrancy and sequence dependent setups.  These policies, known as Clear-a-

Fraction (CAF), guarantee finite machine buffers by developing buffer limits that 

determine when machines should begin processing a new group of products.  

Kumar and Seidman [41] extended this work to show that instabilities occur for 

cyclic systems.  A system is instable when its cycle time is unbounded [48] and 

this can occur when machines feed one another, creating a pseudo-station [34].  

Lu and Kumar [48] extended this research by proving the stability of 4 policies.  

These are Last Buffer First Serve (LBFS), First Buffer First Serve (FBFS), 

Earliest Due Date, and Least Slack (LS) policies.  They show through simulation 

that among the policies they tested LBFS was best for minimizing average cycle 

time delay and Least Slack was best for minimizing variance of cycle time delay.   

 Lu, Ramaswamy, and Kumar [47] introduce the Fluctuation Smoothing 

policies for reentrant systems, which are a subclass of Least Slack policies.  These 

policies, FSMCT and FSVCT, are shown to be superior to other traditional 

policies for reducing mean cycle time and cycle time variance.  This is illustrated 

using aggregated production line models, one of which is used in this dissertation 

for comparison analysis.  Sohl and Kumar [69] reemphasize the superiority of 

Fluctuation Smoothing policies over simpler policies such as First In First Out 

(FIFO).  It is for these reasons that Fluctuation Smoothing is chosen along with 

traditional policies to generate initial solutions in this thesis. 
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2.2 METAHEURISTIC SEARCHES 
The disjunctive graph is an extremely valuable model for metaheuristics, because 

it gives the problem structures and rules for iterative improvements and 

feasibility.  Genetic algorithms dominate metaheuristic approaches to reentrant 

scheduling; however, they have been shown to be inferior to other metaheuristics 

in some instances due to their search structure [64].   

 Lee and Chen [45] use genetic algorithms to optimize weights for multiple 

factors (such as due dates, processing time, downstream WIP, etc.) in reentrant 

systems.  This method is shown to be superior to traditional policies, but ignores 

the search for sequential improvements traditionally performed by metaheuristics.  

Genetic algorithms have also been used in combination with Petri-nets for 

reentrant systems [24, 23, 76].  In these approaches genetic algorithms are used to 

select the optimal scheduling policy for each station.  Both of these approaches 

are more like complex policies than metaheuristic techniques.  

 In reentrant systems, genetic algorithms have also been used to improve initial 

solutions generated from scheduling policies [40] and heuristics [55, 19].  

However, only Cavaleri [19] admits concerns for feasibility when using genetic 

algorithms and resorts to using Gantt charts to check their solutions.  Only Kumar 

compares the results obtained with other methods, showing a 3% makespan 

improvement over the best policy.  None of these approaches use the disjunctive 

graph model of the problem in order to provide structure or guidance.   

 The flexibility of genetic algorithms allows them to be used under varying 

conditions, including the job shop scheduling problem with sequence dependent 

setups.  However, the flexible search structure prevents them from taking 

advantage of the disjunctive graph structure.  This can be detrimental, as Reeves 

showed, with tabu search outperforming genetic algorithms on a class of GA-hard 

problems [64].  Until now, only decomposition methods have been successful in 

applying the disjunctive graph model to reentrant manufacturing systems. 
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2.3 DECOMPOSITION METHODS 
Decomposition methods develop solution strategies to complex problems by 

decomposing them into smaller subproblems.  These smaller subproblems are 

more tractable and easier to understand.  Solutions are then developed for each 

subproblem individually, and then aggregated to form a solution to the original 

problem [57].  This is a significantly different approach than metaheuristics, in 

that decomposition methods generate a schedule, where as metaheuristic methods 

iterate from a given schedule to a new schedule.  Pezzella and Merelli take 

advantage of this difference by using the shifting bottleneck method to generate 

an initial solution and a tabu search strategy to generate new solutions through 

schedule perturbations [60]. 

 Adams, Balas, and Zawack [1] introduced the Shifting Bottleneck (SB) 

procedure, which decomposes the disjunctive graph into single machine 

scheduling problems that are solved to optimality and then aggregated to create a 

system solution.  The procedure iterates through unscheduled machines and 

chooses the bottleneck machine among them using Carlier’s algorithm [18].  The 

machine is then scheduled, again using Carlier’s algorithm, and all previously 

scheduled machines are rescheduled [18].  This continues until all machines have 

been scheduled.  By decomposing the problem the authors are able to create a 

heuristic for finding good schedules.   

 By decomposing the problem into subproblems, the SB procedure is able to 

attack a simpler problem.  However, by ignoring the interdependence of machine 

cliques they leave themselves vulnerable to infeasible solution regions.  Balas, et 

al. [9] addresses this issue and introduces delayed precedence constraints into the 

SB procedure for a one machine scheduling problem.  They give credit to Dauzere 

and Lasserre [26] and Tiozzo [72] for first identifying this issue.  

 Demrikol and Uzsoy applied the Shifting Bottleneck procedure to reentrant 

systems [27].  Their objective was to minimize maximum lateness.  Through this 
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procedure they were able to show that schedules that perform well with respect to 

maximum lateness also perform well with cycle time, makespan, and average 

tardiness metrics.  The results are shown to be superior to the Earliest Due Date 

policy.  Their model also considered batching tools, but used the Date Update 

heuristic suggested by Uzsoy to handle them [75].  The SB procedure has also 

been extended to consider sequence dependent setups, parallel machines, and 

batching [57].   

 Most recently Mason and Fowler [51] have applied the SB procedure to 

reentrant systems, where the algorithm is influenced by tool type.  Their results, 

which attempt to minimize total weighted tardiness, were shown to be superior to 

traditional policies, such as First In First Out, Critical Ratio, and Least Slack 

policies.  Oey and Mason [56] extended this work by considering batching tools 

and creating a batch node for the disjunctive graph model.   

 Ovacik and Uzsoy [57] review and detail the SB models for various production 

systems.  They also express concern for feasibility when applying the SB 

procedure and explain that considerable time might be required to fix infeasible 

schedules when delayed precedence constraints are not added.  Therefore an 

ejection chain algorithm, such as the one introduced in the fourth chapter might be 

useful in maintaining feasibility when applying SB procedures.  These added 

infeasibilities hinder the effectiveness of SB procedures, which have already been 

shown to be inferior to metaheuristics searches like tabu search for some 

experimental models [10].       

3 Candidate List Strategies 

Candidate list strategies are used to balance the efficiency and efficacy of a 

search, reduce the time to evaluate heuristic moves, and to exploit the problem 

structure [32].  There are many general strategies, such as successive filtering, 

elite candidate lists, aspiration plus, sequential fan, and bounded change [62, 32].  
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In particular, elite candidate lists selectively evaluate a set of candidates and only 

regenerate the set once certain criteria have been reached.  This creates a 

dynamically restricted list of elite candidates.  Elite candidate lists have shown to 

be effective for a variety of combinatorial problems [3, 37, 49, 71].  Restricted 

candidate lists have also shown to be beneficial for metaheuristic searches, such 

as tabu search [63, 35, 2, 31].  By reducing the candidate list size, the search 

spends less time in the local neighborhood, therefore diversifying more quickly.  

Thus, the size of the candidate list can affect the intensification and diversification 

strategies of a metaheuristic.  These candidate list strategies help control the 

trade-off of between solution quality and search speed. 

 James and Buchanan [35] illustrate the benefit of restricted candidate lists for 

scheduling problems.  They consider three strategies for restricting the candidate 

list.  The first is a randomly selected candidate list of a fixed size introduced by 

Reeves [63], which is also used as a competing strategy later in this thesis.  The 

second candidate list only allows operation swaps that are within a fixed window 

of each other based on their sequencing.  The last strategy is a combination, where 

the initial operations are selected randomly and then a fixed window determines 

the available operations to be swapped with the initial list.  The results show that 

the combination strategy outperforms the other variations.  However, they warn 

that the effectiveness of the candidate list is problem dependent.  Glover [31] and 

Adenso-Diaz [2] have also reported excellent results when implementing a 

restricted candidate list to tabu search methodologies.     

 Tuson [73, 74] introduces a candidate list strategy, called the Idle Time 

Heuristic, based on the problem structure of the flow shop scheduling problem.  

Tuson suggests that the candidate list should be guided by the performance of the 

current schedule.  Jobs weights are based on the accumulated idle time of each 

job.  These weights allow for a subset of candidates to be chosen.  This guidance 

helps maintain the effectiveness of the search while avoiding unnecessary 
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evaluations.  This is analogous to one of the candidate strategies that can be 

derived from the subclass of Critical Arc Strategies, known as the Delay 

Weighted Critical Arc strategies.  This instance is when the delays are based 

solely on job delays.  Tuson's work was done in parallel and independently of the 

work in this thesis. 

 As problem sizes grow, the efficacy of randomly selecting candidates and 

window based strategies decrease rapidly.  Therefore weighting candidates for 

selection becomes increasingly necessary.  This allows metaheuristics to become 

more efficient in the search while maintaining their efficacy.   
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CHAPTER 3: THE SEMICONDUCTOR INDUSTRY 

This chapter briefly introduces the semiconductor manufacturing industry, which 

is the primary motivation behind the models and methods developed in the 

following chapters.  Semiconductor manufacturing is a complex production 

environment with unique characteristics that make it difficult to analyze.  

However, because of the finished product’s value, minute manufacturing 

improvements can provide substantial financial gain.  This chapter begins by 

introducing the special characteristics of the wafer production process and ends 

by discussing the current scheduling policies of the industry. 

1 Characteristics of the Wafer Fabrication Process 

The wafer fabrication process is one of the most unique manufacturing 

environments in existence today.  It is both complex and time consuming, with 

traits not seen in any other manufacturing discipline.  Characteristics such as 

reentrant flow and sequence dependent setup delays make this process very 

unique.  Other characteristics such as the large number of machines, numerous 

processing steps, and contamination concerns add to the complexity.  In all, the 

wafer fabrication process is very different from most manufacturing processes. 

 The most distinguishing feature of this type of process is the reentrant flow.  

Reentrancy occurs when a job revisits a resource (machine) multiple times during 

processing.  In many cases, the job will revisit many resources many times due to 

the layering of the wafer.  This causes many scheduling approaches to become 

intractable or gives rise to infeasible solutions that may be difficult to avoid or fix.   

 Because of the different products and layers that are processed in the fabs, 

setup changeovers can be frequent.  Many of these setups are sequence dependent 

and are affected by the current machine’s WIP.  Since setup time is unproductive 

time, the less the better.  Therefore, fabs attempt to minimize setup time, while 
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maintaining due date commitments and minimizing cycle times.  Adding 

sequence dependent setups to the reentrant characteristics increases the difficulty 

of scheduling these systems.   

 Another complexity is the large number of machines and process steps.  A fab 

may contain hundreds of machines that do many different jobs.  Each product 

may require 400-500 process steps.  This type of complexity requires the industry 

to rely heavily on dispatching tools to maintain the performance of the fab. 

 Wafers can be damaged by many factors, such as dust particles or physical 

scratches. Even a single dust particle can ruin a wafer.  All particles, oils, etc. are 

contaminants that fabs try to avoid.  All of this is important in minimizing wafer 

loss and maintaining high yields.  Yields are also influenced by cycle time, since 

the probability of contamination increases as the lot’s duration in the fab 

increases. 

2 Current Industry Scheduling Policies 

As the industry has continued to mature, more emphasis has been placed on the 

business aspects of the manufacturing process.  One very important aspect is the 

scheduling of wafers in the fabs.  Knowing which job to process next at each 

machine can have a significant effect on the fab’s performance.  This is generally 

measured by goals such as reducing cycle time, increasing throughput, and 

improving customer satisfaction.  The scheduling techniques in this industry are 

dominated by simple and complex policies, although new techniques such as 

metaheuristics are gaining momentum.  

 Due to reentrancy and sequence dependent setups, the order of processing can 

play a significant role in the fab’s performance.  Due to the high value of the 

wafers, even a slight increase in fab performance can generate millions of dollars 

in revenue [4].  Therefore, due to the high value of the wafer and the complex 

nature of the line, much emphasis is put on scheduling policies and methods. 
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 A scheduling metric generally recognized as being important by both industry 

and academia is cycle time.  By reducing cycle time, contamination is decreased 

and orders are filled more quickly.  Cycle time influences throughput, which is 

also a very important measurement.  As throughput increases, the fab’s revenue 

can also increase.  This is generally a sign that the bottleneck is being utilized to a 

greater extent.  Another crucial measurement is customer satisfaction.  Because of 

the dynamic value of the product, it is vital that products reach customers on time.  

 Semiconductor scheduling is currently dominated by simple dispatching 

policies such as First-In-First-Out (FIFO), Earliest-Due-Date (EDD), and Shortest 

Processing Time (SPT) [4, 5, 44, 61, 50, 28, 68].  These policies are easy to 

implement and follow, which has aided their dominance.  However, they are often 

myopic and can perform very poorly under varying objectives.  Therefore, more 

complex methods are continually sought to find better solutions because of the 

significant value of the end product. 

 More complex policies such as Starvation Avoidance have begun to gain 

momentum.  Glassey and Resende [30] introduce Starvation Avoidance as a 

policy whose goal is to maximize bottleneck utilization.  This is done through a 

combination of job release and job scheduling policies.  The scheduling policy 

pulls jobs to the bottleneck in order to avoid idle time on the system’s bottleneck.  

These policies have been used in real fabs [65]; however, they have been used 

sparingly because of their complexity and questionable benefit. 

 Another set of complex policies introduced by Lu, et al. are Fluctuation 

Smoothing policies, which are a subclass of Slack policies [47].  The primary 

Fluctuation Smoothing policies, FSMCT and FSVCT, attempt to minimize 

average cycle time and the variance of cycle time in the system.  They evaluated 

these policies on multiple semiconductor production line examples showing their 

superiority over simpler policies such as FIFO.  These policies have shown to be 

valuable in real fab environments for reducing cycle time mean and variance [54, 
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36, 33].  These policies as well as some of the simpler policies are used to 

generate initial solutions for the metaheuristics introduced in this thesis.   

 Although metaheuristics have been shown to be advantageous methods for 

scheduling most production systems, they have had minimal impact on reentrant 

systems.  Cavalieri, et al. [19] develops a heuristic for generating an initial 

solution and then use genetic algorithms to find improvements in the solution.  

The authors readily admit that feasibility is a concern and no rigorous 

mathematical model is used to guide the search.  The authors employ a Gantt 

chart to identify infeasible schedules through visual analysis to ensure a feasible 

schedule.      

 Metaheuristics has yet to fully enter this area of scheduling and is the primary 

motivation for this research.  It is anticipated that this research, by creating a 

vehicle for metaheuristic searches and a class of strategies to successfully attack 

these problems, will provide substantial improvements to solution quality for 

reentrant scheduling systems.   
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CHAPTER 4: MODELING THE JOB SHOP SCHEDULING 
PROBLEM WITH REENTRANCY AND SETUPS 

This chapter considers the reentrant job shop scheduling problem with sequence 

dependent setups, denoted Jm | sjk,recrc | ΣDi/n .  This is an extension of the 

classical job shop scheduling problem, denoted Jm || γ, which is introduced and 

defined in Section 1 of this chapter.  The Jm | sjk,recrc | ΣDi/n extends the 

classical model by allowing for sequence dependent setup times between adjacent 

operations on any machine (sjk), relaxing the restriction that each job visits each 

machine only once (recrc), and minimizing the average job delays in the system 

(ΣDi/n).   

 The purpose of this chapter is to derive the disjunctive graph and necessary 

feasibility conditions of the Jm | sjk,recrc | ΣDi/n.  The chapter begins by 

extending the Jm || γ by allowing sequence dependent setups, Jm | sjk | γ.  The 

model will then be further extended to allow for reentrancy, where jobs revisit 

machines, creating the Jm | sjk,recrc | γ.  The purpose of these models is to allow 

for metaheuristic techniques, such as tabu search, to perform solution space 

searches on the extended scheduling problem.   

 Section 1 begins with a brief recounting of the disjunctive graph formulation of 

the classical Jm || γ [66] and the rule that guarantees feasibility while performing 

iterative moves toward the solution of the Jm || Cmax [7].  Then a simple 

counterexample to the feasibility rule is presented with a Jm | sjk | Cmax disjunctive 

graph.  The example illustrates that reversing a disjunctive arc on the critical 

(longest) path does not guarantee feasibility, i.e., a subsequent acyclic disjunctive 

graph, when one or more machine sequence dependent setups are present.  

Section 2 examines these setup-induced infeasibilities to determine the conditions 

under which they occur and an algorithm is presented in Section 3 which will 

“remove” any cycles that are formed.  The Jm | sjk | Cmax is then further extended 
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in Section 4 to form the Jm | sjk,recrc | ΣDi/n, which allows for machines to be 

revisited, i.e., a job may possess two or more operations that require the same 

machine.  The Jm | sjk,recrc | γ and its relationship to the Jm | sjk | γ are then 

detailed.  This chapter concludes with an algorithm to guarantee an initial feasible 

solution in Section 5.    

1 The Disjunctive Graph Model  

Much of the metaheuristic research for the Jm || γ has relied upon the work of Roy 

and Sussman [66], and Balas [7].  By modeling the problem as a disjunctive 

graph, Roy and Sussman allowed researchers to capture important scheduling 

information in a simple model.  Balas extended their work to iteratively find 

better solutions while maintaining feasibility from iteration to iteration.  Balas’ 

work is key to the success of metaheuristic approaches, providing guidance to 

maintaining feasibility and avoiding non-improving moves.   

1.1 THE JOB SHOP SCHEDULING PROBLEM 
The Jm || Cmax consists of a set ϑ of n jobs, a set Μ of m machines, and a set Ο of 

N operations.  Each operation v∈Ο belongs to a job Jv∈ϑ and is processed on a 

machine Mv∈Μ for a processing time of pv∈ℜ+.  There is also a binary relation → 

from Ο to Ο that defines the technological precedence of operations v,w 

belonging to the same job, Jv=Jw.  The problem of minimizing the makespan 

reduces to finding a release time rv for each operation v∈Ο such that 

  MiniMax  rv + pv             (1) 
     v∈Ο 

subject to  
rw - rv ≥ pv,  if v→w,  v,w∈Ο       (2) 
rw - rv ≥ pv ∨ rv – rw ≥ pw ,  if Mv=Mw,  v,w∈Ο  (3) 
rv ≥ 0,  ∀v∈Ο            (4) 
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 In order to solve this problem via metaheuristic techniques it is advantageous 

to represent it as a disjunctive graph model.  The disjunctive graph G = (V, A, E) 

consists of a set of nodes V, conjunctive arcs A, and disjunctive arcs E defined as 

follows:  

• V = Ο ∪ {0, N+1}, where 0 represents a source node, N+1 represents a sink 
node, and both nodes are fictitious operations. 

• A = {(v,w) | v,w∈Ο, v→w} ∪ {(0,w) | w∈Ο, ∃/ v∈Ο : v→w} ∪ {(v,N+1) | 
v∈Ο, ∃/ w∈Ο : v→w}, where these arcs define the technological 
precedence of operations within each job, and the relationships between 
jobs and the fictitious source and sink nodes.  This set defines the 
conjunctive arcs, which have fixed orientation and define the 
technological precedence in the graph.  The arc length defines the amount 
of time required to process the operation at the tail of the arc.  For the arcs 
(0,w), the arc length can also be used to represent the release delay for job 
Jw. 

• E = {(v,w) | Mv = Mw}, where these arcs define the order of processing for 
operations on the same machine.  These arcs represent the constraint (3) 
above, and the orientations of these arcs define the current solution of the 
graph.  

 

Figure 2 presents an example of a disjunctive graph of a Jm || γ with 3 machines, 3 

jobs, and 3 operations per job.  Node sets {1,2,3}, {4,5,6}, and {7,8,9} define the 

operations for the 3 jobs, and node sets {1,5,9}, {2,4,8}, and {3,6,7} partition the 

operations among the 3 machines.    The conjunctive arcs are denoted by solid 

lines and have fixed orientation, while disjunctive arcs are denoted by dashed 

lines and have no a priori fixed orientation.  Conjunctive arc lengths represent the 

time required before the job can begin a new operation.  Disjunctive arc lengths 

represent the time required before the machine is free to begin processing the next 

operation.  A selection of disjunctive arc orientations represents a distinct 

ordering of operations on each machine.  A new feasible solution can be found by 

reversing the orientation of a disjunctive arc on the critical (longest) path in the 

graph [7].   
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Figure 2: The Disjunctive Graph of the Jm || γ 

 Feasibility can be maintained by limiting the candidate arcs for reversal to 

disjunctive arcs on the critical path in the graph, given that the current solution is 

feasible.  Balas proved that only arc reversals on the critical path could make 

iterative improvements in the makespan of the Jm || Cmax [7].  By switching 

critical path disjunctive arcs, metaheuristic search algorithms are able to 

efficiently search the solution space for improving solutions without concerns of 

feasibility.  

1.2 THE JOB SHOP SCHEDULING PROBLEM WITH SETUPS 
Sequence independent setup delays are easily incorporated into the classical 

model and require no change in the iterative procedure.  Such a delay is simply 

added to the duration of all arcs originating at an operation node [7].  A sequence 

dependent setup imposes an extra delay, in addition to the current operation 

processing time, before a particular machine can begin working on the next 

operation in its sequence.  In the Jm | sjk | γ, this sequence dependent setup time is 

added only to the unique associated disjunctive arc.  

 

 

 

 



 26

The problem now is to find start times sv for each operation v∈Ο such that 

MiniMax  rv + pv                (5) 
     v∈Ο 

subject to  
rw - rv ≥ pv,  if v→w,  v,w∈Ο           (6) 
rw - rv ≥ pv + svw ∨ rv – rw ≥ pw + swv ,  if Mv=Mw,  v,w∈Ο  (7) 
rv ≥ 0,  ∀v∈Ο                (8) 

 

The variable svw represents the sequence dependent setup duration when operation 

v immediately precedes operation w on a machine.  Constraint (7) is the only 

change from the previous model, where setup delays affect the length of the 

disjunctive arcs only.     

In the Jm | sjk | γ, reversing an arc on the critical path does not always guarantee 

feasibility, even when the triangle inequality is satisfied.  The simple Jm | sjk | γ 

model of Figure 3 with 2 jobs, 4 operations, and 2 machines illustrates this fact.  

In Figure 3, a single sequence dependent setup time of 12 units is present and 

takes place only when operation 3 precedes operation 2.  Therefore, Arc (3,2) has 

a length of 17 while Arc (3,4) has a length of 5.  This implies that the processing 

time for operation 3 is 5 time units, while the sequence dependent setup delay of 

operation 3 preceding operation 2 is 12 time units.  The critical path of the graph 

is {(0,3), (3,2), (2,5)}, which has a length of 22. Arc (3,2) is the only disjunctive 

arc on the critical path; however, its reversal creates the cycle {(3,4), (4,1), (1,2), 

(2,3)}.  An arc is a Cycle Generating Arc (CGA), when it is on the critical path 

and its reversal will create a cycle that includes at least one conjunctive arc.  In 

Figure 3, Arc (3,2) is a CGA and is the only arc on the critical path of the current 

graph.  Therefore the current graph cannot move to another feasible solution by 

only considering arcs on the longest path.  However, an algorithm to remove 

cycles from the disjunctive graph is presented later in this chapter.  
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Figure 3: Infeasible Example of the Jm | sjk | γ  

 Sequenced dependent setups are added only to the disjunctive arcs.  If they are 

added to both the disjunctive and conjunctive arcs in the graph, this is equivalent 

to setups not beginning until both the job and machine are available.  However, in 

a deterministic scheduling environment, the next operation is known and to delay 

a setup until a job arrives would be inefficient when a machine is idle.  Although 

this would create an inefficient schedule, it would also avoid creating cycles, 

since the conjunctive and disjunctive arcs originating at a node would be of equal 

length. 

 This example proves that feasibility of the Jm | sjk | γ is not guaranteed when 

reversing arcs on the critical path.  This illustrates the concern for metaheuristic 

techniques when trying to solve this problem.  Critical path arcs are still the only 

arcs whose single reversal can improve the solution of the makespan [7].  

However, feasibility can no longer be guaranteed when searching the solution 

space.  The next section investigates these cycles and determines the necessary 

criteria for their existence.  

2 Investigating Cycles in the Disjunctive Graph 

Cycles composed only of disjunctive arcs imply the illogical condition that any 

operation performed by that particular machine must precede itself!  These cycles, 

Disjunctive Arc Cycles (DAC), cannot occur if the triangle inequality presented 
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by White and Rogers [77] is satisfied.  DAC can also be avoided by modeling the 

disjunctive graph with a matrix representation, such as the one presented by 

Blazewicz, et al. [15] or by modeling machine cliques via arrays.  Therefore, 

unless stated otherwise, graphs considered in the rest of this chapter will be 

assumed not to contain DAC.   

 To fully understand when solution infeasibilities occur, some basic 

propositions must be constructed. All propositions in this section apply to the Jm || 

γ, Jm | sjk | γ, and Jm | sjk,recrc | γ.  

 
Proposition 1: For any cycle to be created by reversing disjunctive Arc (i,j), an 
alternate path must exist from nodes i to j. 
This was proven by Balas [7]. 
 
Proposition 2: If critical path Arc (v,w) is disjunctive and its reversal creates a 
non-DAC from a previously feasible solution, any resultant non-DAC will have a 
conjunctive arc originating from node v and conjunctive arc terminating at node 
w. 
Proof by Contradiction: Suppose critical Arc (v,w) is a candidate for reversal and 
an alternate path exists from v to w. Suppose ∃ an Arc (v,u) that is disjunctive and 
lies on the alternate path from v to w.  This implies that operations (nodes) v, w, 
and u are all assigned to the same machine.  Therefore there exists a disjunctive 
arc connecting w and u.  
Case I of Figure 4 illustrates that a disjunctive arc cannot originate at node w, this 
would imply a cycle already exists.  This contradicts the assumption that the 
previous solution was feasible.  Since the previous solution is feasible, the 
disjunctive arc connecting nodes w and u must originate at node u as shown in 
Case II of Figure 4.  In this case Arc (v,w) would create a DAC.  Therefore, if a 
non-DAC is created, Arc (v,w) on the alternate path must be conjunctive. 
Using a directly analogous approach, it can be shown that a conjunctive arc 
terminates at node w under the same conditions.  ∴  
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Figure 4: Proof of Proposition 2 

 Proposition 2 implies that a non-DAC must contain at least two conjunctive 

arcs and one disjunctive arc (the arc being reversed). 

 
Proposition 3: All non-DAC require at least 4 arcs.  At least 2 of these arcs are 
disjunctive and at least 2 are conjunctive. 
Proof: Proposition 2 shows that every non-DAC contains at least 2 conjunctive 
arcs. Once more, assume the existence of an Arc (v,w) and an alternate path from 
nodes v to w. If nodes v and w represent operations on the same job, the 
technological ordering would not allow the reversal of the arc.  If v and w are not 
on the same job, then only a disjunctive arc can complete the cycle.  Therefore, 
there must exist at least 2 conjunctive and 2 disjunctive arcs on every cycle.  ∴ 
 
Proposition 4: Let dvw be the length of the arc originating at node v and 
terminating at node w.  If an alternate path exists that connects nodes v and w, 
reversing Arc (v,w)  can create a non-DAC only if  

dvw ≥ {dvx | (v,x)∈A} + {dyw | (y,w)∈A} + Min{dkl | (k,l)∈E} 
Proof: Arc (v,w) resides on the critical path if and only if dvw exceeds the total 
length of the alternate path.  The alternate path for a non-DAC is composed 
minimally of three arcs.  Therefore, the length of any alternate path from v to w 
must be greater than or equal to (any conjunctive arc originating at node v) + (any 
conjunctive arc terminating in node w) + (the minimum length disjunctive arc in 
the graph). If Arc (v,w) is less than this sum it will not be on the critical path and 
will not be selected for reversal.    ∴ 

 
 Proposition 4 gives general conditions for when a cycle may occur.  Assuming 

that dvw = pv + svw, and recall that pv is the process delay of operation v and svw is 

the setup delay for disjunctive Arc (v,w), then we can also say the following. 



 30

 
Proposition 4a: Let dvw be the length of the arc originating at node v and 
terminating at node w.  Also let svw be the length of the setup delay for Arc (v,w).  
If an alternate path exists that connects nodes v and w, reversing Arc (v,w)  can 
create a non-DAC only if  

svw ≥ {dyw | (y,w)∈A} + Min{dkl | (k,l)∈E} 
 

 Proposition 4a presents a fairly simple rule to determine when cycles may 

occur.  Even when the condition holds, there may be no chance of a cycle.  

However, if the condition does not hold, we are guaranteed that no infeasible 

solution can be generated from reversing arcs on the critical path.  Combining this 

inequality with White and Rogers’ inequality guarantees feasible solutions from 

iterative searches for the Jm || γ, Jm | sjk | γ, and Jm | sjk,recrc | γ. 

3 Returning Infeasible Solutions to Feasibility 

Balas showed how feasibility of the classical Jm || γ could be maintained when 

performing iterative searches.  This occurs because without setups, the lengths of 

all arcs originating at a node all have the same length.  Therefore, if an arc has an 

alternate path, that arc will never be part of the critical path in the graph.  The 

alternate path will always be longer, since an arc with the same length will be part 

of the alternate path and the alternate path must be made up of at least 3 arcs.  The 

following section will present an algorithm to return any disjunctive graph to 

feasibility. 

 Tracking all CGA’s is a computationally burdensome task.  In fact, the 

problem of determining whether a graph has a cycle with length ≥ c is NP-

complete even if all edges have length 1 [38].  An “ejection chain” can be used 

instead to return the graph to feasibility if a CGA is reversed.  “An ejection chain 

is an embedded neighborhood construction that compounds the neighborhoods of 

simple moves to create more complex and powerful moves” [32].   
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 Proposition 4 provides a preliminary procedure that can be performed to show 

that a subset of arcs cannot be CGA’s.  To fully determine if an arc is a CGA, 

based on Proposition 4, a search has to be performed to determine if there exists 

any alternate path longer than the arc in question.  If at least one exists or no 

alternate paths exist, the arc is not a CGA.  Proposition 4 also implies that if a Jm | 

sjk | γ has “small” setup delays, CGA’s would be rare.  The most likely scenario 

for a CGA is when an operation has a significantly long setup time and the 

immediately preceding and succeeding operations have comparatively short 

processing times.  Once all CGA’s or possible CGA’s have been identified, 

ejection chains will be needed to maintain feasibility if any CGA is created.   

 The algorithm presented below will return any infeasible solution to feasibility, 

which can allow for more complex move structures for metaheuristic techniques 

for the models considered in this chapter.  However, it should be noted that the 

resulting move of the ejection chain could result in a significant neighborhood 

move, which may or may not have a considerable negative impact. 

FEASIBILITY EJECTION CHAIN ALGORITHM 

Beginning at the Sink Node (NC = N+1). 

Step 1: Select a node with a single unlabeled originating arc, which 
terminates at the current node, NC.  

Step 2: If no node exists that satisfies Step 1, then select any node NB that 
has an arc terminating at NC and reverse all other arcs originating 
at NB.   

Step 3: Mark all arcs that terminate at the current node as labeled.  NB 
now becomes NC.  

Step 4: If NC is the source node, then stop.  Otherwise, return to Step 1.   
 
 This algorithm visits a new node at each iteration.  However, it must check 

each arc that terminates at the current node.  Therefore, the worst-case complexity 

will be that of visiting every arc, which is O(N2), where N+1 is the number of 

nodes in the graph.  Due to the structure of this procedure, it can be performed 
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within the critical path algorithm of Chartrand [22].  This can greatly reduce the 

additional time needed for the ejection chain.  However, each time an ejection 

chain of this type is performed, the neighborhood move may be equivalent to 

multiple arc reversals within the current graph. 

4 The Reentrant Job Shop Scheduling Problem with Setups 

The Jm | sjk,recrc | γ is an extension of the Jm | sjk | γ, where jobs visit machines 

more than once, i.e., a job may have 2 or more operations that require the same 

machine.  Due to its reentrant nature it is beneficial to use an objective other than 

the makespan, which is to minimize the average job delays in the system, denoted 

Jm | sjk,recrc | ΣDi/n.  This extension requires modification of the disjunctive 

graph. 

4.1 THE DISJUNCTIVE GRAPH WITH REENTRANCY AND SEQUENCE 
DEPENDENT SETUPS 
The disjunctive graph of the Jm | sjk,recrc | γ introduces new conjunctive arcs, 

which in addition to enforcing the technological order simultaneously stipulate the 

processing order of operations on a machine. Any arc that imposes both 

technological ordering and machine clique ordering is called a reentrant 

conjunctive arc, and has fixed orientation.  The bold arc in the Jm | sjk,recrc | γ 

model of Figure 5 illustrates this new type of arc where the same machine 

performs operations 1, 3, and 4 and operations 1 and 3 belong to the same job 

with operation 1 preceding operation 3. 
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Figure 5: Comparison of Jm | sjk,recrc | γ and Jm | sjk | γ Models 

 Although the new disjunctive graph contains the reentrant conjunctive arc, it 

still maintains all of the characteristics of the disjunctive graph of the Jm | sjk | γ.  

In Figure 5, the Jm | sjk | γ model is identical to the Jm | sjk,recrc | γ model if 

operation 1 has a process duration of zero.  Therefore, even a Jm | sjk | γ that does 

not have flow shop machine ordering can be modeled as a Jm | sjk,recrc | γ with 

dummy nodes.  A graph has flow shop machine ordering when all jobs have the 

same technological ordering, and none of the jobs visits a machine more than 

once.  This allows these reentrant problems to be solved under the same 

conditions and graph formulation as the Jm | sjk | γ.  However, additional structure 

to the variations of the Jm | sjk | γ becomes apparent by investigating reentrancy.  

4.2 REENTRANT LEVELS OF THE REENTRANCY JOB SHOP SCHEDULING 
PROBLEM  
A reentrant conjunctive arc has a fixed orientation to guarantee that technological 

ordering is enforced even when the same machine performs operations from the 

same job.  This also creates Reentrant Levels in the disjunctive graph of the Jm | 

recrc | γ.  These levels are important in creating a feasible initial solution and 

identifying arcs that must exist in every cycle.  Fix a distinct arbitrary indexing of 



 34

machines.  Then for any two arbitrary operations v and w of the same job, if v 

immediately precedes w and v’s machine index is greater than or equal to w’s 

machine index, then w’s reentrant level is greater than v’s by one.        

 For example, Figure 6 is a Jm | sjk,recrc | γ with 2 jobs, 5 operations, and 2 

machines.  Machine 1 performs operations 1, 3, and 4 and machine 2 performs 

operations 2 and 5.  From Figure 6, it can be seen that job 1 revisits machine 1 for 

operation 3.  Thus operation 3 has a reentrant level of 2 and operation 2 has a 

reentrant level of 1, because operation 2 is processed on Machine 2, which has a 

larger machine index than Machine 1.   

Figure 6: Disjunctive Graph with Reentrant Levels 

 These levels allow us to identify the Reentrant Level Violating Arcs 

(RLVA), which occur when an arc originates at a node with a higher reentrant 

level than the terminating node, such as Arc (3,4) of Figure 6.  This leads to the 

following proposition: 

 
Proposition 5: All non-DAC require at least one Reentrant Level Violating Arc 
(RLVA). 
Proof of Proposition 5: From Proposition 1, it is known that an alternate path 
must exist from v to w to complete a cycle.  Given Proposition 3, it is known that 
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at least one conjunctive arc terminates in node w and one originates from node v, 
while v and w share the same machine clique.  Therefore, the alternate path will 
be made up of arcs, which include one terminating at an operation succeeding 
operation v and one originating from an operation preceding operation w.  By 
definition, a disjunctive arc will be required to complete the cycle between two or 
more different jobs.  Therefore, a disjunctive arc will be required which either 
violates the arbitrary machine ordering, or originates at a higher reentrant level 
than the node in which it terminates.  In both cases, the resulting disjunctive arc is 
a RLVA.  ∴ 
  
 Cycles may have more than one RLVA.  Figure 6 has only one RLVA, which 

is Arc (3,4), where operation 3 has a reentrant level of 2 and operation 4 has a 

reentrant level of 1.  This RLVA completes the cycle given by the arc set {(4,5), 

(5,2), (2,3), (3,4)}.  Therefore, since Arc (3,4) is the only RLVA, then all 

schedules will be feasible when operation 4 precedes operation 3.  It is important 

to note that Proposition 5 implies that for a cycle to exist in the Jm || γ, Jm | sjk | γ, 

and Jm | sjk,recrc | γ a RLVA must exist.  It may seem contrary to reason that a Jm 

|| γ or Jm | sjk | γ must have a RLVA to create a cycle, but as mentioned earlier in 

this section, any graph that has non-flow shop machine ordering can also be 

modeled as a Jm | sjk,recrc | γ. 

4.3 OBJECTIVE OF THE REENTRANT JOB SHOP SCHEDULING PROBLEM  
In order to evaluate the performance of systems with reentrancy, all jobs in the 

system must be evaluated.  With reentrancy, machines will be processing jobs that 

have just entered the system, as well as jobs about to leave the system.  Therefore, 

some jobs will only have partial routes for evaluation purposes. 

 The Jm | sjk,recrc | Cmax only evaluates the completion time of the longest job.  

In a reentrant system many jobs will have partial routes and therefore will never 

be considered in the makespan calculation.  A partial route is one where the job 

either starts at a later step than the first one or stops at an earlier step than the last 

one.  To avoid this pitfall we can use Jm | sjk,recrc | ΣDi/n, which evaluates the 
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average delay across all jobs.  This is accomplished by accumulating each job’s 

delay time due to machine queues and setups during its flow time.  By averaging 

over all jobs, no job regardless of route length is ignored.   

 Although the disjunctive graph model is not altered by the change in the 

objective, the method for evaluation is.  When calculating the makespan (Cmax), 

one needs only to determine the longest path in the disjunctive graph.  For 

average delay (ΣDi/n), one must determine the longest path for each job.  This 

requires finding the longest path from the source node to the final operation node 

for each job.  However, this can be determined within the original longest path 

algorithm, since the algorithm must visit each node anyway.  In fact, the longest 

path algorithm discussed in Section 3 inherently finds the longest path to each 

node in the system.  Therefore, no additional complexity is added to the objective 

function.  The new approach needs only to record the longest path for each of the 

final operation nodes as it finds the longest path for the entire system. 

5 Initial Feasible Solution 

Although feasibility can be a concern when searching the solution space of the Jm 

| sjk,recrc | γ, an initial feasible solution is easily achievable.  To accomplish this, 

machines must be arbitrarily ordered, which in turn determines the reentrant 

levels of all operations.  An initial feasible solution can now be found by ordering 

the operations on machine cliques by ascending reentrant level.  Any solution that 

satisfies this condition will be feasible.  This is because if no RLVA exists, then 

no cycle can exist.  Therefore, the algorithm guarantees an initial feasible 

solution.  Since the Jm | sjk,recrc | γ is an extension of the Jm || γ and the Jm | sjk | 

γ, then this method also determines an initial feasible solution for them as well.  
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6 Conclusions 

It was stated earlier that graphs with unusually large setups with respect to 

preceding and succeeding operations are susceptible to cycle generating arcs.  

Although most manufacturing environments would not experience this type of 

problem, semiconductor manufacturing does.  Setup times often exceed the times 

for neighboring operations due to the precise methods required for this type of 

manufacturing.  For example, it might take six to twelve hours to allow a furnace 

to reach and stabilize at the correct temperature for processing, but the 

neighboring operations might require less than an hour of processing.  

Semiconductor manufacturing also has reentrant flows as each job visits machines 

multiple times to form the different levels of the wafers [78].  Hence, the 

disjunctive graph of the Jm | sjk,recrc | ΣDi/n is an advantageous model for 

approaching this problem with metaheuristics. 

 



 38

CHAPTER 5: CRITICAL ARC STRATEGIES 

This chapter introduces intelligent metaheuristic strategies for the Jm | sjk,recrc | 

ΣDi/n based on the disjunctive graph developed in the previous chapter.  These 

Critical Arc Strategies are based on ranking arc candidates through intelligent 

weighting schemes.  These provide prioritized candidate lists, which are effective 

for large problems and are guided by the inherent properties of the problem’s 

structure.  By developing arc weights for a prioritized candidate list strategy, the 

metaheuristic is able to attack the solution space of the Jm | sjk,recrc | ΣDi/n with 

an efficient and effective subset of critical path arcs.  

The purpose of this chapter is to present the three subclasses of Critical 

Arc Strategies for the Jm | recrc | ΣDi/n and Jm | sjk,recrc | ΣDi/n.  For this thesis 

the focus will be the Jm | sjk,recrc | ΣDi/n, because it is a more difficult scheduling 

problem and an extension of the Jm | recrc | ΣDi/n.  The strategies are defined by 

creating an elite candidate list through filtration and arc weighting.  The candidate 

list begins with all arcs from all jobs in the system and is then reduced by filtering 

out arcs not on the critical path of any jobs, tabu restricted arcs, and reentrant 

conjunctive arcs.  Weighting is then determined by one of the three subclasses of 

strategies.  The Delay Weighted Critical Arc (DWCA) strategy uses linear 

combinations of job and operation delays to prioritize arc candidates.  The 

Sequentially Weighted Critical Arc (SWCA) strategies use either the number of 

critical paths, critical arcs, or accumulated operation delays that the arc 

influences.  The Exponentially Weighted Critical Arcs (EWCA) strategy guides 

the metaheuristic through exponentially weighted delays that are influenced by 

the arc.  The results of these strategies allow for a more efficient search of critical 

path arcs, while maintaining the efficacy of the search. 
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1 Evaluation metric 

The makespan is defined as the measure of solution performance for the Jm || 

Cmax.  However, the performances of some jobs may be ignored when evaluating 

the maximum completion time, creating an “umbrella” effect.  For example, a 

reentrant system will have jobs of various lengths and the makespan may focus on 

the performance of a single job, while jobs of shorter length are ignored.  This 

faulty evaluation can be detrimental to the performance of metaheuristics for 

guiding their search in reentrant systems. 

 Average delay is defined as the measure of solution performance for the Jm | 

recrc | γ and Jm | sjk,recrc |γ.  By evaluating the average performance of all jobs, 

no single job’s poor performance can be hidden by another job’s longer 

completion time.  By focusing solely on job delays, reentrant systems are 

protected from having jobs with longer routes or processing times from 

dominating the solution performance.  In a reentrant system this can be very 

valuable, since it will have to also handle partial job sequences.  A partial job 

sequence occurs when a job begins during the evaluation but does not finish, or 

when a job has already started when the evaluation begins.  Partial job sequences 

are indispensable when static Jm | sjk,recrc | γ methods are used to evaluate the 

reentrant environment.  Figure 7 defines average delay. 

Figure 7: Average Delay Formula 

 The total process time of a job is the sum of all processing times for each step 

for which the job is scheduled.  For partial jobs, the number of steps will be less 
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than the number of steps in a full route.  The completion time of the job will be 

the difference between the job’s release time for the first step and the time when it 

finishes processing the last step.  Since the completion time is based on the last 

processed step, partial jobs completion times will not be based on a full route.  

 The total delay for each job is also equivalent to the accumulation of idle and 

setup delays occurring during processing.  Idle delays accrue when a job is 

available for processing, but the machine is busy.  Setups can occur during 

machine idle times prior to a job reaching the machine.  Therefore setup delays 

only occur for the setup duration after the job has arrived at the machine.  

2 Filtration Strategy 

Due to the complexity of the Jm | sjk,recrc | ΣDi/n and the possible size of its 

practical application (semiconductor manufacturing scheduling), robust candidate 

list strategies are generally required for efficient searches.  The candidate list 

strategy presented in this chapter begins by filtering arcs based on critical path 

membership, arc type, job membership, tabu parameters, and operation arrival 

times.  This is done to create an effective candidate list, avoid graph cycles, avoid 

revisiting previous solutions, and optionally maintain active schedules.  

 As mentioned previously, Balas proved that only arcs on the critical path can 

improve solutions through a single arc reversal [7].  Therefore it is necessary to 

evaluate only arcs on the critical path.  However, of those arcs only disjunctive 

arcs whose originating and terminating nodes do not belong to the same job 

should be allowed.  Disjunctive arcs whose originating and terminating nodes 

belong to the same job are called Reentrant Conjunctive Arcs (RCA) and were 

explained in the previous chapter.  This can only be accomplished by restricting 

the candidate list to arcs from different jobs, but the same machine clique.    

 To perform an efficient search, previous solutions should be avoided when 

possible.  Tabu search provides the adaptive memory feature to assist in efficient 
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searching [32].  This is effectively accomplished with a tabu arc parameter used to 

prevent an arc’s reversal for a specified number of iterations.  Tabu search 

parameters have shown to be an effective adaptive memory technique for guiding 

metaheuristic searches of production scheduling problems [11, 13, 12, 20, 10, 21, 

32, 62].    

 The tabu parameter Tik is set to a fixed value each time Arc (i,k) is reversed and 

decrements each subsequent iteration.  Any arc whose tabu parameter is greater 

than zero is restricted from candidate list selection.  This is a fairly simple tabu 

approach, but by restricting arc reversals the search avoids entrapment in local 

minima.  Experimentation prior to the analysis presented in the following chapters 

suggests that a tabu parameter that is approximately 10-20% of the candidate list 

size is generally sufficient to avoid cycles.  Since the Critical Arc Strategies drive 

the metaheuristic intelligence, the main purpose of the tabu parameter is to avoid 

cycles.  Therefore, there is less concern about it being too large or for needing to 

make it reactive.    

 Finally, operation arrival times may be inspected in order to maintain active 

schedules.  An active schedule occurs when no job that can begin processing must 

wait for another job to begin processing that has not reached that machine yet.  

Therefore, if a job arrives at an operation before or at the time the preceding job 

begins processing, then it is allowed to swap clique precedence with the preceding 

job.  Otherwise it will not be allowed to swap, since there will be additional idle 

time unnecessarily added to the machine, creating a semi-active schedule.  This 

feature is optional.  Although it guarantees that all visited solutions will be active 

schedules it can restrict connectivity of the problem, since feasible solutions that 

have semi-active schedules will not be allowed.  In fact, the computational studies 

in the next chapter do not consider this portion of the filter.  
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 Weights will be associated with all arcs on the candidate list and will be 

assigned to be zero unless they satisfy all of the conditions of the filtration 

strategy.  Figure 8 defines the filtering weight, Fik, for disjunctive Arc (i,k). 

Figure 8: Filtering Strategy Weight Formula 

 The filtering weight Fik will be multiplied times the calculated weights based 

on the chosen Critical Arc Strategy.  This will ensure a candidate will have a 

weight of zero and ignored, unless it satisfies all of the given conditions. 
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The filtering strategy of the previous section is accomplished through the 
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evaluated in the search.  This will allow for the execution of an efficient elite 

candidate list strategy.   

3.1 DELAY WEIGHTED CRITICAL ARC STRATEGY 
 The Delay Weighted Critical Arc (DWCA) strategy defines critical arc weights 

based on the disjunctive graph presented in the previous chapter.  These weights 

are derived from the inherent properties of the specific problem and are composed 

of three factors.  The first two factors involve the operations at the head and tail of 

the arc, since these individual operations should receive the greatest impact from 

the arc reversal.  These factors are based on the idle and setup delays occurring 

for the head and tail operation of the arc under consideration.  The third factor is 

the accumulation of setup and idle delays for all jobs where the arc is a member of 

the job’s critical path.  This is analogous to directed candidate list strategies for 

flow shop problems [73]. 

 As mentioned previously, the setup delay for each candidate is only the portion 

of setup time that occurs while the job is idle.  Therefore, if the machine is idle 

long enough prior to the arrival of the job, no setup delay occurs.  For example, if 

a setup of 5 time units is required and the job arrives 3 time units after the 

machine becomes idle, then the job will be required to wait 2 time units (setup 

delay) before processing can begin.  Therefore reducing the number of setup 

instances, as well as performing setups during machine idle periods can reduce 

setup delays.  This is true for all strategies presented in this chapter, since it is 

how the disjunctive graph models the sequence dependent setups as presented in 

the previous chapter. 

 The premise of the third factor is that if an arc is on the critical path of the 

worst performing jobs, and since only arcs on the critical path of these jobs can 

improve the solution, then this arc may have the greatest effect due to the total 

amount of delay it influences.  This factor provides a more global influence on the 

metric than the other two weights.  However, an arc can be a member of many 
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critical paths and all job delays could occur before the candidate arc.  Although 

these weights help to identify the most significant arcs, there is no guarantee that 

the arc with the greatest weight will have the greatest positive or negative effect.  

Figure 9 defines the DWCA weight for Arc (i,k). 

Figure 9: DWCA(α,β,δ) Weighting Formula 

  There are 5 combinations that will be discussed in this chapter.  The first 2 

combinations are myopic approaches using operation delays only.  The third 

considers job delays only for weighting candidates.  The final two schemes are 

combinations of job and operation delays.  These five combinations will also be 

considered in the model experiments of the following chapters.  There are 

obviously many more combinations that could be discussed, but these capture 

most of the basic approaches that seem valuable at this time.   
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myopic in evaluating its effect on the entire system, or even the operation at the 

tail of the arc.   

 DWCA(α,β,0): With α, β > 0, and δ = 0, the weighting strategy focuses on the 

operations at the head and tail of the arc to be reversed.  The weight is equivalent 

to the linear combination of total delays occurring at the head of the arc and the 

total delays occurring at the tail of the arc.  For example, α = -1 and β = 1 would 

provide the difference in operation delays for the arc to be reversed.  Although 

this considers both operations being effected, it is still a myopic in evaluating its 

effect on the entire system.   

 DWCA(0,0,1): With α = 0, β = 0, and δ = 1, the weighting strategy focuses 

solely on the job delays for which an arc is a member of the critical path.  

Although this approach is more global in trying to impact more of the systems 

total delays, many arcs may have similar weights.  Therefore, there is nothing to 

help break ties on similar arcs.  Although this is analogous to the directed 

approach for Fm || Cmax problems [73, 74], it is more complex due to the problem 

structure.  The Fm || Cmax problem only considers swapping jobs, where as the Jm 

| sjk,recrc | ΣDi/n considers swapping operations in machine cliques.  This 

increases the number of possible candidates for reversal and adds complexity due 

to reentrant conjunctive arcs and sequence dependent setups. 

 DWCA(0,β,δ): With α = 0, β > 0, and δ > 0, the weighting strategy is a linear 

combination of operation and accumulated job delays.  This approach has the 

global guidance and uses the operation delay to break ties when necessary.  This 

approach would seem to be more robust than DWCA(0,0,1) when arc weights 

may be very similar.  However, determining an optimal β and δ could be difficult, 

especially since job delays might be significantly larger than a single operation 

delay. 
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 DWCA(α,β,δ): With α, β > 0, and δ > 0, the weighting strategy is again a 

linear combination of operation and accumulated job delays.  This approach has 

the global guidance and considers the operation delays at the head and tail of the 

arc to break ties.  This approach would seem to be more robust than 

DWCA(0,β,δ), because it also considers the effect of the arc reversal on the 

operation at the tail of the arc.  This would discourage swaps that have little or 

nothing to gain at the operation level from the swap when breaking ties.  Again, 

determining optimal parameters could be difficult, especially since job delays 

might be significantly larger than the linear combination of two operation delays.   

 These five strategies look at some of the weighting possibilities with the 

DWCA scheme.  The basic strategy relies on the structure of the disjunctive graph 

to guide weighting factors, which aid in prioritizing the candidate list.  However, 

when δ > 0, arcs accumulate job delays when they exist on the critical path of 

those jobs, even though they might only influence a portion of the delays that 

occur for that job.  The next section introduces strategies that focus only on 

critical arcs or paths that are influenced by the candidate.  

3.2 SEQUENTIALLY WEIGHTED CRITICAL ARC STRATEGIES 
 The Sequentially Weighted Critical Arc (SWCA) strategies also define arc 

weights based on the disjunctive graph presented in the previous chapter; 

however, the weighting is focused only on the paths or critical arcs the candidates 

directly affect.  The first version, SWCA(Path), creates the arc candidate weight 

based on the number of critical paths for which it is a member.  The second 

version, SWCA(Arc), bases the candidate’s weight on the number of critical arcs 

it influences.  Arc (i,j) influences Arc (k,l) when they are both members of the 

same critical path and Arc (k,l) occurs after Arc (i,j) in the path.  The third 

version, SWCA(Delay), weights the candidate based on the accumulated 
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operation delays that the candidate arc influences.  These methods focus the 

weights on the paths, arcs, or delays that are directly affected by the arc reversal.   

 In the SWCA(Path) strategy the candidate that affects the most critical paths is 

preferred.  This is a very simplistic approach, but ignores delays and arcs it cannot 

affect, which is one of the weaknesses of the DWCA strategy with δ = 1.   

The SWCA(Path) strategy is only concerned with the critical paths for which the 

candidate is a member.  Figure 10 defines the arc weight for Arc (i,k) in the 

SWCA(Path) strategy.  

Figure 10: SWCA(Path) Weighting Formula 

 If Fik =1, then Wik counts the number of critical paths the candidate influences 

over all of the jobs.  The calculation and strategy is fairly simple, and does not 

consider current job or operation performance. 

 In the SWCA(Arc) strategy, if Fik =1, then Wik accumulates the number of 

critical arcs influenced by the candidate.  This is accumulated over all jobs and 

critical path arcs that the candidate influences.  The calculation and strategy are 

slightly more complex than SWCA(Path) in that it is considering all individual 

arcs on critical paths that it influences.  Each job j in the system has its own 

critical path that consists of Nj arcs.  The sequential position of Arc (i,k) on the 

critical path of job j is j
ikS , where the value ranges from 1 to Nj.  The first arc 

originates at the source node and the Nj
th arc terminates at the last operation of job 

j.  Figure 11 defines the arc weight for Arc (i,k) in the SWCA(Arc) strategy.   
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Figure 11: SWCA(Arc) Weighting Formula 

 In the SWCA(Delay) strategy, if Fik =1, then Wik accumulates operation delays 

that occur at the terminating node of critical path arcs.  This is accumulated over 

all jobs and critical path arcs that the candidate influences.  The calculation and 

strategy are more complex than SWCA(Path) in that it is considering the delays 

occurring on operations it influences.  However, it does not consider job delays 

like the DWCA strategy.  Figure 12 defines the arc weight for Arc (i,k) in the 

SWCA(Delay) strategy.  

Figure 12: SWCA(Delay) Weighting Formula 
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 These strategies look at the different approaches to weighting candidates based 

on the arcs and critical paths that they influence.  These strategies also rely on the 

structure in the disjunctive graph to guide the scheme, which creates a prioritized 

candidate list.  However, if an arc is significantly distant sequentially from an arc 

it influences, it is likely that its swap will not affect that operation’s delay.  The 

next section introduces strategies that focus only on arcs that are influenced by the 

candidate, but gives greater significance to arcs that are sequentially closer in the 

critical path. 

3.3 EXPONENTIALLY WEIGHTED CRITICAL ARC STRATEGY 
 The Exponentially Weighted Critical Arc (EWCA) strategy again uses the 

disjunctive graph to define arc weights.  In this strategy the weighting is again 

focused only on the delays the critical arc directly affects.  However, the delays 

are exponentially weighted based on their sequential distance from the candidate.   

 For example, assume that arcs {(1,2),(2,3),(3,4)} occur sequentially for Job 1 

in its critical path and d’j is the delay occurring at node j.  Therefore, Arc (1,2) has 

delay d’2.  Then under the EWCA(0.95) strategy, Arc (1,2) would receive a 

weight of  W12 = (0.95)0 • d’2 + (0.95)1 • d’3 + (0.95)2 • d’4 .  This allows the 

candidate to accumulate delays that it influences, but applies more weight on arcs 

that are sequentially closer and more likely to be affected. 

 If Fik =1, then Wik accumulates exponentially weighted delays of critical path 

arcs that the candidate influences over all of the jobs.  Figure 13 defines the arc 

weight for Arc (i,k) in the EWCA(α) strategy.  
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Figure 13: EWCA(α) Weighting Formula 

 The parameter α should be set to capture a significant number of arcs.  For the 

experimental models in the next chapters, α = 0.95 was chosen.  This parameter 

places 90% of the candidates weight in the 44 closest critical path arcs that occur 

sequentially after the candidate.   

 The SWCA(Delay) is a subset of the EWCA(α) strategy and the two are 

equivalent when α = 1.  However, the EWCA strategy has the ability to place 

greater importance on arcs that are sequentially closer in critical paths than the 

SWCA strategies.  This prioritizes candidates that are more likely to affect the 

greatest operation delays that are sequentially near the candidate in critical paths.  

This allows the metaheuristic to use an elite candidate list strategy to reduce the 

average delay of the system, while maintaining the effectiveness of the search.  

The following section presents the algorithm for applying these techniques in a 

generic metaheuristic framework.       
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4 Elite Candidate List Strategy 

The three major motivations for candidate list strategies are to balance the 

efficiency and efficacy of the search, reduce the time to evaluate moves, and 

exploit problem structure [62].  The Critical Arc Strategies take advantage of the 

problem structure to maintain the efficacy of the search.  To improve the 

efficiency of the search and reduce the time to evaluate moves an elite candidate 

list strategy will be applied.   

 An elite candidate set is composed of the best candidates and their attributes.  

Each subsequent iteration in the search selects the best candidate for evaluation 

and removes that candidate from the elite set.  Once the set has been exhausted or 

a performance criteria has been met, the elite candidate set is regenerated [32].  In 

the Critical Arc Strategies, the elite set of candidates is regenerated only when the 

set is exhausted or a specified number of consecutive non-improving candidates 

have been evaluated.  This allows for an efficient search to continually draw from 

the set of elite candidates.   

 Each time a candidate is shown to be an improving move and is reversed, 

candidate weights change and arcs enter and leave the elite candidate set.  

Therefore, the set must be regenerated periodically to reflect the current status of 

the system.  By tracking the number of consecutive non-improving moves, the 

Critical Arc scheme is able to monitor the performance of the candidate list and 

determine when it should be regenerated.  For the models considered in the 

following chapters, the list is regenerated after a fixed number of consecutive 

non-improving moves have occurred.  This limit is set at half the cardinality of 

the first elite candidate list set.  Experimentation has shown this to be a successful 

value for problems that have both good and poor initial solutions.   

 By regenerating the list periodically, the strategy is similar to a restricted 

candidate list strategy.  However, because of the performance criteria for 

regenerating the candidate list, the strategy behaves as a dynamically restricted 
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list.  This allows the search to maintain its efficiency by evaluating a subset of 

candidates.  However, since the candidates are sorted, the efficacy of the search is 

maintained by focusing on the candidates that have the greatest potential for 

improving the solution.  Figure 14 presents the pseudocode of a general Critical 

Arc Strategy. 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

Figure 14: Critical Arc Strategy Pseudocode 
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 The pseudocode begins by generating a schedule (S) from a traditional 

scheduling policy such as FIFO.  The algorithm’s outside loop iterates through 

improving moves until a fixed number of evaluations (StopCnt) has been reached.  

The CAS() function assigns weights to the candidates based on the chosen Critical 

Arc strategy.  The candidate arc (Cand) with the greatest weight is selected for 

evaluation.  If it is better than the best solution found (BestEver), then the 

candidate is reversed, the number of consecutive non-improving evaluations 

(NonImpCnt) is reset to zero, and the candidate arc is marked as tabu for a fixed 

number of iterations.  If it is not better than the best solution found, but 

NonImpCnt has exceeded EliteStop, then the best candidate so far, SelectedArc, is 

then reversed and the set of candidates (S’) is regenerated.  Only when 

NonImpCnt > EliteStop or S’ = ∅ is S’ regenerated.   At each inside loop iteration, 

after the candidate is evaluated it is removed from the set of candidates and the 

evaluation count (EvalCnt) is incremented.  In either the inside or outside loop, if 

the EvalCnt reaches the StopCnt the algorithm ends.  The weighting schemes for 

these strategies can be complex, so a simple model is introduced in the next 

section to illustrate their calculations. 

5 Simple Example 

To illustrate the methods presented in the previous sections a simple model will 

be presented for calculating weights.  The model will use both a disjunctive graph 

and Gantt chart while calculating the weighting schemes presented previously.  

The model has 2 jobs with 4 operations that will be performed on 2 unique 

machines.  The processing times are 5 time units each, while the setup times vary.  

The initial schedule is generated from a simple First-In-First-Out policy.  Table 1 

shows the sequence dependent setup times. 
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Table 1: Simple Example Setup Times 

PreSetup PostSetup Setup Time
1 3 3 
3 1 1 
2 4 2 
4 2 3 

 

 PreSetup represents the operation that has just finished processing.  PostSetup 

represents the operation about to begin processing.  Setup Time is the duration in 

which the machine is delayed prior to processing the PostSetup operation.  

Therefore, if station 1 begins processing operation 3 immediately after processing 

operation 1, then the tool must be delayed 3 time units for a setup before 

operation 3 can begin processing.  As mentioned in previous chapters, the setup 

can begin as soon as station 1 becomes idle even if the job for operation 3 is not 

present.  This allows for a more efficient schedule and operation 3 may be only 

partially delayed or not delayed at all by the setup. 

 The disjunctive graph and Gantt chart in Figure 15 illustrate this scheduling 

model for the simple example.  Note that the arcs originating at a node in the 

disjunctive graph do not always have the same arc length.  This is due to the 

sequence dependent setup times.  These setups are emphasized in the Gantt chart 

with an “S” in the time unit block, and idle times are indicated with an “I” in the 

time unit block. 
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Figure 15: Simple Example Disjunctive Graph and Gantt Chart 

 Job 1 is performed sequentially by operations 1 through 4 and Job 2 is 

performed sequentially by operations 5 through 8.  In order to calculate the 

weights for the different strategies, the arcs of each job’s critical path must be 

determined.  In Figure 16, the disjunctive graph identifies the critical path arcs for 

Job 1 by bolded lines and the accompanying Gantt chart shows only Job 1 

operations, which highlights the 3 time unit delay occurring because of setups. 
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Figure 16: Job 1 Disjunctive Graph and Gantt Chart 

 The disjunctive graph illustrates that the arcs on Job 1’s critical path are {(1,5), 

(5,3), (3,4)}, where only 2 are disjunctive arcs and therefore available for 

swapping.  The Gantt chart shows that only 3 time units are used for setting up 

Station 1 before operation 3 is processed.  Therefore, there is very little delay 

occurring for Job 1. 

 The disjunctive graph in Figure 17 shows the critical arcs (bolded lines) for 

Job 2, while the Gantt chart again focuses solely on Job 2.  Unlike Job 1, Job 2 

experiences idle delays, but no setup delays during processing and this can be 

seen in the Gantt chart. 
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Figure 17: Job 2 Disjunctive Graph and Gantt Chart 

 Job 2 is much more interesting.  It has 6 critical arcs, where 4 of them are 

disjunctive.  It is also worth noting that unlike Job 1, there is a case where two 

critical arcs terminate at a single node.  For operation 8, the tool becomes 

available at the exact same time the job becomes available, creating two critical 

arcs and sub paths for analysis.  

 Table 2 shows the formulas and values associated with each disjunctive arc for 

the DWCA strategy.  Although conjunctive arcs on the critical path are used in 

the weighting calculations, their final weights are set to zero and are ignored in 

the table since they have fixed orientation.  
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Table 2: DWCA Formulas and Values for Simple Example 

Arc DWCA(0,1,0)DWCA(-1,1,0) DWCA(0,0,1) DWCA(0,1,1) DWCA(-1,1,1) 
(1,5) d'5 (d'5-d'1) (c1-p1)+(c2–p2) d'5+(c1-p1)+(c2–p2) (d'5-d'1)+(c1-p1)+(c2–p2)
(5,3) d'3 (d'3-d'5) (c1-p1)+(c2-p2) d'3+(c1-p1)+(c2–p2) (d'3-d'5)+(c1-p1)+(c2–p2)
(3,7) d'7 (d'7-d'3) (c2–p2) d'7+(c2–p2) (d'7-d'3)+(c2–p2) 
(4,8) d'8 (d'8-d'4) (c2–p2) d'8+(c2–p2) (d'8-d'4)+(c2–p2) 
Arc DWCA(0,1,0)DWCA(-1,1,0) DWCA(0,0,1) DWCA(0,1,1) DWCA(-1,1,1) 
(1,5) 5 5 11 16 16 
(5,3) 3 -2 11 14 9 
(3,7) 3 0 8 11 8 
(4,8) 0 0 8 8 8 
 

 Based on this weighting strategy Arc (1,5) is most desirable in all 5 variations.  

However, DWCA(0,1,1) and DWCA(-1,1,1) break the tie for Arcs (1,5) and (5,3) 

that exists with the DWCA(0,0,1) strategy. 

 Table 3 shows the formulas and values associated with each disjunctive arc for 

the SWCA strategies.  Again Arc (1,5) is the most desirable arc because of the 

number of paths, arcs, and delays it influences.  Although the ranking is the same 

as in Table 2, this is not generally true as the problem size and complexity grows.     

Table 3: SWCA Formulas and Values for Simple Example 

Arc SWCA(Path) SWCA(Arc) SWCA(Delay) 
(1,5) Cardinality{j1, j2} Cardinality{d’5,d'3,d'4,d'7,d'8} d’5+d'3+d'4+d'7+d'8 
(5,3) Cardinality{j1, j2} Cardinality{d'3,d'4,d'7,d'8} d'3+d'4+d'7+d'8 
(3,7) Cardinality{j2} Cardinality{d'7,d'8} d'7+d'8 
(4,8) Cardinality{j2} Cardinality{d’8} d'8 
Arc SWCA(Path) SWCA(Delay) SWCA(Delay) 
(1,5) 2 5 11 
(5,3) 2 4 6 
(3,7) 1 2 3 
(4,8) 1 1 0 

 

 Table 4 shows the formulas and values associated with each disjunctive arc for 

the EWCA strategy.  Here α = 0.95, which creates an exponential weighted 

average of the delays found in the SWCA(Delay) strategy.      
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Table 4: EWCA Formulas and Values for Simple Example 

Arc EWCA(0.95) 
(1,5) (0.95)0•d’5+(0.95)1•d'3+(0.95)2•d'4+(0.95)2•d'7+(0.95)3•d'8 
(5,3) (0.95)0•d'3+(0.95)1•d'4+(0.95)1•d'7+(0.95)2•d'8 
(3,7) (0.95)0•d'7+(0.95)1•d'8 
(4,8) (0.95)0•d'8 
Arc EWCA(0.95) 
(1,5) 10.5575 
(5,3) 5.85 
(3,7) 3 
(4,8) 0 

 

 Again Arc (1,5) is the most desirable arc and Arc (4,8) is the least desirable.  

Although the simple example maintains the same ranking across all strategies, the 

results in the following chapters will show that this does not occur when the 

problem size grows and becomes more complex.   

 The one assumption in the weighting schemes presented is that if an arc 

appears multiple times on a critical path, then it is only counted once.  For 

example, Arc (5,3) exists on the critical path of Job 2 immediately preceding Arcs 

(3,7) and (3,4).  Therefore if a longest path algorithm is used working from the 

sink to the source, Arc (5,3) will be double counted.  Since this arc does affect 

both sub paths within the critical path, it seems reasonable that either single 

counting or double counting would be appropriate.  However, only single 

counting will be employed. 
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CHAPTER 6: COMPUTATIONAL RESULTS ON A 
REENTRANT MODEL WITH SEQUENCE DEPENDENT 

SETUPS 

This chapter provides computational results on the performance of the Critical 

Arc Strategies developed in the previous chapter.  In order to validate the 

strategies they will be compared with traditional tabu search strategies.  Unlike 

the next chapter, this one focuses on the ability of the candidate list to find 

improving moves more efficiently than other metaheuristic strategies.  The next 

chapter focuses on whether the strategies can find improvements over well-known 

policies on a realistic sized problem. 

 Section 1 begins by introducing the evaluation metrics that will be used for 

comparison purposes.  Traditional tabu search strategies using ascent and 

restricted candidate list methods are introduced in Section 2 as competitors to the 

Critical Arc Strategies.  The model to be evaluated is detailed in Section 3, which 

is a simple Jm | sjk,recrc | ΣDi/n with 1 product type.  The computational results 

are presented in Section 4 both numerically and graphically. 

1 Evaluation Metrics 

Performance metrics are required to evaluate the performance improvement due 

to the Critical Arc Strategies.  These metrics will attempt to measure factory 

performance and customer satisfaction.  For this analysis, the primary objective is 

to finish the jobs in a quick and efficient manner, but not at the sacrifice of the 

customer expectations.   

 The metrics chosen are average delay, maximum delay, and average tardiness.  

Factory performance is measured by average delay, and maximum delay.  

Average tardiness is not a true measure of customer satisfaction, but it does 

approximate it by evaluating the tardiness of jobs in the system. 
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 Average delay was originally introduced in the previous chapter.  Since the 

metaheuristic is guided by average delay it is not surprising that the metaheuristic 

also has a positive effect on average tardiness.  The definition of average tardiness 

is the average of positive lateness over each job’s due dates and it is defined in 

Figure 18.   

 

 

 

 

 

 

Figure 18: Average Tardiness Formula 

The final metric being evaluated is the maximum delay.  This is analogous to 

the traditional makespan, but is not directly affected by process time duration.  

This is important since much of the system is made up of partial job sequences.  

Maximum delay is defined Figure 19. 

 

 

 

 

 

Figure 19: Maximum Delay Formula 

2 Candidate List Competitors 

In order to show the benefits of the Critical Arc Strategies, tabu search with 

traditional ascent and restricted candidate list methods will be used as competitors 

to serve as a baseline on heuristic performance.  This is necessary to see if the 
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weighted arcs allow for a substantially more efficient search than a more general 

strategy.  The ascent and restricted candidate list strategies use the same 

evaluation metric and filtering strategy as the Critical Arc Strategies.  

 The competing tabu search strategies will include first ascent, steepest ascent, 

and a restricted candidate list strategy, which were discussed by Taillard [70].  

The First Ascent (FA) strategy evaluates candidates until the first improving 

move is found.  The Restricted (Rest 25) candidate list strategy evaluates the first 

25 candidates in a randomly sorted candidate list and chooses the candidate with 

the best evaluation.  The Steepest Ascent (SA) strategy evaluates all candidate 

arcs and chooses the candidate with the best evaluation.   

 Restricted lists have proved to be very effective in metaheuristic searches [35, 

64, 63, 73].  In particular, Reeves has shown a randomly sorted restrictive list is 

an effective strategy for metaheuristic strategies [63].  All 3 strategies also use the 

filtering strategy from the previous chapter and are therefore tabu search 

metaheuristics.  

3 Experimental Models 

To emphasize the effect of the candidate list performance, a Jm | sjk,recrc | ΣDi/n 

example will be used.  The model has 1 product flow with 12 steps, 7 machines 

and 7 machine families, and sequence dependent setups on all machine families.  

The details for the two routes, 7 machine families, and setup data can be found in 

Appendix A.   

 50 setup scenarios generated for this analysis will be evaluated.  The setup 

values for each machine family were generated from the normal distribution ~ 

N(0.15•pm, [0.075•pm]2 ), where pm is the average processing time for machine 

family m.  Any negative results that were generated were set to zero and all were 

rounded to integer values.  This was done to create a random sample of 

scheduling problems with the same route and machine characteristics.  All 50 



 63

scenarios are evaluated with the Critical Arc Strategies from the previous chapter, 

as well as the ascent and restricted candidate list tabu search approaches.  The 

purpose of this comparison is to show the efficiency of the prioritized candidate 

lists.  By comparing the speed of each of these techniques, it can bee seen if the 

Critical Arc Strategies can find better solutions with less work (move evaluations) 

than evaluating all moves or naively finding the first improving move.       

 Each scenario simulates the processing of 74 jobs.  A new job is started into 

the system every 310 minutes.  At the beginning and end of the simulation there 

are 12 jobs in the system at different operations based on processing times, 

representing partial jobs.  These steady state positions are based on the ratio of the 

processing duration of the current step and the total processing duration of a full 

job.  Full jobs of Product 1 are due 2575 minutes from their start time, and partial 

jobs are prorated based on the number of steps to be completed.  These times are 

derived from the accumulated processing times and are increased by a factor of 

2.5 to compensate for queuing and setup delays.  

 These scenarios are simulated initially with a FIFO (First In First Out) 

scheduling heuristic, using matching setups to break ties.  Each analysis will use 

the result of this simulation as an initial solution, guaranteeing an active schedule 

to begin the analysis.  However, the filtration strategy for this example did not 

enforce active schedules to allow for more connectivity in the search.  Therefore 

all initial schedules are active, but are not guaranteed to be so after the 

metaheuristic perturbations.   

 Each scenario evaluates 300 possible moves before termination, causing the 

number of moves to be variable and less than 300.  This is shown to be adequate 

for finding significant improvements over the FIFO heuristic solution.  An arc’s 

tabu parameter is set to 30 after its reversal, which is about 20% of the size of the 

elite candidate list.  This value showed to be ample for avoiding cycles in the 

current system.  Finally, the Critical Arc Strategies regenerate the elite candidate 
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list if the list has been exhausted or more than 68 consecutive non-improving 

candidates have been evaluated.  This is 50% of the size of the initial elite 

candidate list.  This creates a dynamically sized restricted list allowing the search 

to focus on the elite candidates, while allowing the strategy to search the 

neighborhood thoroughly.  

4 Computational Results 

The following results were based on simulation and metaheuristic code developed 

in Visual Basic.  These techniques were run on a machine with a 1Ghz Athlon 

processor with 256MB of PC133 SDRAM.  The 300 evaluations were found on 

average in 16.79 seconds (variance = 8.13 seconds2) across all methods and all 

scenarios.   

 The Table 15 in Appendix A presents the results for the 50 scenarios using the 

FIFO policy.  It shows the average delay, average tardiness, and maximum delay 

in minutes.  This data was used as the initial average delay value for the 

metaheuristic strategies.  The schedules generated from these simulations were 

also used as an initial schedule for the metaheuristics. 

 Table 5 presents the summary of the 50 scenarios across all 12 metaheuristic 

strategies for average delay percent reduction. This percent is the average 

reduction of average delay over the initial solution derived from the FIFO 

scheduling heuristic.  Light shading has been placed on the best values.  The 

Critical Arc Strategies dominate the traditional ascent and restricted strategies.  

On average, the Critical Arc Strategies significantly outperform the other 

competitors.  In fact, the worst performing Critical Arc Strategy on average, 

DWCA(0,1,0), has more than doubled the improvement seen by the First Ascent 

and Steepest Ascent approaches on average.  Rest 25 performs much better than 

First Ascent and Steepest Ascent, but 5 of the 9 Critical Arc Strategies also 

double its improvement on average.  Overall DWCA(0,0,1) performs best on 
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average, but it is only slightly better than the three SWCA strategies and the 

EWCA(0.95) strategy.  For the DWCA scheme, the strategies where α = -1 and β 

= 1 perform better than the strategies where α = 0 and β = 1.  This would seem to 

encourage comparing the delays at the head and tail nodes of the arc, but the 

difference is not significant with the 95% confidence intervals.  Among the 

competitors, the Rest 25 strategy dominates the First Ascent and Steepest Ascent 

strategies.  It shows a significant difference in average reduction at the 95% level, 

as does the First Ascent to the Steepest Ascent.  This emphasizes the benefit of 

evaluating only a subset of arcs during the search prior to a move.  Steepest 

Ascent performs very poorly, but this is to be expected since the candidate list 

was approximately 160 candidates on average and there are only 300 evaluations 

in each scenario.  Therefore Steepest Ascent performs two arc reversals on 

average during the evaluation phase.  Complete details can be found in Table 16 

and Table 17 in Appendix A.  

Table 5: Average Delay Performance Summary for Reentrant Model 

Metric Minimum Maximum Average Standard 
Deviation 

95% Upper 
Bound 

95% Lower 
Bound 

DWCA(0,1,0) 12.43% 25.74% 19.53% 0.0345 20.48% 18.57%
DWCA(-1,1,0) 12.40% 26.29% 19.60% 0.0390 20.68% 18.52%
DWCA(0,0,1) 14.28% 30.78% 23.54% 0.0475 24.85% 22.22%
DWCA(0,1,1) 13.64% 27.41% 21.51% 0.0408 22.64% 20.38%
DWCA(-1,1,1) 13.66% 29.13% 22.03% 0.0448 23.27% 20.79%
SWCA(Path) 14.28% 30.78% 23.54% 0.0476 24.86% 22.22%
SWCA(Arc) 14.28% 30.78% 23.54% 0.0476 24.86% 22.22%
SWCA(Delay) 14.28% 30.78% 23.55% 0.04755 24.86% 22.23%
EWCA(0.95) 13.54% 30.54% 23.08% 0.04725 24.38% 21.77%
FA 2.99% 9.96% 7.13% 0.0156 7.57% 6.70%
Rest 25 5.94% 16.01% 11.61% 0.0268 12.35% 10.87%
SA 2.02% 5.08% 3.83% 0.0075 4.04% 3.62%

  

 Figure 20 shows the confidence intervals of the 12 metaheuristic strategies.  

From the graph it is apparent that the Critical Arc Strategies differ little from each 
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other, but are significantly different from the competitors for average reduction of 

average delay.  From the graph it is easy to see that the worst performing Critical 

Arc Strategy is still performing better than the best competitor on average. 

 

Figure 20: Confidence Interval Chart for Average Delay Performance 

 Average delay drives the metaheuristic, and strongly influences average 

tardiness in the system as well.  Tardiness is the positive difference between the 

completion time and due date of the job.  Table 6 summarizes the percent 

reduction in average tardiness for the 50 scenarios.  Here, we see very similar 

patterns to Table 5.  On average the Critical Arc Strategies are again dominant.  

However, this time the SWCA(Delay) strategy slightly outperforms the other 

Critical Arc Strategies.  Similar patterns are also seen in the ascent and restricted 

candidate list strategies, with Rest 25 dominating the ascent strategies.  Complete 

details can be found in Table 18 and Table 19 in Appendix A. 
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Table 6: Average Tardiness Performance Summary for Reentrant Model 

Metric Minimum Maximum Average Standard 
Deviation 

95% Upper 
Bound 

95% Lower 
Bound 

DWCA(0,1,0) 33.73% 43.03% 38.97% 2.08% 39.56% 38.38%
DWCA(-1,1,0) 31.34% 42.17% 39.06% 2.39% 39.73% 38.38%
DWCA(0,0,1) 39.62% 51.77% 46.92% 3.07% 47.79% 46.05%
DWCA(0,1,1) 35.66% 47.01% 42.99% 0.0286 43.80% 42.18%
DWCA(-1,1,1) 35.66% 48.43% 43.93% 0.0300 44.78% 43.07%
SWCA(Path) 39.41% 51.77% 46.92% 0.0311 47.81% 46.04%
SWCA(Arc) 39.43% 51.77% 46.93% 0.0309 47.81% 46.05%
SWCA(Delay) 39.76% 51.77% 46.94% 0.0306 47.81% 46.07%
EWCA(0.95) 38.54% 51.72% 45.95% 0.0304 46.81% 45.08%
FA 8.06% 20.12% 13.48% 0.0213 14.21% 12.76%
Rest 25 18.08% 27.05% 23.24% 0.0185 23.87% 22.61%
SA 6.59% 8.77% 7.71% 0.0044 7.86% 7.57%

 

 Table 7 presents the summary results for the reduction in maximum delay for 

all 50 scenarios.  Since the system will evaluate 24 partial jobs, only 50 jobs will 

be processed at all 12 steps, but the metric will evaluate all jobs regardless of the 

number of processing steps.  Maximum delay is also influenced by average delay, 

but often the effect is not as strong as the average delay metric.  DWCA(0,0,1), 

EWCA(0.95), and the SWCA strategies all perform very well.  Again the Critical 

Arcs Strategies significantly outperform the competitors for the average reduction 

of average delay. Complete details can be found in Table 20 and Table 21 in 

Appendix A. 
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Table 7: Maximum Delay Performance Summary for Reentrant Model 

Metric Minimum Maximum Average Standard 
Deviation 

95% Upper 
Bound 

95% Lower 
Bound 

DWCA(0,1,0) 13.00% 28.39% 22.85% 3.74% 23.91% 21.79%
DWCA(-1,1,0) 13.77% 27.67% 22.65% 3.95% 23.77% 21.52%
DWCA(0,0,1) 17.19% 34.70% 27.93% 4.37% 29.17% 26.69%
DWCA(0,1,1) 16.48% 31.13% 25.29% 0.0393 26.41% 24.17%
DWCA(-1,1,1) 16.48% 32.28% 25.79% 0.0420 26.99% 24.60%
SWCA(Path) 17.19% 34.70% 27.91% 0.0436 29.15% 26.67%
SWCA(Arc) 17.19% 34.70% 27.91% 0.0436 29.15% 26.67%
SWCA(Delay) 17.19% 34.70% 27.91% 0.0436 29.15% 26.67%
EWCA(0.95) 16.48% 34.70% 27.46% 0.0445 28.72% 26.19%
FA 2.12% 7.34% 4.97% 0.0108 5.34% 4.61%
Rest 25 7.82% 14.89% 11.79% 0.0163 12.35% 11.24%
SA 2.12% 3.72% 2.97% 0.0041 3.11% 2.83%

 

 Now we move back to a more detailed analysis of the original metric, average 

delay.  In Scenario 19 of this analysis, the difference between the best competitor 

and the worst performing Critical Arc Strategy was the smallest.  Figure 21 shows 

the performance of each metaheuristic strategy for this scenario.  The chart shows 

the current solution at each evaluation.  The Critical Arc Strategies are 

dominating the search and all 9 have found significantly better solutions to the 

three competitors after only 120 evaluations.  In fact, DWCA(-1,1,0) finds a better 

solution than all three competitors final solution within 22% of the effort (number 

of evaluations).   
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Figure 21: Scenario 19 Average Delay Performance of Reentrant Model 

In all 50 scenarios, the Critical Arc Strategies are able to exploit the problem 

structure to identify the critical path arcs with the greatest influence.  In each 

scenario, the Critical Arc Strategies consistently outperformed the ascent and 

restricted candidate list strategies.  In Scenario 22, Critical Arc Strategies needed 

less than 25% of the effort on average to find a better solution than the other 

methods.  In Scenario 22 alone, Critical Arc Strategies made more than 3 times as 

many improving moves than the competitors did with the same number of 

evaluations.  By continually focusing on efficient neighborhoods and restricting 

the search when necessary, DWCA schemes are able to find better improving 

moves more quickly through significantly reduced candidate lists.        
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CHAPTER 7: COMPUTATIONAL RESULTS ON A 
SEMICONDUCTOR FAB MODEL 

A realistic model of a semiconductor fab will be needed in order to evaluate the 

practical value of the Jm | sjk,recrc | ΣDi/n disjunctive graph model and the 

Critical Arc Strategies.  In the previous chapter the Critical Arc Strategies were 

shown to be superior to traditional ascent and restricted candidate list tabu search 

methodologies for a small model.  In this chapter, the Critical Arc Strategies are 

compared to more traditional scheduling heuristics used in the semiconductor 

industry.  The purpose will be to investigate whether the Critical Arc Strategies 

can find improvements over the best-evaluated policy.  Since the strategy will 

begin with the best solution found, it will be evaluated on whether it can improve 

the best solution. 

1 Evaluation Metrics 

Performance metrics are necessary to evaluate the effectiveness of heuristic 

strategies when applied to scheduling systems.  These metrics must measure 

factory performance, as well as customer satisfaction.  It is important to finish the 

jobs in a quick and efficient manner, but not at the sacrifice of the customer 

expectations. The metrics that will be evaluated are average delay, average 

tardiness, and maximum delay, which are the same metrics used in the previous 

chapter.   

2 Scheduling Policies 

The metaheuristic is most valuable when it uses a good scheduling policy as its 

initial solution.  However, the better the policy, the more difficult it becomes for 

the metaheuristic to find improvements.  Therefore, the value of the strategy is 
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best demonstrated by improving the best solution in each scenario.  There are nine 

scheduling policies that will be considered.    

 Some of the more popular scheduling policies in the semiconductor industry 

are defined below [33, 47, 14, 42, 44, 53, 58, 67].  For each policy in the 

simulation, ties are broken based on maintaining the setup.  These are the 9 

policies used in the analysis: 

FIFO – Select the job that arrived in the queue at the earliest time.  

FSVCT – Chooses the lot with the smallest difference of the time until the job 

is expected to exit the fab (based on feed rate) and its remaining process time.   

FSMCT – Chooses the lot with the smallest difference of the time until the job 

was started and its remaining process time.   

EDD – Select the job that has the earliest due date. 

SPT – Select the job with the shortest process time for the step to be 

dispatched.   

SRPT – Select the job with the shortest remaining processing time until it exits 

the fab. 

LRPT – Select the job with the longest remaining processing time until it exits 

the fab. 

FBFS – Select the job with the smallest reentrant level. 

LBFS – Select the job with the largest reentrant level. 

 Many of the policies are myopic and simple, but are used frequently in actual 

semiconductor facilities and in comparison studies.  Policies such as FIFO, SPT, 

SRPT, LRPT are myopic and focus solely on the machine at hand.  Although 

FBFS and LBFS are less myopic, they are also very simple in their strategy.  EDD 

is not myopic and does strive to minimize average tardiness, but ignores cycle 

time.  FSVCT and FSMCT are complex policies that are not myopic and strive to 

reduce average cycle time and cycle time variance.  These two policies are 
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expected to perform well on the Jm | sjk,recrc | ΣDi/n model based on previous 

experiments [69, 47, 42]. 

3 Experimental Model 

The model chosen is similar to the production line model introduced by Lu, 

Ramaswamy, and Kumar in their research showing the superiority of FSVCT and 

FSMCT over other traditional semiconductor policies on stochastic models [47].  

This model originally had 12 machine families with 40 machines, 1 product with 

60 steps, and reentrant flow.  The new model has 8 machine families with 19 

machines, 1 product with 19 steps, reentrant flow, sequence dependent setups on 

5 machine families (and 15 machines), and begins and ends with partial jobs.  A 

subset of the machines from the original model has been replaced by 

transportation times representing fixed delays.  The details for the route, 8 

machine families, and setup data can be found in Appendix B.   

 There are 50 setup scenarios considered for analysis.  The setup values for 

each machine family were generated from the normal distribution ~ N(0.15•pm, 

[0.075•pm]2 ), where pm is the average processing time for machine family m.  Any 

negative results that were generated were set to zero and all were rounded to 

integer values.  This was done to create a random sample of scheduling problems 

with the same route and machine characteristics.  All scenarios have sequence 

dependent setups on the specified 5 machine families.  All 50 scenarios are 

evaluated with the Critical Arc Strategies used in the previous chapter.  Each 

scenario has 76 jobs and every 3.6 hours a new job is started into the system.  At 

the beginning and end of the simulation there are 33 jobs of each product in the 

system at different operations, representing partial jobs.  This steady state is 

determined by the ratio of an operation’s processing time and the total processing 

time of the full route.  Jobs are due 91.67 hours from their start time, and due 
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times are adjusted for partial jobs.  These times are derived from the accumulated 

processing times to allow for delays due to setups and queuing.  

 These scenarios are simulated initially with the nine evaluation policies 

described in the previous section.  Each analysis will use the best result from the 

previous 9 simulations as an initial solution, guaranteeing a good initial solution 

to begin the analysis.  Each scenario evaluates 2000 possible moves before 

termination, causing the number of moves to be variable and less than 2000.  This 

is shown to be adequate for finding significant improvements over the best 

heuristic solution.  This is almost seven times as many evaluations than the 

previous experiment, even though the elite candidate list size is only double the 

previous one.  This is because the nine policies will make it much harder for the 

Critical Arc Strategies to find improvements.  An arc’s tabu parameter is set to 30 

after its reversal, which showed to be ample for avoiding cycles in the current 

system.  Finally, the Critical Arc Strategies regenerate the elite candidate list if 

the list has been exhausted or more than 135 consecutive non-improving 

candidates have been evaluated. This is 50% of the size of the first elite candidate 

list.  This creates a dynamically sized restricted list allowing the search to focus 

on the elite candidates.   

 The different policies balance workloads on machines and these assignments 

will not altered by the metaheuristic.  This allows the metaheuristic to focus its 

search on the sequences within the machine queues.   

4 Computational Results 

The following results were based on simulation and metaheuristic code developed 

in Visual Basic.  These techniques were run on a machine with a 1Ghz Athlon 

processor with 256MB of PC133 SDRAM.  The 2000 evaluations were found on 

average in 3.99 minutes (variance < 0.05 minutes2) across all methods and all 

scenarios.   
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  Table 26 in Appendix B shows the best policy results for each scenario, 

including the identity of the best policy.  Surprisingly, the SPT policy outperforms 

the other policies in 23 of the 50 scenarios.  FIFO and LRPT also perform well, 

performing best in 11 and 12 of the scenarios respectively.  It is surprising that 

FSMCT and FSVCT did not perform better; however, this model is set in a 

deterministic environment.  FSMCT and FSVCT have shown to be valuable to 

reentrant production scheduling problems in stochastic environments [69, 47, 42].  

FSMCT and FSVCT are most beneficial in stochastic environments where the 

schedule has been altered by machine failures or poor initial schedules and needs 

to be fixed.  The competition of the policies provides a high-quality initial 

evaluation that will be difficult to improve.  This provides a good test for the 

metaheuristics’ ability to improve on good solutions.  Again, top performers are 

shaded in light gray.   

 Table 8 below summarizes the metaheuristic improvements over the best 

policy solution.  Collectively, the Critical Arc Strategies consistently improve the 

average delay over the best policy.  Improvements range from 0% to 5.11% 

across all 50 scenarios and strategies.  Although some of the strategies did not 

find any improvements, at least one strategy finds improvements in each of the 50 

scenarios.  DWCA(0,1,0) is the best performing strategy; however, the average 

difference is minor.  Unlike the previous experiments, the Critical Arc Strategies 

are not as successful in reducing the average delay.  This is primarily due to the 

fact that the best performing policy does a good job in creating an initial schedule.  

However, the fact that Critical Arc Strategies collectively are able to reduce 

average delay in all scenarios shows their importance, especially considering that 

minute manufacturing improvements can provide substantial financial gain in 

semiconductor manufacturing.  Complete details can be found in Table 27 and 

Table 28 in Appendix B. 
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Table 8: Average Delay Performance Summary for Fab Model 

Metric Minimum Maximum Average Standard 
Deviation 

95% Upper 
Bound 

95% Lower 
Bound 

DWCA(0,1,0) 0.06% 4.97% 1.64% 0.0117 1.96% 1.31%
DWCA(-1,1,0) 0.06% 4.50% 1.50% 0.0110 1.80% 1.19%
DWCA(0,0,1) 0.06% 4.94% 1.57% 0.0119 1.90% 1.24%
DWCA(0,1,1) 0.06% 4.92% 1.61% 0.0112 1.92% 1.30%
DWCA(-1,1,1) 0.06% 4.85% 1.61% 0.0113 1.92% 1.29%
SWCA(Path) 0.00% 5.11% 1.55% 0.0120 1.89% 1.22%
SWCA(Arc) 0.06% 5.10% 1.53% 0.0117 1.85% 1.20%
SWCA(Delay) 0.00% 4.84% 1.51% 0.0117 1.83% 1.19%
EWCA(0.95) 0.00% 4.88% 1.59% 0.0121 1.92% 1.25%

 

 Average delay drives the metaheuristic and also positively affects the average 

tardiness in the system as well.  Table 9 summarizes the metaheuristic 

improvement over the best policy for average tardiness.  This percent is the 

average reduction of average tardiness over the initial solution derived from the 

best scheduling policy.  The Critical Arc Strategies find significant improvements 

on average over the best policy.  However, in 6 scenarios no improvement was 

found with any of the Critical Arc Strategies.  Average improvements range from 

–5.88% to 45.93% and the best results are shaded in gray.  Unlike the results for 

average delay, DWCA(-1,1,0) performs best for average tardiness, but the 

difference is again insignificant.  Even more interesting is that DWCA(0,1,0), 

which was the best for average delay is now second to last on average for 

reducing average tardiness.  Complete details can be found in Table 29 and Table 

30 in Appendix B. 
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Table 9: Average Tardiness Performance Summary for Fab Model 

Metric Minimum Maximum Average Standard 
Deviation 

95% Upper 
Bound 

95% Lower 
Bound 

DWCA(0,1,0) -5.88% 34.13% 11.91% 0.12 15.91% 7.91%
DWCA(-1,1,0) -3.97% 36.24% 13.53% 0.12 17.63% 9.43%
DWCA(0,0,1) -4.73% 42.44% 12.50% 0.13 16.81% 8.20%
DWCA(0,1,1) -4.73% 38.61% 13.38% 0.13 17.82% 8.93%
DWCA(-1,1,1) -2.27% 36.76% 13.11% 0.12 17.23% 8.99%
SWCA(Path) -4.73% 45.54% 12.39% 0.13 16.78% 8.00%
SWCA(Arc) -4.73% 45.93% 11.04% 0.12 15.15% 6.93%
SWCA(Delay) -4.73% 45.93% 11.96% 0.13 16.27% 7.65%
EWCA(0.95) -4.73% 47.62% 12.91% 0.13 17.30% 8.51%

 

 The reduction in maximum delay for all 50 scenarios is summarized in Table 

10.  This percent is the reduction of maximum delay over the initial solution 

derived from the best scheduling policy.  The Critical Arc Strategies have much 

more trouble trying to reduce the maximum delay. Average improvements range 

from –7.32% to 9.84% and the best results are shaded in gray.  Like the average 

delay metric, DWCA(0,1,0) performs best on average, but again not significantly.  

None of the scenarios perform particularly well and in 21 scenarios no Critical 

Arc Strategy can find an improvement.  However, the purpose of the Critical Arc 

Strategies is to reduce average delay, even if it costs the maximum delay in 

improvements.  Although both average delay and maximum delay are related, 

they often differ significantly in this model.  For example, in Scenario 49 the 

average delay improvement across all scenarios is 3.83% and the maximum delay 

improvement is –1.85%.  Therefore, we improved the average delay at a direct 

cost of the maximum delay.  Complete details can be found in Table 31 and Table 

32 in Appendix B. 
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Table 10: Maximum Delay Performance Summary for Fab Model 

Metric Minimum Maximum Average Standard 
Deviation 

95% Upper 
Bound 

95% Lower 
Bound 

DWCA(0,1,0) -7.22% 9.40% 1.00% 0.03 2.01% 0.00%
DWCA(-1,1,0) -7.22% 9.40% 0.82% 0.03 1.68% -0.03%
DWCA(0,0,1) -3.22% 8.48% 0.78% 0.02 1.62% -0.06%
DWCA(0,1,1) -6.15% 9.34% 0.72% 0.03 1.72% -0.29%
DWCA(-1,1,1) -6.15% 9.84% 0.56% 0.03 1.54% -0.43%
SWCA(Path) -5.66% 8.48% 0.60% 0.02 1.39% -0.20%
SWCA(Arc) -2.40% 9.34% 0.77% 0.02 1.53% 0.02%
SWCA(Delay) -2.80% 8.48% 0.73% 0.02 1.46% 0.00%
EWCA(0.95) -7.32% 8.48% 0.67% 0.03 1.53% -0.19%

 

 Now we take a closer look at the performance of the Critical Arc Strategies for 

average delay.  In Scenario 36, Critical Arc Strategies showed an average 

improvement of 4.82%, which was the best performing scenario.  Figure 22 

shows the performance of all 9 Critical Arc Strategies for Scenario 36.  The chart 

only shows the best solution at each evaluation and so it doesn’t capture non-

improving moves.  It is very apparent from the chart that all 9 find significant 

improvements very early in the search.  Only DWCA(-1,1,1) finds an 

improvement after the first 1000 moves, and it is only a slight improvement.  The 

fact that all of the scenarios are performing so similarly after 1000 moves 

suggests that the schedule has very few improvements to be found.   
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Figure 22: Scenario 36 Average Delay Performance of Fab Model 

 In each scenario, the Critical Arc Strategies consistently find improvements in 

average delay.  However, it often has trouble reducing average tardiness and 

maximum delay.  In finding these improvements, the metaheuristic was able to 

improve on the best of all 9 scheduling policies.  By continually focusing on 

efficient neighborhoods the Critical Arc Strategies are able to find improving 

moves through significantly reduced candidate lists.   
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CHAPTER 8: CONCLUSIONS 

This thesis introduces a class of metaheuristic strategies for solving reentrant 

production scheduling problems with setups.  These Critical Arc Strategies use 

inherent characteristics of the specific problem for guiding efficient and robust 

searches.  The following is a discussion of the future research that may be 

generated from this thesis.   

Future Research 

 There are many beneficial research endeavors that can grow from this work.  

For example, this research could be extended to consider various tool types in the 

disjunctive graph model for metaheuristic searches.  It could also consider 

creating new strategies from combinations of the current Critical Arc Strategies. 

Methods for determining good parameters for the Critical Arc Strategies are 

needed.  The elite candidate list strategy may also benefit from parameter setting 

or a reactive scheme.  Total weighted tardiness may be a valuable objective that 

may also work well with the Critical Arc Strategies.  Finally, this research could 

be used as guidance in developing other problem specific metaheuristics.   

 Semiconductor manufacturing is a complex system with many types of 

machines.  Some of the most unique tool types are batching and sequential 

machines.  Batching tools work on multiple jobs simultaneously, where the start 

and finish time of the jobs being processed are identical.  This has been 

approached with new nodes in decomposition methods [56], but not investigated 

for metaheuristic searches.  Sequential tools work on multiple jobs 

simultaneously, but the start and finish time of the jobs are not identical.  This 

feature has not been incorporated yet, although it is crucial for deterministic 

scheduling of reentrant systems.   
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 The current Critical Arc Strategies were shown to be very beneficial in 

determining which arcs have the greatest potential for improving the current 

solution.  However, combinations of strategies, such as 

DWCA(0,1,0)/DWCA(0,0,1), DWCA(0,1,0)/SWCA(Delay), and 

DWCA(0,1,0)/EWCA(α) could be even more advantageous.   

 Many of the Critical Arc Strategies require parameters for deriving candidate 

arc weights.  For example, EWCA(α) is strongly influenced by the parameter α.  

However, the number of jobs, operations, and machines most likely influences the 

appropriate weight.  DWCA(α,β,δ) strategies also require fine tuning since the 

ratio of job to operation delays will vary based on the problem specifics.  

Therefore, guidelines would be beneficial in developing good parameters when 

applying these strategies. 

 Another parameter of importance is deciding how many consecutive non-

improving moves must occur before the elite candidate list is regenerated.  It may 

even be more beneficial to decide on a reactive strategy.  One that may be worth 

researching is where the set becomes more reactive in situations where improving 

moves are hard to find and less reactive in areas with an abundance of improving 

moves.  This would make the list size more effective at diversifying the 

neighborhood search in poor performing solution spaces. 

 Total weighted tardiness has shown to be a valuable objective for reentrant 

systems [52].  The Critical Arc Strategies could easily be modified to use this 

objective by weighting jobs and operation delays based on these weights.  Many 

traditional policies are likely to struggle with weighted due dates than traditional 

due dates due to their myopic nature and simplistic approach.  This would provide 

the Critical Arc Strategies even more opportunities to improve current schedules.    

 The Critical Arc Strategies show the benefits of using problem structure in 

guiding a metaheuristic search.  Therefore, it may be advantageous to apply this 

approach to other variations of the job shop scheduling problem, which would 
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include the traditional, general, and open shop problems.  It would also be 

beneficial to see how these approaches would perform on a variety of reentrant 

job shop scheduling models with setups, other than the two presented in this 

thesis.   
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Appendix A 

This appendix shows the details of the route and machine level data used for the 
evaluations performed in chapter Six for the Reentrant Model.  Table 11 shows 
the details of the product considered in the Reentrant Model.  It captures the 
processing order, tool family used at the step, processing time, the setup 
identification for the sequence dependent setup, the transportation time, and the 
starting WIP (and ending WIP). 

Table 11: Product Level Parameters for Reentrant Model 

Operation Machine 
Process 

Time (min) Setup 
Transportation 

Time (min) 
Steady State 

Queue 
1Station1 30Station1_1 0 0
2Station2 33Station2_1 0 0
3Station3 150Station3_1 0 2
4Station4 48Station4_1 0 1
5Station5 112Station5_1 0 1
6Station1 42Station1_2 0 1
7Station2 43Station2_2 0 1
8Station3 160Station3_2 0 2
9Station4 55Station4_2 0 1

10Station5 110Station5_2 0 1
11Station6 90Station6_2 0 1
12Station7 135Station7_2 0 1

 
 
Table 12 shows the details of the machine families for the Reentrant Model.  It 
includes the number of tools per family and each tool is considered to be 
identical.  It also summarizes the total visits from the product to a tool family.   

Table 12: Machine Family Parameters for Reentrant Model 

Machine Quantity Product 1 
Station1 1 2
Station2 1 2
Station3 1 2
Station4 1 2
Station5 1 2
Station6 1 1
Station7 1 1
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Table 13 and Table 14 show the details of the machine setups for the Reentrant 
Model.  The Pre-Setup field and Post-Setup field define the setup relationship.  
Each of the columns represents the setup delay in minutes for each of the 
scenarios considered. 

Table 13: Setup Data for Scenarios 1-25 of Reentrant Model 

Setup Scenarios (min) 
Pre-Setup Post-Setup 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Station1_1 Station1_2 2 1 8 4 7 4 0 8 3 7 5 6 6 3 8 6 6 3 7 7 10 9 7 0 6
Station1_2 Station1_1 3 9 3 7 6 2 1 5 8 6 4 6 7 0 2 6 3 4 7 10 3 2 7 6 6
Station2_1 Station2_2 4 8 6 8 8 4 0 7 5 4 7 8 7 1 4 9 6 8 4 1 2 7 8 1 5
Station2_2 Station2_1 2 4 5 6 5 4 4 7 2 6 3 5 8 9 2 0 0 6 8 5 3 3 4 8 4
Station3_1 Station3_2 22 20 24 29 0 35 30 18 28 5 42 14 22 14 17 30 42 13 27 13 14 33 23 4212
Station3_2 Station3_1 11 18 20 23 20 20 17 43 19 19 18 16 32 27 37 36 21 29 19 25 32 38 23 1034
Station4_1 Station4_2 11 6 7 2 7 9 11 3 2 5 3 8 3 8 3 13 7 6 0 4 10 4 6 11 9
Station4_2 Station4_1 7 8 8 7 12 13 8 2 10 6 0 6 11 9 7 3 2 10 8 0 0 3 2 7 6
Station5_1 Station5_2 20 2 12 16 20 28 11 13 27 7 26 28 17 8 17 23 9 17 19 29 18 29 3 5 9
Station5_2 Station5_1 19 22 13 17 14 29 30 16 9 13 19 5 23 14 0 9 23 20 3 10 20 10 1 722
Station6_1 Station6_2 26 6 4 19 12 16 19 18 23 8 0 11 15 13 6 13 3 12 22 10 7 15 17 111
Station6_2 Station6_1 13 17 20 7 14 9 1 17 13 0 0 8 0 5 18 4 4 7 18 0 23 5 11 22 8
Station7_1 Station7_2 24 33 17 30 19 13 12 7 1 24 33 13 6 25 11 30 32 18 11 25 7 17 15 2820
Station7_2 Station7_1 4 19 17 3 0 18 33 14 35 18 39 24 22 11 7 23 20 19 24 21 5 22 13 1615
 

Table 14: Setup Data for Scenarios 26-50 of Reentrant Model 

Setup Scenarios (min) 
Pre-Setup Post-Setup 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50

Station1_1 Station1_2 8 9 2 4 3 0 8 10 3 9 3 4 3 6 10 6 1 7 7 5 8 4 6 8 9
Station1_2 Station1_1 2 2 1 0 7 5 6 6 4 9 5 5 9 9 7 4 5 0 3 7 8 1 4 11 4
Station2_1 Station2_2 3 3 3 6 8 14 7 12 7 9 6 3 5 8 4 4 2 7 7 8 1 6 6 10 1
Station2_2 Station2_1 7 2 7 10 9 8 3 7 6 8 3 11 3 8 3 2 7 3 6 8 7 6 6 3 4
Station3_1 Station3_2 6 0 26 23 9 20 5 22 24 40 33 20 13 26 37 43 17 9 29 21 0 8 20 2215
Station3_2 Station3_1 16 20 52 38 29 32 33 33 18 27 20 35 28 20 33 14 42 13 22 24 21 24 25 2913
Station4_1 Station4_2 9 5 12 3 4 0 2 10 4 8 0 12 6 1 4 13 10 3 8 1 7 25 12 14 8
Station4_2 Station4_1 10 0 5 8 7 5 3 12 12 9 2 11 7 9 11 10 7 8 9 10 2 3 6 3 2
Station5_1 Station5_2 11 26 15 6 22 10 21 0 34 16 29 7 0 19 13 16 18 17 21 27 9 9 21 2522
Station5_2 Station5_1 21 14 13 19 19 20 8 18 23 23 17 19 7 23 20 15 11 30 22 17 14 18 15 10 0
Station6_1 Station6_2 15 18 1 13 9 9 13 27 13 9 19 10 13 15 5 14 19 18 27 12 6 13 18 1115
Station6_2 Station6_1 6 15 16 0 11 12 0 4 23 14 21 14 20 11 11 18 12 7 18 4 19 25 13 6 5
Station7_1 Station7_2 3 10 30 28 15 43 24 25 15 15 23 10 10 24 30 12 21 10 39 21 19 1 20 2813
Station7_2 Station7_1 18 35 13 14 38 33 22 9 27 19 14 20 9 19 30 12 33 0 5 13 29 23 35 1425
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Table 15 shows the simulation results of running the FIFO policy on the 
Reentrant Model used in Chapter 6.  The metrics are all expressed in minutes.   

Table 15: FIFO Results for Scenarios 1-50 of Reentrant Model 

Scenario Average Delay Average Tardiness Maximum Delay 
1 2206.01 919.72 3794 
2 2391.34 1107.14 4140 
3 2540.61 1256.09 4538 
4 2844.55 1558.12 5068 
5 1823.31 538.72 2832 
6 2886.77 1597.44 5062 
7 2523.47 1236.50 4409 
8 3111.28 1825.04 5545 
9 2705.16 1418.24 4794 
10 1936.96 653.87 3206 
11 3005.58 1717.45 5312 
12 2129.23 843.62 3542 
13 2910.55 1623.54 5078 
14 2486.00 1201.49 4308 
15 2729.82 1446.41 4916 
16 3215.43 1928.82 5762 
17 3132.69 1845.97 5588 
18 2519.23 1232.99 4364 
19 2492.53 1207.86 4358 
20 2394.74 1108.31 4140 
21 2679.53 1392.84 4738 
22 3391.62 2104.44 6225 
23 2442.54 1160.76 4324 
24 2667.47 1384.47 4814 
25 2678.41 1392.72 4738 
26 1879.31 595.28 3094 
27 1824.36 538.96 2832 
28 3479.85 2193.74 6284 
29 3078.97 1793.35 5484 
30 2394.93 1108.20 4140 
31 2844.86 1558.73 5068 
32 2366.31 1081.36 4102 
33 2882.69 1598.72 5062 
34 2520.22 1231.24 4364 
35 3242.82 1955.50 5812 
36 2877.50 1589.27 5068 
37 2932.34 1647.38 5227 
38 2439.47 1157.61 4267 
39 2490.68 1203.03 4324 
40 3254.86 1968.56 5822 
41 2984.01 1698.26 5333 
42 2980.70 1695.18 5262 
43 1882.32 595.95 3094 
44 2830.42 1542.49 5117 
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45 2573.84 1286.47 4592 
46 1851.28 568.86 2888 
47 2167.76 882.74 3612 
48 2471.76 1184.95 4307 
49 2808.47 1522.28 5015 
50 2062.42 778.99 3430 
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Table 16 and Table 17 show the average delay percent reduction for the Reentrant 
Model used in Chapter 6 for each metaheuristic and scenario.  This percentage is 
calculated by the reduction of average delay due to the metaheuristic divided by 
the initial average delay evaluation for each scenario. 

Table 16: Average Delay % for Scenarios 1-50 of Reentrant Model 

Scenario DWCA(0,1,0) DWCA(-1,1,0) DWCA(0,0,1) DWCA(0,1,1) DWCA(-1,1,1) 
1 16.39% 16.81% 19.76% 18.92% 18.92%
2 18.60% 16.71% 22.48% 20.35% 20.28%
3 20.11% 18.58% 23.85% 21.43% 21.74%
4 22.35% 22.39% 26.47% 25.58% 25.49%
5 13.19% 12.40% 14.39% 13.78% 13.80%
6 22.01% 21.89% 25.97% 24.50% 24.50%
7 17.25% 17.19% 19.70% 18.32% 18.28%
8 24.39% 23.58% 30.57% 26.52% 28.03%
9 20.34% 20.95% 26.19% 23.74% 24.25%
10 13.71% 13.29% 15.77% 14.94% 14.95%
11 21.30% 22.40% 26.10% 24.88% 24.94%
12 16.44% 15.89% 20.03% 18.41% 19.38%
13 21.80% 23.66% 27.37% 25.66% 27.15%
14 20.12% 18.51% 23.55% 21.28% 21.26%
15 18.03% 16.77% 21.93% 19.66% 20.64%
16 23.15% 24.12% 29.51% 27.04% 28.47%
17 23.40% 25.08% 29.93% 25.87% 27.48%
18 20.05% 19.21% 23.27% 21.88% 21.92%
19 17.49% 16.86% 19.61% 18.09% 18.55%
20 18.87% 18.27% 22.47% 20.51% 20.55%
21 20.21% 21.83% 25.94% 22.97% 23.48%
22 25.74% 25.63% 30.78% 27.41% 29.00%
23 17.17% 16.40% 18.98% 17.09% 17.09%
24 18.61% 18.60% 22.65% 20.18% 20.69%
25 20.23% 21.72% 25.86% 23.17% 23.47%
26 13.58% 12.95% 15.20% 14.58% 14.87%
27 12.43% 12.42% 14.28% 13.65% 13.66%
28 25.60% 26.29% 29.34% 26.19% 29.13%
29 22.69% 23.92% 30.11% 25.16% 26.52%
30 19.98% 18.96% 22.49% 20.49% 20.41%
31 22.27% 22.39% 26.42% 25.54% 25.44%
32 18.64% 17.56% 21.12% 19.63% 19.74%
33 20.23% 21.81% 26.00% 24.28% 25.78%
34 20.31% 19.19% 24.29% 21.94% 21.99%
35 23.43% 24.94% 30.36% 27.33% 28.98%
36 22.28% 23.13% 27.04% 25.35% 25.41%
37 21.19% 23.61% 27.87% 24.33% 25.85%
38 19.39% 18.83% 23.12% 21.24% 21.24%
39 17.70% 16.84% 19.44% 17.83% 18.12%
40 24.01% 24.25% 28.10% 25.60% 27.23%
41 23.70% 23.96% 29.03% 25.08% 25.11%
42 20.83% 22.17% 27.14% 23.21% 24.70%
43 12.94% 13.17% 15.08% 14.43% 14.51%
44 21.99% 22.14% 26.70% 25.85% 25.76%
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45 20.09% 20.59% 24.07% 21.60% 21.93%
46 12.64% 12.63% 14.30% 13.64% 13.91%
47 15.81% 15.93% 18.55% 17.73% 17.79%
48 17.08% 16.92% 19.42% 17.30% 17.72%
49 21.69% 21.66% 25.40% 24.76% 24.73%
50 14.88% 14.83% 18.74% 16.48% 16.50%
  

Table 17: Average Delay % for Scenarios 1-50 of Reentrant Model 

Scenario SWCA(Path) SWCA(Arc) SWCA(Delay) EWCA(0.95) FA Rest 25 SA 
1 19.76% 19.76% 19.76% 19.58% 6.12% 9.42% 3.32%
2 22.48% 22.48% 22.48% 22.44% 5.24% 9.83% 3.39%
3 23.90% 23.90% 23.90% 23.74% 7.09% 11.84% 3.70%
4 26.47% 26.47% 26.47% 25.67% 7.53% 12.89% 4.18%
5 14.39% 14.39% 14.39% 13.74% 3.32% 6.68% 2.24%
6 25.97% 25.97% 25.97% 25.62% 7.89% 14.04% 4.36%
7 19.70% 19.70% 19.70% 19.30% 8.77% 10.85% 4.28%
8 30.57% 30.57% 30.57% 30.54% 8.13% 14.70% 4.65%
9 26.24% 26.24% 26.24% 25.53% 7.14% 12.06% 4.04%
10 15.77% 15.77% 15.77% 15.67% 5.26% 6.07% 2.39%
11 26.10% 26.10% 26.10% 25.95% 8.21% 13.13% 4.08%
12 20.03% 20.03% 20.03% 19.64% 6.24% 9.64% 3.05%
13 27.37% 27.37% 27.37% 26.99% 7.74% 12.19% 4.35%
14 23.60% 23.60% 23.60% 23.37% 7.70% 11.23% 3.72%
15 21.97% 21.97% 21.97% 21.88% 7.31% 11.40% 4.32%
16 29.51% 29.51% 29.51% 28.63% 8.53% 15.13% 4.79%
17 29.93% 29.93% 29.93% 29.18% 8.35% 14.87% 4.74%
18 23.32% 23.32% 23.32% 22.64% 7.78% 11.08% 3.72%
19 19.65% 19.65% 19.65% 19.66% 7.55% 11.80% 4.20%
20 22.47% 22.47% 22.47% 22.27% 9.96% 9.95% 3.49%
21 25.94% 25.94% 25.94% 24.98% 7.10% 12.25% 3.85%
22 30.78% 30.78% 30.78% 29.97% 8.62% 15.26% 4.83%
23 18.88% 18.98% 19.04% 18.71% 7.26% 11.23% 3.88%
24 22.57% 22.65% 22.65% 22.32% 7.38% 12.66% 4.55%
25 25.86% 25.86% 25.86% 24.90% 7.14% 12.08% 3.82%
26 15.20% 15.20% 15.20% 14.34% 3.64% 6.93% 2.43%
27 14.28% 14.28% 14.28% 13.54% 4.89% 6.16% 2.02%
28 29.34% 29.20% 29.20% 28.96% 9.26% 15.85% 5.08%
29 30.11% 30.11% 30.11% 29.88% 9.57% 14.61% 4.34%
30 22.49% 22.49% 22.49% 22.27% 6.59% 9.92% 3.36%
31 26.42% 26.42% 26.42% 25.83% 7.58% 13.68% 4.01%
32 21.12% 21.12% 21.12% 20.79% 6.72% 9.58% 3.44%
33 26.00% 26.00% 26.00% 25.78% 6.28% 15.01% 4.38%
34 24.33% 24.33% 24.33% 23.76% 9.46% 11.87% 3.55%
35 30.38% 30.38% 30.38% 29.52% 8.57% 16.01% 4.69%
36 27.04% 27.04% 27.04% 26.74% 7.59% 12.55% 4.09%
37 27.89% 27.89% 27.89% 27.14% 6.18% 14.17% 4.27%
38 23.20% 23.20% 23.20% 22.12% 6.47% 11.16% 3.74%
39 19.50% 19.50% 19.50% 19.08% 7.67% 10.76% 4.06%
40 28.10% 28.10% 28.10% 27.09% 8.88% 13.58% 4.84%
41 29.03% 29.03% 29.03% 28.39% 7.86% 12.38% 4.18%
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42 27.14% 27.14% 27.14% 27.01% 8.23% 15.14% 4.66%
43 15.08% 15.08% 15.08% 14.59% 5.70% 6.51% 2.31%
44 26.70% 26.70% 26.70% 26.05% 7.46% 12.21% 4.04%
45 24.12% 24.12% 24.12% 23.96% 7.22% 12.48% 3.81%
46 14.30% 14.30% 14.30% 13.56% 2.99% 5.94% 2.31%
47 18.55% 18.55% 18.55% 18.43% 3.93% 9.93% 3.27%
48 19.18% 19.18% 19.42% 18.65% 7.37% 10.54% 4.00%
49 25.44% 25.44% 25.44% 24.92% 7.47% 13.16% 3.78%
50 18.74% 18.74% 18.74% 18.38% 5.79% 8.08% 2.87%
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Table 18 and Table 19 show the average tardiness percent reduction for the 
Reentrant Model used in Chapter 6 for each metaheuristic and scenario.  This 
percentage is calculated by the reduction of average tardiness due to the 
metaheuristic divided by the initial average tardiness evaluation for each scenario. 

Table 18: Average Tardiness % for Scenarios 1-50 of Reentrant Model 

Scenario DWCA(0,1,0) DWCA(-1,1,0) DWCA(0,0,1) DWCA(0,1,1) DWCA(-1,1,1) 
1 38.42% 39.83% 46.59% 44.65% 44.55%
2 39.68% 35.75% 48.19% 43.46% 43.46%
3 40.26% 37.16% 47.81% 42.91% 43.54%
4 40.39% 40.28% 47.93% 46.30% 46.13%
5 43.03% 40.29% 46.87% 44.88% 44.87%
6 39.20% 39.25% 46.62% 43.98% 43.97%
7 34.59% 34.68% 39.82% 36.90% 36.92%
8 41.22% 39.99% 51.77% 44.87% 47.43%
9 38.31% 39.74% 49.73% 45.05% 46.04%
10 39.70% 38.71% 45.64% 43.25% 43.23%
11 36.85% 38.77% 45.43% 43.34% 43.40%
12 40.52% 39.09% 49.56% 45.45% 47.92%
13 38.69% 42.17% 48.82% 45.85% 48.43%
14 41.15% 38.01% 48.25% 43.57% 43.52%
15 33.73% 31.34% 41.09% 36.81% 38.66%
16 38.25% 39.88% 48.85% 44.73% 47.13%
17 39.36% 42.15% 50.43% 43.54% 46.27%
18 40.38% 38.94% 47.04% 44.24% 44.28%
19 35.63% 34.33% 39.97% 36.84% 37.78%
20 40.07% 38.90% 48.08% 43.74% 43.83%
21 38.42% 41.52% 49.46% 44.00% 44.71%
22 41.17% 41.18% 49.48% 44.04% 46.60%
23 35.73% 34.20% 39.62% 35.66% 35.66%
24 35.54% 35.53% 43.34% 38.58% 39.57%
25 38.48% 41.48% 49.46% 44.14% 44.85%
26 41.60% 39.66% 46.64% 44.63% 45.62%
27 40.27% 40.81% 47.07% 45.03% 44.96%
28 40.33% 41.26% 46.27% 41.27% 45.93%
29 38.62% 40.85% 51.36% 42.87% 45.19%
30 42.47% 40.45% 47.97% 43.68% 43.70%
31 40.24% 40.27% 47.83% 46.21% 46.04%
32 40.27% 37.81% 45.68% 42.43% 42.66%
33 36.18% 39.15% 46.58% 43.49% 46.18%
34 40.65% 38.49% 48.92% 44.35% 44.35%
35 38.51% 40.99% 50.00% 45.16% 47.72%
36 39.84% 41.42% 48.50% 45.47% 45.54%
37 37.40% 41.84% 49.28% 42.99% 45.68%
38 40.52% 39.35% 48.38% 44.41% 44.41%
39 35.99% 34.45% 39.85% 36.37% 37.12%
40 39.39% 39.76% 46.15% 42.01% 44.70%
41 41.30% 41.76% 50.67% 43.73% 43.78%
42 36.30% 38.64% 47.38% 40.48% 43.09%
43 38.90% 39.77% 45.72% 44.34% 44.35%
44 39.84% 40.16% 48.53% 47.01% 46.80%
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45 39.59% 40.62% 47.61% 42.71% 43.51%
46 39.98% 40.18% 45.33% 43.15% 44.40%
47 38.09% 38.65% 44.86% 42.84% 43.00%
48 35.05% 34.97% 39.94% 35.82% 36.64%
49 39.63% 39.81% 46.71% 45.53% 45.49%
50 38.65% 38.45% 48.85% 42.85% 42.80%

  
Table 19: Average Tardiness % for Scenarios 1-50 of Reentrant Model 

Scenario SWCA(Path) SWCA(Arc) SWCA(Delay) EWCA(0.95) FA Rest 25 SA 
1 46.59% 46.59% 46.59% 46.22% 13.56% 22.64% 8.02%
2 48.19% 48.19% 48.19% 48.13% 10.55% 21.27% 7.37%
3 47.90% 47.90% 47.90% 47.55% 13.42% 23.97% 7.54%
4 47.93% 47.93% 47.93% 46.45% 13.12% 23.50% 7.62%
5 46.87% 46.87% 46.87% 44.87% 8.22% 22.94% 7.56%
6 46.62% 46.62% 46.62% 45.98% 13.60% 25.36% 7.88%
7 39.82% 39.82% 39.82% 38.96% 17.04% 22.19% 8.77%
8 51.77% 51.77% 51.77% 51.72% 13.34% 25.03% 7.90%
9 49.83% 49.83% 49.83% 48.45% 12.98% 22.95% 7.70%
10 45.64% 45.64% 45.64% 45.33% 13.64% 18.08% 6.96%
11 45.43% 45.43% 45.43% 45.17% 13.79% 22.97% 7.14%
12 49.56% 49.56% 49.56% 48.58% 13.54% 24.42% 7.64%
13 48.82% 48.82% 48.82% 48.14% 13.28% 21.85% 7.81%
14 48.35% 48.35% 48.35% 47.84% 15.13% 23.26% 7.70%
15 41.17% 41.17% 41.17% 41.00% 13.49% 21.54% 8.17%
16 48.85% 48.85% 48.85% 47.40% 13.62% 25.20% 7.96%
17 50.43% 50.43% 50.43% 49.16% 13.64% 25.20% 8.02%
18 47.14% 47.14% 47.14% 45.71% 15.09% 22.64% 7.63%
19 40.07% 40.07% 40.07% 40.07% 14.61% 24.31% 8.66%
20 48.08% 48.08% 48.08% 47.68% 20.12% 21.49% 7.57%
21 49.46% 49.46% 49.46% 47.56% 12.94% 23.59% 7.41%
22 49.48% 49.48% 49.48% 48.16% 13.51% 24.60% 7.79%
23 39.41% 39.62% 39.76% 38.87% 14.88% 23.63% 8.13%
24 43.18% 43.34% 43.34% 42.56% 13.92% 24.40% 8.76%
25 49.46% 49.46% 49.46% 47.55% 13.02% 23.22% 7.38%
26 46.64% 46.64% 46.64% 43.90% 10.20% 21.52% 7.73%
27 47.07% 47.07% 47.07% 44.60% 13.48% 21.01% 6.59%
28 46.27% 46.05% 46.05% 45.62% 14.20% 25.12% 8.03%
29 51.36% 51.36% 51.36% 50.96% 15.92% 25.05% 7.43%
30 47.97% 47.97% 47.97% 47.45% 13.33% 21.44% 7.29%
31 47.83% 47.83% 47.83% 46.75% 13.19% 24.95% 7.29%
32 45.68% 45.68% 45.68% 44.91% 13.58% 21.02% 7.55%
33 46.58% 46.58% 46.58% 46.08% 10.79% 27.05% 7.89%
34 49.01% 49.01% 49.01% 47.92% 18.26% 24.31% 7.30%
35 50.03% 50.03% 50.03% 48.61% 13.72% 26.55% 7.77%
36 48.50% 48.50% 48.50% 47.95% 13.13% 22.70% 7.41%
37 49.31% 49.31% 49.31% 47.99% 10.46% 25.24% 7.61%
38 48.55% 48.55% 48.55% 46.27% 13.18% 23.50% 7.86%
39 39.98% 39.98% 39.98% 39.07% 14.99% 22.28% 8.40%
40 46.15% 46.15% 46.15% 44.49% 14.24% 22.32% 8.00%
41 50.67% 50.67% 50.67% 49.53% 13.30% 21.77% 7.35%



 91

42 47.38% 47.38% 47.38% 47.15% 13.81% 26.63% 8.20%
43 45.72% 45.72% 45.72% 44.41% 15.71% 20.65% 7.29%
44 48.53% 48.53% 48.53% 47.32% 13.01% 22.38% 7.41%
45 47.70% 47.70% 47.70% 47.36% 13.70% 25.00% 7.66%
46 45.33% 45.33% 45.33% 43.11% 8.06% 19.21% 7.60%
47 44.86% 44.86% 44.86% 44.55% 8.53% 24.32% 8.02%
48 39.43% 39.43% 39.94% 38.54% 14.53% 21.97% 8.32%
49 46.79% 46.79% 46.79% 45.81% 13.25% 24.30% 7.01%
50 48.85% 48.85% 48.85% 47.90% 13.55% 21.44% 7.61%
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Table 20 and Table 21 show the maximum delay percent reduction for the 
Reentrant Model used in Chapter 6 for each metaheuristic and scenario.  This 
percentage is calculated by the reduction of maximum delay due to the 
metaheuristic divided by the initial maximum delay evaluation for each scenario. 

Table 20: Maximum Delay % for Scenarios 1-50 of Reentrant Model 

Scenario DWCA(0,1,0) DWCA(-1,1,0) DWCA(0,0,1) DWCA(0,1,1) DWCA(-1,1,1) 
1 21.74% 22.61% 26.09% 24.35% 24.35%
2 24.78% 22.08% 27.58% 23.67% 23.91%
3 25.96% 23.27% 32.00% 27.15% 28.12%
4 26.68% 26.68% 30.78% 29.76% 29.76%
5 15.18% 13.77% 20.83% 19.42% 18.89%
6 23.90% 23.90% 29.34% 28.05% 28.05%
7 21.12% 21.12% 25.38% 23.25% 23.25%
8 27.00% 25.90% 34.70% 30.30% 31.40%
9 23.34% 23.34% 31.18% 28.24% 29.22%
10 16.28% 15.53% 19.28% 17.78% 17.78%
11 22.03% 23.16% 26.54% 25.41% 25.41%
12 18.63% 14.12% 24.56% 22.02% 22.87%
13 24.69% 26.82% 31.08% 30.01% 31.08%
14 23.89% 21.26% 29.83% 25.07% 25.07%
15 22.21% 21.11% 27.71% 25.51% 26.61%
16 26.35% 26.35% 32.07% 29.78% 30.93%
17 25.50% 26.63% 33.39% 28.88% 30.01%
18 22.55% 22.32% 28.09% 27.36% 27.36%
19 19.78% 18.49% 25.06% 22.95% 24.00%
20 24.78% 23.00% 26.67% 24.59% 23.67%
21 24.02% 24.99% 30.81% 26.93% 27.90%
22 28.39% 27.24% 34.09% 30.67% 31.81%
23 21.28% 20.21% 24.47% 21.28% 21.28%
24 22.81% 22.81% 27.13% 23.89% 24.97%
25 24.02% 24.99% 30.81% 26.93% 27.90%
26 20.62% 19.91% 18.62% 17.19% 17.19%
27 13.77% 13.77% 20.83% 19.42% 19.39%
28 27.40% 27.40% 31.13% 28.64% 31.13%
29 25.07% 26.19% 33.97% 28.41% 29.52%
30 22.08% 21.16% 26.67% 23.91% 23.91%
31 26.68% 26.68% 30.78% 29.76% 29.76%
32 24.13% 22.28% 25.06% 23.21% 23.21%
33 22.82% 23.90% 29.34% 28.25% 29.34%
34 22.32% 22.55% 30.25% 27.36% 27.36%
35 26.51% 27.67% 34.58% 31.13% 32.28%
36 25.10% 26.14% 31.37% 29.28% 29.28%
37 24.49% 26.59% 31.85% 27.64% 28.70%
38 23.39% 21.47% 29.15% 26.27% 26.27%
39 20.21% 19.15% 23.40% 20.21% 21.28%
40 27.65% 26.45% 31.26% 28.86% 30.06%
41 27.11% 27.11% 32.46% 27.11% 27.11%
42 21.82% 22.94% 27.42% 24.06% 25.18%
43 19.20% 19.20% 17.19% 16.48% 16.48%
44 26.91% 26.91% 29.96% 27.97% 27.97%
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45 26.46% 27.44% 29.07% 25.15% 26.13%
46 14.44% 14.44% 20.98% 19.32% 20.05%
47 19.49% 19.49% 23.03% 22.15% 22.15%
48 19.50% 19.50% 24.73% 20.55% 21.59%
49 25.42% 25.42% 30.51% 29.49% 29.49%
50 13.00% 16.85% 23.38% 19.30% 19.30%

  
Table 21: Maximum Delay % for Scenarios 1-50 of Reentrant Model 

Scenario SWCA(Path) SWCA(Arc) SWCA(Delay) EWCA(0.95) FA Rest 25 SA 
1 26.09% 26.09% 26.09% 26.09% 4.35% 10.44% 2.61%
2 27.58% 27.58% 27.58% 27.58% 3.67% 11.01% 2.75%
3 32.00% 32.00% 32.00% 32.00% 4.85% 11.64% 2.91%
4 30.78% 30.78% 30.78% 30.78% 5.13% 12.31% 3.08%
5 20.83% 20.83% 20.83% 19.42% 2.12% 8.47% 2.12%
6 29.34% 29.34% 29.34% 29.34% 5.43% 13.04% 3.26%
7 25.38% 25.38% 25.38% 25.38% 6.40% 12.79% 3.20%
8 34.70% 34.70% 34.70% 34.70% 5.50% 13.20% 3.30%
9 31.18% 31.18% 31.18% 30.20% 4.90% 11.76% 2.94%
10 19.28% 19.28% 19.28% 19.28% 3.74% 8.98% 2.25%
11 26.54% 26.54% 26.54% 26.54% 5.65% 12.42% 3.39%
12 24.56% 24.56% 24.56% 23.72% 4.23% 10.16% 2.54%
13 31.08% 31.08% 31.08% 31.08% 5.32% 12.76% 3.19%
14 29.83% 29.83% 29.83% 29.83% 5.71% 11.42% 2.86%
15 27.71% 27.71% 27.71% 27.71% 5.49% 13.18% 3.30%
16 32.07% 32.07% 32.07% 30.93% 5.73% 13.75% 3.44%
17 33.39% 33.39% 33.39% 32.27% 5.64% 13.53% 3.38%
18 28.09% 28.09% 28.09% 27.36% 5.77% 11.55% 2.89%
19 25.06% 25.06% 25.06% 25.06% 5.28% 12.67% 3.17%
20 26.67% 26.67% 26.67% 26.67% 7.34% 11.01% 2.75%
21 30.81% 30.81% 30.81% 29.84% 4.85% 11.65% 2.91%
22 34.09% 34.09% 34.09% 32.95% 5.70% 13.69% 3.42%
23 24.47% 24.47% 24.47% 23.40% 5.32% 12.77% 3.19%
24 27.13% 27.13% 27.13% 27.13% 5.40% 12.96% 3.24%
25 30.81% 30.81% 30.81% 29.84% 4.85% 11.65% 2.91%
26 18.62% 18.62% 18.62% 17.19% 2.84% 7.82% 2.13%
27 20.83% 20.83% 20.83% 19.42% 3.53% 8.47% 2.12%
28 31.13% 31.13% 31.13% 31.13% 6.21% 14.89% 3.72%
29 33.97% 33.97% 33.97% 33.97% 6.67% 13.35% 3.34%
30 26.67% 26.67% 26.67% 26.67% 4.59% 11.01% 2.75%
31 30.78% 30.78% 30.78% 30.78% 5.13% 12.31% 3.08%
32 25.06% 25.06% 25.06% 25.06% 4.63% 11.12% 2.78%
33 29.34% 29.34% 29.34% 29.34% 4.35% 13.04% 3.26%
34 30.25% 30.25% 30.25% 29.29% 6.74% 11.55% 2.89%
35 34.58% 34.58% 34.58% 33.43% 5.76% 13.83% 3.46%
36 31.37% 31.37% 31.37% 31.37% 5.23% 12.55% 3.14%
37 31.85% 31.85% 31.85% 30.80% 4.21% 12.63% 3.16%
38 28.19% 28.19% 28.19% 27.23% 4.80% 11.53% 2.88%
39 23.40% 23.40% 23.40% 23.40% 5.32% 12.77% 3.19%
40 31.26% 31.26% 31.26% 30.06% 6.01% 13.23% 3.61%
41 32.46% 32.46% 32.46% 31.39% 5.34% 11.76% 3.21%
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42 27.42% 27.42% 27.42% 27.42% 5.61% 13.45% 3.36%
43 17.19% 17.19% 17.19% 16.48% 4.27% 8.53% 2.13%
44 29.96% 29.96% 29.96% 29.96% 4.98% 11.96% 2.99%
45 29.07% 29.07% 29.07% 29.07% 4.90% 11.76% 2.94%
46 20.98% 20.98% 20.98% 19.53% 2.18% 8.00% 2.18%
47 23.03% 23.03% 23.03% 23.03% 2.66% 10.63% 2.66%
48 24.73% 24.73% 24.73% 24.73% 5.22% 12.54% 3.13%
49 30.51% 30.51% 30.51% 30.51% 5.08% 12.20% 3.05%
50 23.38% 23.38% 23.38% 22.57% 4.08% 9.80% 2.45%
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Appendix B 

This appendix shows the details of the route and machine level data used for the 
evaluations performed in chapter Seven on the Fab Model.  Table 22 shows the 
details of the product considered for the Fab Model.  It captures the processing 
order, the tool family used at the step, processing time, the setup identification for 
the sequence dependent setup, the transportation time, and the starting WIP (and 
ending WIP).   

Table 22: Product Level Parameters for Fab Model 

Operation Machine 
Process 

Time (min) Setup 
Transportation 

Time (min) 
Steady State 

Queue 
1 Station10 180Station10_1 250.5 0
2 Station6 72Station6_1 52.5 1
3 Station9 36Station9_1 250.5 1
4 Station10 180Station10_2 250.5 4
5 Station6 72Station6_2 30 1
6 Station11 72Station11_1 0 1
7 Station5 54Station5_1 52.5 1
8 Station9 36Station9_2 250.5 1
9 Station10 180Station10_3 250.5 4

10 Station6 72Station6_3 30 1
11 Station11 72Station11_2 0 1
12 Station5 54Station5_2 52.5 1
13 Station9 36Station9_3 250.5 1
14 Station10 180Station10_2 0 4
15 Station11 72Station11_3 0 1
16 Station4 108  52.5 2
17 Station7 108  250.5 2
18 Station10 180Station10_3 48 4
19 Station12 150  52.5 2
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Table 23 shows the details of the machine families of the Fab Model.  It includes 
the number of tools per family and each tool is considered to be identical.  It also 
summarizes the total visits from the product to a tool family.   
 

Table 23: Machine Family Parameters for Fab Model 

Machine Quantity Total Visits 
Station4 1 1
Station5 1 2
Station6 2 3
Station7 1 1
Station9 1 3
Station10 9 5
Station11 2 3
Station12 2 1
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Table 24 and Table 25 show the details of the machine setups for the Fab Model.  
The Pre-Setup field and Post-Setup field define the setup relationship.  Each of 
the columns represents the setup delay in minutes for each of the scenarios 
considered. 
 

Table 24: Setup Data for Scenarios 1-25 for Fab Model 

Setup Scenarios (min) 
Pre-Setup Post-Setup 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Station5_1 Station5_2 10 7 11 10 13 14 8 3 9 2 6 6 11 13 8 5 3 8 9 2 10 8 8 8 3
Station5_2 Station5_1 5 2 7 1 7 8 7 7 14 15 0 0 18 4 9 7 5 12 10 8 5 9 2 10 6
Station6_1 Station6_2 1 17 10 9 10 9 11 15 10 6 8 11 14 18 20 8 15 10 7 9 20 8 13 7 8
Station6_1 Station6_3 9 8 6 9 13 16 14 6 1 5 4 18 8 12 19 7 15 8 10 7 10 11 19 1210
Station6_2 Station6_1 10 17 7 13 13 9 20 14 14 13 7 11 16 1 11 13 9 20 16 5 12 9 1 1417
Station6_2 Station6_3 13 13 8 14 8 13 13 14 7 3 4 12 4 4 10 19 17 11 3 5 18 12 14 413
Station6_3 Station6_1 18 22 11 23 17 12 16 8 13 15 20 5 8 12 6 13 8 10 5 11 7 15 6 6 3
Station6_3 Station6_2 10 9 11 15 12 12 14 4 17 15 10 5 12 17 18 17 5 12 10 13 11 15 11 811
Station9_1 Station9_2 4 6 5 5 6 6 3 5 4 9 7 9 10 5 3 9 7 7 5 6 1 0 7 5 2
Station9_1 Station9_3 7 2 4 5 8 7 5 4 7 4 4 8 5 6 4 4 2 8 8 6 4 5 4 6 4
Station9_2 Station9_1 2 8 1 6 4 2 6 2 6 3 3 8 9 8 3 3 5 8 12 5 4 2 7 110
Station9_2 Station9_3 9 8 8 6 0 11 4 8 4 7 5 1 8 4 7 2 4 5 3 3 7 4 4 6 5
Station9_3 Station9_1 3 5 7 3 3 6 5 3 2 4 3 10 4 6 2 4 3 7 4 6 10 6 0 6 9
Station9_3 Station9_2 2 3 5 1 6 2 5 11 6 7 0 8 2 6 7 5 7 1 9 5 5 3 3 3 5
Station11_1 Station11_2 10 6 8 13 16 0 3 10 13 7 6 17 9 12 11 2 8 5 5 6 20 9 0 21 4
Station11_1 Station11_3 17 15 13 13 6 18 4 4 14 10 16 16 12 21 0 23 9 15 16 0 17 12 13 7 1
Station11_2 Station11_1 14 7 7 15 0 17 9 4 10 14 4 14 18 12 7 17 8 10 8 3 5 16 18 1315
Station11_2 Station11_3 10 16 13 6 8 2 14 5 14 19 13 19 0 15 11 13 9 13 10 21 15 9 4 710
Station11_3 Station11_1 8 7 13 14 11 10 3 12 11 14 0 18 7 18 19 12 18 5 13 3 8 13 7 317
Station11_3 Station11_2 18 29 8 5 21 8 10 9 16 11 17 9 1 7 10 13 10 11 6 18 11 8 14 1216
Station10_1 Station10_2 32 41 2 24 19 3 18 3 25 11 51 26 26 23 9 36 34 27 24 21 21 22 30 2117
Station10_1 Station10_3 3 30 8 41 19 34 17 28 13 31 24 29 29 19 8 29 32 15 42 48 25 26 20 19 0
Station10_2 Station10_1 24 19 41 46 42 3 45 20 52 21 35 32 27 2 9 14 17 6 28 39 39 27 44 2325
Station10_2 Station10_3 0 11 11 32 42 22 10 0 38 36 39 19 39 32 51 36 27 27 60 0 24 0 54 3234
Station10_3 Station10_1 34 12 23 42 18 0 21 39 74 61 48 1 22 24 23 0 16 31 26 43 23 45 39 2034
Station10_3 Station10_2 42 23 23 14 14 25 30 6 27 40 14 29 50 21 10 49 29 51 25 34 18 6 33 4317
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Table 25: Setup Data for Scenarios 26-50 for Fab Model 

Setup Scenarios (min) 
Pre-Setup Post-Setup 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50

Station5_1 Station5_2 11 4 4 8 8 12 5 6 16 8 5 7 0 14 14 9 12 8 11 7 11 5 5 11 9
Station5_2 Station5_1 11 8 9 19 7 0 4 10 11 7 7 1 4 4 6 8 11 0 4 4 8 3 9 7 3
Station6_1 Station6_2 2 12 17 18 14 10 8 15 8 13 0 7 15 10 14 2 2 9 5 21 14 12 19 13 9
Station6_1 Station6_3 13 14 10 8 10 13 13 4 10 16 4 3 15 6 11 4 9 5 12 12 3 7 13 6 6
Station6_2 Station6_1 6 19 14 6 6 16 15 19 16 8 9 20 0 7 16 16 9 15 8 8 7 8 6 2011
Station6_2 Station6_3 6 17 18 12 10 17 0 4 7 10 12 14 12 5 10 15 14 17 17 4 12 5 14 7 7
Station6_3 Station6_1 8 14 7 9 11 6 5 8 6 14 17 17 15 14 20 8 17 13 15 0 9 4 10 1318
Station6_3 Station6_2 11 14 0 8 18 10 4 6 12 20 11 10 13 7 20 9 7 11 3 11 10 10 16 713
Station9_1 Station9_2 6 5 2 1 6 4 3 2 7 3 3 5 8 6 3 5 9 3 4 6 2 3 5 7 5
Station9_1 Station9_3 2 10 6 6 5 3 4 5 4 5 0 5 2 2 4 4 7 8 8 5 5 9 0 5 5
Station9_2 Station9_1 0 6 5 9 4 6 4 6 0 5 5 5 5 5 0 4 8 0 6 4 6 1 0 5 5
Station9_2 Station9_3 1 4 8 7 9 8 2 0 7 4 4 7 0 1 3 2 3 5 5 5 5 4 3 6 8
Station9_3 Station9_1 3 5 6 6 10 6 6 4 0 2 2 2 2 5 3 4 2 6 4 2 1 6 5 6 4
Station9_3 Station9_2 6 5 1 3 6 5 8 7 9 6 8 6 10 6 0 6 0 2 9 5 3 4 10 410
Station11_1 Station11_2 4 17 13 12 11 20 11 23 17 6 11 15 10 22 16 14 15 14 16 12 13 15 9 1 0
Station11_1 Station11_3 1 16 15 13 16 17 5 13 5 10 0 10 15 11 14 12 18 9 12 12 11 8 18 0 8
Station11_2 Station11_1 8 13 9 12 9 21 9 9 14 7 11 16 0 7 13 20 18 8 14 8 7 12 15 13 4
Station11_2 Station11_3 13 15 20 1 3 5 17 8 0 21 7 7 13 20 12 23 7 14 9 1 2 13 10 913
Station11_3 Station11_1 2 15 19 5 9 19 9 13 6 7 9 6 4 14 13 14 11 20 2 11 10 7 13 5 7
Station11_3 Station11_2 6 0 10 7 17 3 24 20 24 8 11 15 12 2 8 3 9 4 13 11 6 2 20 10 0
Station10_1 Station10_2 15 52 26 38 32 29 21 13 42 7 36 0 35 28 31 35 31 36 8 46 10 32 63 3212
Station10_1 Station10_3 19 15 33 22 55 23 19 41 16 8 28 13 29 15 20 15 23 47 24 39 33 48 35 1011
Station10_2 Station10_1 19 14 25 28 25 66 43 27 28 14 9 48 9 35 65 53 27 42 41 25 0 28 9 2029
Station10_2 Station10_3 29 21 3 37 19 44 27 49 30 22 22 27 12 21 28 35 21 28 35 30 23 14 49 2825
Station10_3 Station10_1 25 61 17 23 16 18 4 44 44 0 50 50 51 23 47 29 21 33 19 30 22 36 6 1024
Station10_3 Station10_2 21 0 39 26 21 19 43 4 27 33 52 23 18 42 0 7 12 15 20 23 20 41 16 2544
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Table 26 shows the simulation results of running the 9 policies on the Fab Model 
used in Chapter 7.  The results only show the data and policy name for the best 
performing policy for reducing average delay.  The metrics are all expressed in 
minutes.   

Table 26: Policy Results for Scenarios 1-50 of Fab Model 

Scenario Best Policy Average Delay Average Tardiness Maximum Delay 
1 FIFO 360.08 9.88 733.00 
2 LRPT 377.66 32.18 681.50 
3 FIFO 338.74 10.59 646.00 
4 FIFO 387.85 19.47 724.00 
5 SPT 357.53 11.54 1010.00 
6 EDD 371.83 19.68 2640.00 
7 SPT 391.55 25.25 1270.00 
8 FIFO 335.27 15.84 595.00 
9 LRPT 371.24 20.37 769.00 

10 FIFO 374.71 13.52 693.50 
11 SPT 339.86 9.62 876.00 
12 SPT 371.22 15.60 912.00 
13 SPT 391.26 10.12 973.50 
14 SPT 364.73 10.93 947.50 
15 LRPT 365.27 29.03 652.50 
16 SPT 387.49 14.95 999.50 
17 SPT 355.15 9.76 1323.00 
18 EDD 394.09 24.94 3103.00 
19 SPT 376.41 13.42 1048.00 
20 LRPT 358.24 16.65 1185.00 
21 FIFO 372.96 14.44 757.50 
22 LBFS 361.95 21.15 893.50 
23 SPT 357.59 13.45 833.50 
24 FIFO 360.29 12.96 755.00 
25 SPT 359.90 13.02 1092.00 
26 LRPT 324.39 12.64 705.50 
27 SPT 377.12 12.77 1034.00 
28 SPT 363.34 12.52 927.00 
29 SPT 370.36 9.83 1010.50 
30 LRPT 369.34 26.53 695.00 
31 LRPT 388.06 21.63 714.00 
32 FIFO 337.18 12.87 616.00 
33 SPT 362.20 8.24 797.00 
34 LRPT 368.39 14.27 797.50 
35 SPT 342.99 10.61 777.50 
36 FIFO 350.47 12.40 634.00 
37 SPT 358.20 12.54 810.00 
38 FIFO 358.13 15.39 673.00 
39 FIFO 351.56 7.92 686.00 
40 SPT 384.42 6.61 1341.00 
41 LRPT 363.02 13.96 786.00 
42 SPT 347.47 11.61 708.50 
43 EDD 364.76 31.09 2682.50 
44 SPT 354.38 7.75 1289.50 
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45 LRPT 334.15 18.10 751.50 
46 LRPT 333.03 17.14 713.50 
47 SPT 344.54 6.99 1252.50 
48 SPT 391.93 12.60 940.00 
49 FIFO 366.06 13.22 676.00 
50 SPT 373.92 11.87 872.50 
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Table 27 and Table 28 show the average delay percent reduction for the Fab 
Model used in Chapter 7 for each Critical Arc Strategy and scenario.  This 
percentage is calculated by the reduction of average delay due to the metaheuristic 
divided by the initial average delay evaluation for each scenario. 

Table 27: Average Delay % for Scenarios 1-50 of Fab Model 

Scenario DWCA(0,1,0) DWCA(-1,1,0) DWCA(0,0,1) DWCA(0,1,1) DWCA(-1,1,1) 
1 3.08% 3.15% 4.38% 3.35% 3.31%
2 2.14% 2.20% 2.12% 2.13% 2.13%
3 3.01% 3.11% 3.21% 2.91% 2.91%
4 2.32% 1.59% 1.91% 1.69% 1.69%
5 0.49% 0.45% 0.48% 0.48% 0.48%
6 1.14% 1.13% 0.67% 1.02% 1.02%
7 0.82% 0.71% 0.82% 0.82% 0.82%
8 4.97% 3.95% 4.28% 4.92% 4.85%
9 3.60% 3.60% 3.72% 3.59% 3.72%
10 2.30% 2.09% 1.66% 2.01% 1.62%
11 0.58% 0.60% 0.58% 0.58% 0.58%
12 1.18% 1.22% 1.18% 1.18% 1.18%
13 1.10% 0.91% 0.78% 1.02% 1.02%
14 0.65% 0.30% 0.66% 0.66% 0.66%
15 2.62% 2.62% 2.85% 2.63% 2.63%
16 0.98% 0.98% 1.24% 1.24% 1.24%
17 0.06% 0.06% 0.06% 0.06% 0.06%
18 0.61% 0.65% 0.50% 0.50% 0.50%
19 1.04% 1.04% 0.55% 1.04% 1.04%
20 1.13% 1.16% 1.16% 1.16% 1.16%
21 2.34% 2.52% 2.77% 2.67% 3.01%
22 1.93% 1.80% 0.97% 1.93% 2.12%
23 0.49% 0.95% 1.00% 1.02% 1.02%
24 2.31% 2.37% 2.50% 2.53% 2.55%
25 2.53% 1.12% 2.13% 2.55% 2.55%
26 0.85% 0.98% 0.74% 0.74% 0.74%
27 1.98% 1.98% 1.52% 1.89% 1.52%
28 0.68% 0.79% 0.68% 0.68% 0.68%
29 0.91% 0.32% 1.02% 1.02% 1.02%
30 1.30% 1.26% 1.76% 1.76% 1.76%
31 0.92% 0.92% 0.96% 0.96% 0.96%
32 1.55% 1.52% 1.44% 1.44% 1.44%
33 0.60% 0.28% 0.47% 0.47% 0.47%
34 1.60% 1.60% 1.43% 1.60% 1.60%
35 1.44% 1.40% 1.10% 1.13% 1.13%
36 4.77% 4.50% 4.94% 4.77% 4.82%
37 1.10% 0.25% 1.10% 1.10% 1.10%
38 0.92% 1.06% 0.74% 0.74% 0.74%
39 4.53% 3.84% 2.82% 3.04% 4.01%
40 0.70% 0.70% 0.70% 0.70% 0.70%
41 2.23% 2.30% 2.10% 2.14% 2.09%
42 1.38% 1.44% 1.42% 1.51% 1.51%
43 0.80% 0.78% 0.76% 0.80% 0.80%
44 0.49% 0.20% 0.50% 0.50% 0.50%
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45 1.93% 1.67% 1.93% 1.93% 1.93%
46 1.62% 1.53% 1.56% 1.67% 1.67%
47 0.36% 0.36% 0.33% 0.33% 0.33%
48 1.53% 1.50% 1.67% 1.67% 1.62%
49 3.78% 3.32% 4.34% 3.83% 2.89%
50 0.53% 0.07% 0.39% 0.39% 0.39%

  
Table 28: Average Delay % for Scenarios 1-50 of Fab Model 

Scenario SWCA(Path) SWCA(Arc) SWCA(Delay) EWCA(0.95) 
1 3.50% 3.53% 3.47% 4.01% 
2 2.13% 2.14% 2.14% 2.14% 
3 3.21% 3.21% 3.32% 3.32% 
4 1.91% 1.91% 1.91% 1.69% 
5 0.45% 0.48% 0.49% 0.16% 
6 0.67% 0.68% 0.54% 1.02% 
7 0.82% 0.82% 0.82% 0.82% 
8 5.11% 5.10% 4.34% 4.34% 
9 3.71% 3.70% 3.71% 3.60% 
10 1.87% 1.68% 2.09% 2.06% 
11 0.58% 0.56% 0.56% 0.58% 
12 1.18% 1.18% 0.96% 0.96% 
13 0.96% 0.96% 0.78% 0.78% 
14 0.67% 0.62% 0.00% 0.00% 
15 2.80% 2.82% 2.85% 2.85% 
16 1.23% 1.24% 1.09% 0.98% 
17 0.06% 0.06% 0.06% 0.06% 
18 0.54% 0.61% 0.58% 0.62% 
19 0.55% 0.65% 0.65% 1.04% 
20 1.16% 1.14% 1.16% 1.16% 
21 2.71% 2.71% 2.65% 2.86% 
22 0.97% 0.97% 0.97% 0.97% 
23 0.49% 0.49% 0.49% 0.49% 
24 2.45% 2.60% 2.50% 2.59% 
25 2.13% 1.10% 1.10% 2.13% 
26 0.74% 0.74% 0.85% 1.02% 
27 1.52% 1.52% 1.89% 1.89% 
28 0.68% 0.48% 0.68% 0.61% 
29 0.91% 0.91% 1.02% 1.02% 
30 1.76% 1.88% 1.79% 1.30% 
31 0.92% 1.09% 0.92% 0.92% 
32 1.44% 1.44% 1.44% 1.44% 
33 0.00% 0.47% 0.00% 0.47% 
34 1.60% 1.44% 1.41% 1.46% 
35 1.09% 1.09% 1.32% 1.33% 
36 4.94% 4.88% 4.84% 4.88% 
37 1.10% 1.10% 1.10% 1.10% 
38 0.74% 0.92% 0.92% 0.92% 
39 2.82% 2.44% 3.21% 3.44% 
40 0.70% 0.70% 0.70% 0.70% 
41 2.10% 1.99% 1.97% 3.24% 
42 1.42% 1.28% 1.28% 1.28% 
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43 0.76% 0.80% 0.80% 0.80% 
44 0.50% 0.50% 0.50% 0.50% 
45 1.93% 1.86% 1.76% 1.93% 
46 1.56% 1.56% 1.56% 1.56% 
47 0.33% 0.36% 0.36% 0.36% 
48 1.53% 1.53% 1.53% 1.53% 
49 4.25% 4.06% 4.06% 3.94% 
50 0.39% 0.39% 0.39% 0.39% 
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Table 29 and Table 30 show the average tardiness percent reduction for the Fab 
Model used in Chapter 7 for each Critical Arc Strategy and scenario.  This 
percentage is calculated by the reduction of average tardiness due to the 
metaheuristic divided by the initial average tardiness evaluation for each scenario. 

Table 29: Average Tardiness % for Scenarios 1-50 of Fab Model 

Scenario DWCA(0,1,0) DWCA(-1,1,0) DWCA(0,0,1) DWCA(0,1,1) DWCA(-1,1,1) 
1 23.23% 23.75% 25.71% 24.54% 24.54%
2 19.84% 24.57% 19.84% 19.84% 19.84%
3 20.40% 29.78% 39.18% 36.76% 36.76%
4 30.59% 18.40% 16.89% 19.06% 19.06%
5 0.00% -1.33% 0.00% 0.00% 0.00%
6 1.92% 1.92% 0.75% -1.07% -1.07%
7 0.89% 1.09% 0.89% 0.89% 0.89%
8 25.53% 25.33% 28.41% 29.66% 28.61%
9 23.51% 23.51% 25.61% 25.11% 23.92%
10 30.08% 26.38% 14.80% 12.62% 14.85%
11 2.53% 0.00% -2.27% -2.27% -2.27%
12 0.29% 1.31% 0.29% 0.29% 0.29%
13 0.00% 0.00% 0.00% 0.00% 0.00%
14 0.00% -0.59% -0.59% -0.59% -0.59%
15 13.29% 13.29% 14.20% 14.44% 14.44%
16 -1.29% -1.29% 5.19% 5.19% 5.19%
17 3.33% 0.00% -4.73% -4.73% 3.33%
18 -1.51% -1.51% -1.51% -1.51% -1.51%
19 18.87% 18.87% 4.82% 18.87% 18.87%
20 18.93% 25.32% 25.32% 25.32% 25.32%
21 0.89% 22.19% 3.42% 5.81% 8.74%
22 32.37% 30.18% 15.40% 32.37% 35.09%
23 0.57% 4.81% 3.29% 3.29% 3.29%
24 5.29% 12.47% 19.05% 19.15% 19.05%
25 11.27% 8.52% 5.07% 7.82% 7.82%
26 26.17% 36.13% 22.01% 22.01% 22.01%
27 25.25% 25.25% 20.63% 25.25% 20.63%
28 0.87% 16.14% 0.87% 0.87% 0.87%
29 0.00% 0.00% 9.39% 9.39% 9.39%
30 14.28% 13.03% 15.39% 15.39% 15.39%
31 3.94% 3.94% 5.78% 5.78% 5.78%
32 15.90% 16.89% 25.76% 25.76% 25.76%
33 0.16% 15.40% 1.40% 1.40% 1.40%
34 19.26% 19.26% 19.26% 19.26% 19.26%
35 16.01% 22.47% 12.14% 9.13% 9.13%
36 34.13% 33.93% 34.75% 34.13% 34.13%
37 3.22% 0.61% 3.22% 3.22% 3.22%
38 11.62% 12.04% 11.52% 11.52% 11.52%
39 16.60% 12.80% 38.31% 37.34% 26.17%
40 0.00% 0.00% 0.00% 0.00% 0.00%
41 21.42% 26.56% 23.72% 31.52% 23.53%
42 28.25% 32.34% 30.07% 32.67% 32.67%
43 1.09% 1.59% 1.09% 1.09% 1.09%
44 7.99% 7.45% 7.49% 7.49% 7.49%
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45 17.07% 17.07% 17.07% 17.07% 17.07%
46 33.12% 22.42% 25.83% 31.22% 31.22%
47 0.21% 1.83% 1.83% 1.83% 1.83%
48 -1.14% -3.97% -2.57% -2.57% -1.14%
49 25.18% 36.24% 42.44% 38.61% 34.14%
50 -5.88% 0.00% -1.35% -1.35% -1.35%

  
Table 30: Average Tardiness % for Scenarios 1-50 of Fab Model 

Scenario SWCA(Path) SWCA(Arc) SWCA(Delay) EWCA(0.95) 
1 25.71% 0.26% 5.40% 25.71% 
2 19.84% 19.84% 19.84% 19.84% 
3 39.18% 39.18% 30.63% 30.63% 
4 16.89% 16.89% 16.89% 19.06% 
5 0.00% 0.00% 0.00% -1.33% 
6 0.68% 0.75% -2.31% -1.07% 
7 0.89% 0.89% 0.89% 0.89% 
8 22.78% 22.50% 24.93% 24.93% 
9 25.49% 22.88% 25.49% 23.51% 
10 24.20% 14.80% 26.38% 21.77% 
11 -2.27% -2.33% -2.33% -2.27% 
12 0.29% 0.29% 0.29% 0.29% 
13 0.00% 0.00% 0.00% 0.00% 
14 -0.59% -0.59% 0.00% 0.00% 
15 13.65% 13.49% 14.20% 14.20% 
16 5.19% 5.19% -0.01% 1.79% 
17 -4.73% -4.73% -4.73% -4.73% 
18 -1.51% -1.51% -1.51% -1.51% 
19 4.82% 0.61% 0.61% 18.87% 
20 25.32% 18.93% 25.32% 25.32% 
21 6.26% 6.26% 11.14% 5.81% 
22 15.40% 15.40% 15.40% 15.40% 
23 0.57% 0.57% 0.57% 0.57% 
24 19.05% 19.15% 19.05% 22.51% 
25 5.07% 5.07% 5.07% 5.07% 
26 22.01% 22.01% 26.17% 27.20% 
27 20.63% 20.63% 25.25% 25.25% 
28 0.87% 1.23% 0.87% 0.00% 
29 0.00% 0.00% 9.39% 9.39% 
30 15.39% 12.69% 18.69% 14.28% 
31 3.94% 6.61% 3.94% 3.94% 
32 25.76% 25.76% 25.76% 25.76% 
33 0.00% 1.40% 0.00% 1.40% 
34 19.26% 15.31% 15.31% 14.55% 
35 13.71% 13.71% 12.87% 16.25% 
36 34.75% 34.55% 35.17% 34.55% 
37 3.22% 3.22% 3.22% 3.22% 
38 11.52% 11.62% 11.62% 11.62% 
39 38.31% 32.38% 39.02% 47.62% 
40 0.00% 0.00% 0.00% 0.00% 
41 23.72% 17.56% 17.56% 30.05% 
42 30.07% 25.05% 25.05% 25.05% 
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43 1.09% 1.09% 1.09% 1.09% 
44 7.49% 7.49% 7.49% 7.49% 
45 17.07% 16.89% 17.07% 17.07% 
46 23.68% 23.68% 25.83% 25.83% 
47 1.83% 1.83% 1.83% 1.83% 
48 -1.14% -1.14% -1.14% -1.14% 
49 45.54% 45.93% 45.93% 39.05% 
50 -1.35% -1.35% -1.35% -1.35% 
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Table 31and Table 32 show the maximum delay percent reduction for the Fab 
Model used in Chapter 7 for each Critical Arc Strategy and scenario.  This 
percentage is calculated by the reduction of maximum delay due to the 
metaheuristic divided by the initial maximum delay evaluation for each scenario. 

Table 31: Maximum delay % for Scenarios 1-50 of Fab Model 

Scenario DWCA(0,1,0) DWCA(-1,1,0) DWCA(0,0,1) DWCA(0,1,1) DWCA(-1,1,1) 
1 5.53% 5.53% -3.21% -5.66% -5.66%
2 6.09% 6.16% 6.09% 6.09% 6.09%
3 -3.48% -3.48% -2.40% -3.48% -3.48%
4 -2.42% 3.45% 3.52% -6.15% -6.15%
5 0.00% 0.00% 0.00% 0.00% 0.00%
6 0.00% 0.00% -0.36% 0.00% 0.00%
7 0.00% 0.31% 0.00% 0.00% 0.00%
8 5.29% -0.17% 3.28% 3.61% 3.03%
9 0.78% 0.78% 0.78% 0.78% 0.78%
10 1.15% 1.15% 1.15% 1.95% 1.15%
11 0.40% 0.00% 0.40% 0.40% 0.40%
12 0.00% 0.00% 0.00% 0.00% 0.00%
13 0.77% 0.77% 0.00% 0.77% 0.77%
14 0.00% -0.11% -0.11% -0.11% -0.11%
15 -3.22% -3.22% -0.08% -3.22% -3.22%
16 0.00% 0.00% 0.00% 0.00% 0.00%
17 0.00% 0.00% 0.00% 0.00% 0.00%
18 0.16% 0.16% 0.16% 0.16% 0.16%
19 -0.57% -0.57% -0.57% -0.57% -0.57%
20 0.00% 0.00% 0.00% 0.00% 0.00%
21 5.74% 2.05% -2.05% -2.05% -2.05%
22 0.00% 0.00% 0.00% 0.00% 0.00%
23 0.96% 3.78% 3.78% 3.78% 3.78%
24 9.40% 9.40% 8.48% 9.34% 8.48%
25 6.41% 2.75% 6.41% 6.41% 6.41%
26 0.00% 0.00% 0.00% 0.00% 0.00%
27 4.74% 4.74% 0.00% 4.74% 0.00%
28 0.27% 0.27% 0.27% 0.27% 0.27%
29 1.43% 0.00% 1.43% 1.43% 1.43%
30 0.00% 0.00% 0.00% 0.00% 0.00%
31 3.43% 3.43% 3.43% 3.43% 3.43%
32 -7.22% -7.22% -2.27% -2.27% -2.27%
33 -0.19% 0.00% 0.00% 0.00% 0.00%
34 1.50% 1.50% 1.50% 1.50% 1.50%
35 -2.06% -2.19% -3.22% -3.22% -3.22%
36 3.39% 3.08% 3.39% 3.39% 3.39%
37 -0.06% 0.00% 0.56% 0.56% 0.56%
38 0.00% -0.45% 0.00% 0.00% 0.00%
39 8.53% 2.70% -0.87% 4.30% 1.31%
40 0.41% 0.41% 0.41% 0.41% 0.41%
41 3.05% 3.05% 3.05% 3.05% 3.05%
42 0.00% 0.00% 0.00% 0.00% 0.00%
43 0.47% 0.47% 0.47% 0.47% 0.47%
44 0.00% 0.00% 0.00% 0.00% 0.00%
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45 0.00% 0.00% 0.00% 0.00% 0.00%
46 -0.14% -0.14% -0.14% -0.14% -0.14%
47 -0.40% -0.40% -0.40% -0.40% -0.40%
48 0.74% 1.38% 7.98% 7.98% 9.84%
49 -0.81% 1.70% -1.70% -1.70% -1.70%
50 0.00% 0.00% 0.00% 0.00% 0.00%

  
Table 32: Maximum delay % for Scenarios 1-50 of Fab Model 

Scenario SWCA(Path) SWCA(Arc) SWCA(Delay) EWCA(0.95) 
1 -5.66% -2.25% -2.80% -3.21% 
2 6.09% 6.09% 6.09% 6.09% 
3 -2.40% -2.40% -2.40% -2.40% 
4 3.52% 3.52% 3.52% 3.45% 
5 0.00% 0.00% 0.00% 0.00% 
6 -0.36% -0.36% -0.36% 0.00% 
7 0.00% 0.00% 0.00% 0.00% 
8 5.29% 5.29% 3.28% 3.28% 
9 0.78% 0.78% 0.78% 0.78% 
10 1.15% 1.15% 1.15% 1.15% 
11 0.40% 0.40% 0.40% 0.40% 
12 0.00% 0.00% 0.00% 0.00% 
13 0.00% 0.00% 0.00% 0.00% 
14 -0.11% -0.11% 0.00% 0.00% 
15 -0.08% -0.08% -0.08% -0.08% 
16 0.00% 0.00% 0.00% 0.00% 
17 0.00% 0.00% 0.00% 0.00% 
18 0.16% 0.16% 0.16% 0.16% 
19 -0.57% -0.57% -0.57% -0.57% 
20 0.00% 0.00% 0.00% 0.00% 
21 -2.05% -2.05% -2.05% -2.18% 
22 0.00% 0.00% 0.00% 0.00% 
23 0.96% 0.96% 0.96% 0.96% 
24 8.48% 9.34% 8.48% 8.48% 
25 6.41% 2.75% 2.75% 6.41% 
26 0.00% 0.00% 0.00% 0.00% 
27 0.00% 0.00% 4.74% 4.74% 
28 0.27% 0.27% 0.27% 0.27% 
29 1.43% 1.43% 1.43% 1.43% 
30 0.00% 0.00% 0.00% 0.00% 
31 3.43% 3.92% 3.43% 3.43% 
32 -2.27% -2.27% -2.27% -2.27% 
33 0.00% 0.00% 0.00% 0.00% 
34 1.50% 1.50% 1.50% 1.32% 
35 -2.06% -2.06% -2.06% -2.06% 
36 3.39% 3.39% 3.39% 3.39% 
37 0.56% -0.06% -0.06% -0.06% 
38 0.00% 0.00% 0.00% 0.00% 
39 -0.87% 4.30% 4.30% 3.79% 
40 0.41% 0.41% 0.41% 0.41% 
41 3.05% 3.05% 3.05% 3.05% 
42 0.00% 0.00% 0.00% 0.00% 
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43 0.47% 0.47% 0.47% 0.47% 
44 0.00% 0.00% 0.00% 0.00% 
45 0.00% 3.19% 0.00% 0.00% 
46 -0.14% -0.14% -0.14% -0.14% 
47 -0.40% -0.40% -0.40% -0.40% 
48 0.74% 0.74% 0.74% 0.74% 
49 -1.70% -1.70% -1.70% -7.32% 
50 0.00% 0.00% 0.00% 0.00% 
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