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Abstract

Scheduling problems can be found in almost any field of application in the real

world. These problems may not only have different characteristics but they also

imply more or less complex requirements. One specific class within this domain

is the cyclic job-shop problem. It occurs in various areas reaching from indus-

trial production planning down to the systems architecture of computers. With

manufacturers in particular, one can find increasing demand for effective solution

methods in order to tackle these scheduling problems efficiently.

This thesis will deal with the Cyclic Job-Shop Problem with Blocking and Trans-

par·tation. It arises in modern manufacturing companies, where the products move

automatically between the different workstations, for instance.

The problem itself is not new to the researchcommunity, but hardly any work has

been done in solving it. Within this thesis we will try to close this gap and present

some first approaches, discussing the structure of the problem and how it can be

solved. As a result, we will provide three different solution methods, including

an integer programming formulation, which is solved with a commercial solver, a

branch and bound algorithm and a tabu searchheuristic. All algorithms are tested

on a range of data sets and compared with each other.

Additionally, we have worked on a polynomial solvable subproblem, which has

gained more interest in the literature. As a result, a new polynomial algorithm,

that outperforms the existing ones in theory as well as in empirical tests (except

for some special cases) is presented.

This thesis concludeswith a discussion about ideasof how to improve the presented

methods and some other extensions to the investigated problem.
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Chapter 1

Introduction

1.1 Background and Motivation

Scheduling problems have been investigated over more than fifty years. A great interest

for the study of these problems is their applicability to real world problems. Important

applications of interest are machine scheduling and project planning. At the beginning

of researchin this area, the problem constraints were kept very simple. Early work in

project planning, for instance, only considered scheduling situations with precedence

constraints between activities, assuming that sufficient resources (machines, workers,

space, material, etc.) to perform the activities were available. Over the years, more

constraints have been introduced, which also coincided with the fact that modern com-

puters could solve larger problems in time horizons that were realistic and useful in

practice. So, the problem definition developed from a few simple constraints to more

sophisticated and more complex problem definitions (cf. Brucker and Knust (2005)).

Today, processautomatisation and assemblyline production are key factors for modern

industry. It is, therefore, of great interest to have good, reliable, and flexible methods

for supporting production planning. One problem that derives from those manufac-
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1. INTRODUCTION

turing environmentsis the cyclic job-shopproblemwith transportation and blocking

(CJSPTB).

A practical exampleof wherethis problemarisesis a modern furniture factory. It

produceschairs,tables,wardrobes,andmanyother things. Theseobjectsarethe jobs.

Everyjob hasto passdifferentmachinesthrough its productionprocess(saws,drills,

ploughsand varnishingstations). The processingof a job at one of thesemachines

is calledan operation. Obviously,theseoperationshaveto be executedin a specific

order for every job and might take different times. We assumethat the machines

can only processonejob at a time and that a machinehasno spaceto store a job

whenit is finished(blocking).The transport of the jobs betweenthe machinesis done

automaticallyby a singletransport robot which can alsoonly transport onejob at a

time. Sincea factory is usuallynot producingjust oneitem of eachjob, weconsidera

massproductionenvironment,whereeveryjob hasto beproducedoverandoveragain

(cyclic). Note that this is just an exampleof the problem.A precisedefinition will be

givenin Chapter2. As onecan imagine,the CJSPTB is not just of great theoretical

interest,but it alsoarisesin manypractical applications,which is oneof the reasons

why wehavechosenit for this work.

1.2 Aims and Scope

The purposeof this dissertationis to provide a contribution for understandingand

solving the cyclic job-shopproblemwith transportation and blocking. The problem

is known to be NP-hard, which might be·one of the reasons,why it has not been

excessivelystudied.Also, the blockingsituation makesit moredifficult to find feasible

solutions,sinceit significantly restricts the total numberof them comparedto the

non-blockingcase.

Wediscusstwo main problemsin this thesis.Firstly, weconsidera descriptionof fea-

6



1.3 Contributions of this Thesis

sible solutions for the CJSPTB. In addition to that, different algorithms are presented

to check if a given solution is feasible and to calculate the objective value. (We will

seethat this is not as straightforward as it is for other NP-hard problems.) Secondly,

we look at different approachesto solve the general problem. Within this, we consider

exact as well as heuristical methods. It is important for us not to just present theo-

retical results. We also apply all developed algorithms or solution methods to explicit

problems of different sizesand compare their practical performances.

1.3 Contributions of this Thesis

In the following we summarise the contributions of the different sections within this

work.

• Chapter 3

- Section 3.1: An overview about the heights of different cyclic scheduling

models, especially their interpretations and the theory of overlapping oper-

ations.

Section 3.2: The theory of blocking-feasible robotic cycles and a simple

method to verify this.

- Section 3.5: A new algorithm to solve the CJSPTB for a given robotic cycle,

that (except for special cases)outperforms the existing onesin the literature

theoretically (cf. Lemma 3.5.2) and basedon experimental results.

- Section 3.6: A computational comparison of three algorithms (including our

own) solving the cyclic job-shop problem with transportation for a given

robotic cycle on various data sets of different sizes.

• Chapter 4

7



1. INTRODUCTION

- Section4.1.1: An adaptation of a mixed integer programming model to our

problem formulation of the CJSPTB.

- Section4.1.2: A newmixed integerprogrammingformulation for the CJSPTB

basedon overlappingoperations.

- Section4.2: An efficient method to construct feasiblerobotic cyclesand an

integration into a branch and bound procedure.

- Section 4.3: A new neighbourhood for the CJSPTB embeddedin a tabu

searchheuristic.

- Section4.4: A probleminstancegeneratorto createdata setsfor the CJSPTB

of different sizesand properties.

- Section4.5: A comparisonof the experimental results on various data sets

using all previously presentedsolution methods.

1.3.1 Publications Produced and PresentationsGiven basedon the

Work in this Thesis

The following work has been produced during the creation of this thesis. Although

material from all of them has beenassimilatedinto the thesis as a whole, they can be

assignedas belongingparticularly to the following specific following chapters.

Journal Publications and Submissions

• Section3.5

- Peter Brucker, Edmund K. Burke, and Sven Groenemeyer. A novel graph

theoretical approach for cyclic job-shop problems. Submitted to Annals of

OperationsResearch,September2010.

• Section4.1.2

8



1.3 Contributions of this Thesis

- Peter Brucker, Edmund K. Burke, and Sven Groenemeyer. A mixed integer

programming model for the cyclic job-shop problem with transportation.

Discrete Applied Mathematics, 2012.

• Section 4.2

Peter Brucker, Edmund K. Burke, and Sven Groenemeyer. A branch and

bound algorithm for the cyclic job-shop problem with transportation. Com-

puters 8 Operations Research, 2012.

Conference Publications and Talks

• Section 2.2

- Peter Brucker, Edmund K. Burke, and Sven Groenemeyer. Cyclic job-shop

problems with transport robots. Student Conference on Operational Re-

search, SCOR 2009, Lancaster, March 2009.

• Section 3.5

- Peter Brucker, Edmund K. Burke, and Sven Groenemeyer. A fast algorithm

for the cyclic job-shop problem with one transport robot and blocking. Stu-

dent Conference on Operational Research, SCOR 2010, Nottingham, April

2010.

• Section 4.2

- Peter Brucker, Edmund K. Burke, and Sven Groenemeyer. A fast algorithm

for the cyclic job-shop problem with one transport robot, blocking, setup

times and a fixed robotic cycle. The 12th International Workshop on Project

Management and Scheduling, PMS 2010, Tours - Loire Valley, France, April

2010.

9



1. INTRODUCTION

TechnicalReports and Manuals

• Section4.4

- PeterBrucker,EdmundK. Burke,and SvenGroenemeyer.ProblemGener-

ator: Generatingprobleminstancesfor cyclicjob-shopproblemwith trans-

portation. Universityof Nottingham,November2008,manual.

1.4 Structure of the Thesis

The main body of the thesis is separatedinto 4 chapters. Chapter 2 starts with a

problem definition of the classicalnon-cyclicjob-shopproblem and someadditional

constraints.This shouldhelp everyonewho doesnot havea broadbackgroundin job-

shopschedulingto get a generalimpressionand basicunderstandingabout this area.

From there, it builds up definingthe main problemof the thesis. The cyclic job-shop

problemwith transportationandblocking(CJSPTB).Furthermore,wegivea literature

reviewand descriptionof the previouswork undertakenin the field.

In Chapter3, weconsidera specificpolynomiallysolvablesubproblemof the CJSPTB,

wherethe robotic cycle is given in advance.We discussdifferent algorithmsto solve

this problemand presenttheoreticalaswell asempiricalresults.

Approachesto solvethe generalCJSPTBarepresentedin Chapter4. Two mathemat-

ical programmingmodels,a branchand boundprocedureand a tabu searchheuristic

arediscussedand experimentalresultsareshown.

Finally, the thesisis concludedwith somediscussionin Chapter5. All notationsthat

are usedwithin this work is summarisedin a glossaryat the end of this dissertation

(cf. page211).

10



Chapter 2

Problem Definition and

Literature Review

Introduction

The classical job-shop problem is a well known combinatorial optimisation

problem which (including its variations) has been widely studied by numer-

ous authors over the last few decades. Within this chapter, we start de-

scribing the classical job-shop problem, followed by introducing additional

constraints (time windows, blocking) that are also very common in the lit-

erature. Furthermore, a transport robot is added to the problem and leads

to additional constraints. The first part of this chapter concludes with a

literature review.

Even if the classicaljob-shop problem is not the major part of this thesis, it

still builds the foundation to it. For that reason,we included it in this work.

11



2. PROBLEM DEFINITION AND LITERATURE REVIEW

In our opinion, it makesit easierto understand the secondpart (Section 2.2),

in which we present the cyclic version of the job-shop problem. Especially

readerswith lessexpertise in cyclic (or evennon-cyclic) schedulingproblems

should get a good impression and basic understanding about the problem.

The cyclic job-shop problem has many practical applications in the real

world. We introduce different models from the literature and illustrate

them with small examples. As in the non-cyclic case before, a transport

robot is introduced to formulate the main problem of this thesis. The cyclic

job-shop problem with transportation and blocking (cf. Section 2.2.5). We

end the chapter with a literature review about cyclic scheduling problems

and its variation.

For the reader'sconvenience,a glossaryabout all symbols, signsand variable

names used within this work is added to the end of this thesis.

12



2.1 The ClassicalJob-Shop Problem

2.1 The ClassicalJob-ShopProblem

2.1.1 The Basic Model

The problem can be formulated as follows. We are given a set of N jobs 11, h, ... ,IN.

Each Job lj consists of a set of nj operations. There are different notations for the

operations in the literature. One is that the i-th operation of job lj is denoted by Oij

with i E {I, ... ,nj}. Another simplified way, which will mostly be used in this work,

is to consecutively number the operations in the form i with i E {I, 2, ... , n} and n =

z=f=l nj. This means that the operations 1, ... ,nl belong to job 11, nl + 1, ... , nl +n2

belong to h, and so on. (We will occasionally refer to the first notation, if needed,

in the case of ambiguity.) The set of all operations is denoted by o. Furthermore,

let l(i) E {ll, ... ,.IN} be the job operation i belongs to. The operations of each job

have to be processed in ascending order. For instance job .II has the processing order

1 -+ 2 -+ ... -+ nI, Jz has nl + 1 -+ nl + 2 -+ ... -+ n2 and so on. In general,

it can be stated that the processing order of job lj is Olj -+ 02j -+ ... -+ Onj,j.

These processing orders are called precedence constraints. Considering this order, let

pre( i) (respectively suc( i)) be the preceding (respectively succeeding) operation of i,

in case it exists. Every operation has to be processed on one specified machine out

of m machines Ml, ... ,Mm. The machine, operation i E 0 will be processed upon, is

denoted by M(i). If two succeeding operations of the same job are processed on the

same machine, we simply combine those two operations into one. Each machine can

only process one job at a time. Every operation i has a given processing time Pi ~ 0

for which it has to stay at machine J\;I(i) and we assume that preemption is not allowed

(that means a job cannot stop its processing on one machine and continue later). For

each operation i E 0 let Si be the starting time of operation i. Thus, for an operation

13



2. PROBLEM DEFINITION AND LITERATURE REVIEW

i and its direct successorsuc(i) the following has to hold:

(2.1)

for all i E n where suc( i) E n exists. These restrictions are called precedence con-

straints. In this first part, we assumethat there is sufficient buffer spacebetweenthe

machinesto temporarily store a job if it is finished on one machineand the succeeding

machine is still occupied by another job. (In the next subsectionwe will introduce

the so called blocking constraints, where machinesdo not have such a buffer. There

is also the possibility to considerscenarioswith limited buffers. However,the problem

constraints will becomea lot more complexand would exceedthe scopeof this thesis.)

The time for a job to movefrom one machineto another or to a buffer zoneis assumed

to be included in the processingtime. Thus, a job can continue its processingon the

next machineimmediately after finishing on the current machine. For two operations

i,j E n that have to be executed by the same machine M(i) = M(j), one of the

following machineconstraints has to hold:

either Si + Pi ::; s,

or Sj + Pj ::; Si.

(2.2)

We call these constraints machine constraints. Note that for reentrant jobs, which

meansthat the samejob can visit the samemachineseveraltimes, the machine con-

straints are dominated by the precedenceconstraints (2.1).

A commonway of representingthoseproblem is the Disjunctive Graph Model and this

hasbeenintroduced in connectionwith the Program Evaluation and Review Technique

(PERT). In this representation,we considera graph G = (V,E UD) whereV is the set

of nodesand E, D are setsof conjunctive and disjunctive arcs connecting the nodes.

For the job-shop problem, there is a node for every operation and every arc in E

14



2.1 The Classical Job-Shop Problem

(respectively D) represents a precedenceconstraint (respectively machine constraint).

Note that the set E consists of directed arcs and the set D of directed arc pairs.

Formally, we define:

E ={(i, j) I J(i) = J(j) and suc(i) = j},

D ={(i, j), (j, i) I M(i) = M(j)}.

To every arc (i,j) E E U D, we assign a length which is equivalent to the processing

time Pi of operation i. Additionally, there are two special dummy operations 0 and

* indicating the start and the end of the schedule. The processing times of those

operations is set to Po = P* = O. To the graph, we add a directed arc of length 0 from

the dummy start node to any other node without a predecessor(Olj for j = 1, ... , N).

From every node i without successor(Onj,j for j = 1, ... , N), we set suc(i) = * and

add a directed arc of length Pi to the dummy end node *.

The basic scheduling decision now is to define an ordering of the operations processed

on the samemachines. This can be done by choosing an arc from eachpair in D. Such

a set of directed disjunctive arcs is called a selection A s;:; D. A selection A is called

complete if A contains exactly one arc of each pair out of D. Note that choosing one

of every disjunctive arc pair is equivalent to fixing the order of the jobs processedon

the same machine. The disjunctive graph model as a representation for the job shop

problem was first proposed by Roy and Sussman (1964). A complete selection can be

used to determine a feasible solution for the job-shop problem. Thereby, a solution

is defined by a schedule S consisting of the starting times of all operations Si with

i E n. For a graph G(A) representing a solution of a job-shop problem, the starting

time Si of each operation i is equivalent to the longest path from 0 to i. We call a

schedule S = (Si)?=l feasible if and only if constraints (2.1) and (2.2) hold and the

corresponding graph G(A) contains no cycle. We always assumethat the starting time

15



2. PROBLEM DEFINITION AND LITERATURE REVIEW

of the dummy start operation is 80 = O. The objective of the job-shop problem is to

find a feasibleschedulethat minimises the makespanCmax = ~8x.Ci' where Ci = 8i+Pi
t=1

is the completion time of operation i. In a given graph with a feasible selection, the

makespan is equivalent to the length of the longest path from 0 to *. For further

explanations of and other results, seeShtub et al. (1994). The following example shows

a problem and a corresponding feasible schedule.

Example 2.1.1. Consider a job-shop problem with N = 2 jobs and m = 3 machines.

Both jobs Ji and J2 consist of nl = n2 = 3 operations and h is a reentrant job. The

processing times and the machine allocation are given in the following table.

Job

Operation 1 2 3 4 5 6

Processing time 3 5 2 3 8 2

Machine M2 M3 u, u, M2 u,

It follows that the precedence constraints are

Constraints (2.2) are of the following form

Ml ,{

either 83 + 2 :s; 84 and 84+ 3 :s; 86 and 83 + 2 :s; 86

or 84 + 3 :s; 83 and 83 + 2 :s; 86 and 84 + 3 :s; 86

or 84 + 3 :s; 86 and 86 + 2 :s; 83 and 84 + 3 :s; 83

M2: either 81 + 3 :s; 85 or 85 + 8 :s; 81

Note that there are also constraints for the reentrant job h in which the processing of

operation 6 starts before the processing of operation 4 (e.g. 86 + 2 :s; 84) for machine

MI. However, those constraints are contradictory to the precedence constraints and

therefore we exclude them in advance. Figure 2.1(a) respectively 2.1(b) show a feasible

16



2.1 The ClassicalJob-ShopProblem

respectively infeasible selection of the machine constraints. In the infeasible selection,

there is a cycle 1 --+ 2 --+ 3 --+ 4 ---+ 5 --+ 1 with length 21 that is highlighted by bold arcs.

For choosing 84+ 3 'S 83, 83+ 2 'S 86 and 81+ 3 'S 85 a feasible schedule is presented

(a) Feasible machine sequence (b) Infeasible machine sequence

Figure 2.1: Directed graphs for Example 2.1.1

in Figure 2.2. It is optimal for this problem with Cruax= 13.

I

Figure 2.2: Schedulefor Example 2.1.1

2.1.2 Blocking Constraints

Assume that there is no buffer to store a job after it has finished its processingon a

machine and the next machine is still occupied by another job. Then the job has to

remain on the current machineand blocks it until the next machinebecomesavailable.

We call such an operation of this job a blocking operation. Obviously, blocking opera-

tions may delay the start of successiveoperations on the samemachine. Let us consider

two operations i, j which have to be processedon the samemachine and assumethat

i is a blocking operation. If operation i is going to be processedfirst on M (i), then

17



2. PROBLEM DEFINITION AND LITERATURE REVIEW

suc(i) has to start at the sametime or beforej can start. (Otherwise M(i) would still

be blockedby i.) Hence,we get the relation:

SSUC(i) ::; s, for all (i,j) EA, M(i) = M(j), i is blocking. (2.4)

If an operation i can be stored after its processinghas beenfinished and the next job

on this machine can start, then i is called a non-blocking operation. In the classical

job-shop problem for instance, the last operation of every job is always assumedto

be a non-blocking operation. According to the PERT representation, for every two

blocking operationsi, j that haveto beprocessedon the samemachineM (i) = M (j) we

introduce two directed alternative arcs (suc(i),j) and (suc(j), i). In a feasiblesolution,

oneof thesearcshasto be chosen,suchthat no cycleexists in the correspondinggraph.

2.1.3 Time Window Constraints

As we havementionedbefore,every job has to stay at a machineM(i) for at least its

processingtime Pi. Hence,someauthors refer to this minimal processing time as prin.

Furthermore, one can introduce a maximum processing time prax 2:: prin, defining

the time job J(i) can stay at longest at machine M(i). Note that this maximum

processingtime only makessense,if there is no or only a limited buffer at machine

M(i) to storeoperationsthat havefinishedtheir processingat this machine. In practice,

thoseminimum and maximum processingtimes are used,for instance, in circuit board

printing, where the job has to passthrough different acid baths. It needsto stay in a

bath for a minimum time, but cannot exceeda given duration, becausethis could ruin

the board.

Those processing time windows can be generalisedto minimal and maximal time lags

between the starting times of two operations. Therefore, let i, j E {1, ...,n} be two

operations with i =1= j and Si respectively Sj their starting times. We have a time lag
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di,j between Si and Sj if

(2.5)

We call di,j 2: 0 a minimum time lag and di,j :S: 0 a maximum time lag. If there exists

a minimal time lag di,j 2: 0 between i and j, then j has to start at least di,j time units

after the start of i. On the other hand, if we have a maximal time lag di,j :S: 0, i.e

Si :S: Sj + Idi,j I, then operation i cannot start later than Idi,j I time units after j has

been started.

By using minimum and maximum time lags, several restrictions can be added to the

general job-shop problem, for example:

1. Release times, where an operation i cannot start earlier (respectively deadlines

where a job cannot start later) than a specific time, can be modeled by minimum

(respectively maximum) time lags between the dummy start operation 0 of the

schedule and i.

2. If operation i has to start exactly at time T, we introduce minimum and maximum

time lags such that dO,j = -dj,o = T.

3. The so called no-wait constraint implies that operation j has to be carried out

directly and without delay after activity i, so Sj - Si = Pi. Therefore we introduce

minimum and maximum time lags such that di,j = -dj,i = Pi.

4. As mentioned before, if an operation i has a minimum and a maximum duration

of processing, then the processing time of i is bounded by a time window, i.e.

Pi E [prin, prax]. That means, the earliest finishing point in time of i is Si +pr1in

and the latest is Si + p~nax. Hence, for an operation j which follows i we have the

time lags di,j := prin and dj,i := _pr1ax.
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Those time lags can be representedin our current PERT graph as follows. As before,

the nodes V in Graph G = (V, E U A) are representing the start of an activity. For

every minimum time lag di,j ~ 0, we introduce an arc (i, j) of length di,j. On the other

hand, for every maximum time lag di,j ~ 0 we introduce an arc (j, i) of lengths -di,j.

Note that, if in (2.5) we set di,j = Pi we get the sameconstraints as in (2.1) and (2.2).

2.1.4 Transportation Constraints

Sofar, we haveassumedthat, at the time ajob hasfinished its processingon a machine,

it moves automatically and without any delay directly to the next machine (in the

blocking case, only if this machine is free). However, in many industrial production

lines this move is done by a transport robot (or automated guided vehicle). This means

that after a job has finished its processing on a machine, a robot unloads the job,

transports it to the next machine and loads the job onto that machine. After a job

has been transported to, and loaded onto the machine, the robot either stays at this

machine until the job is finished and unloads it, or movesempty to another machine.

Of course,the robot needssometime to perform thesetasks, which has to be taken into

account. Within this work, we restrict ourselvesto a single transport robot. Scenarios

where multiple robots are allowed have additional problem constraints. For instance,

physical collisions of two robots needsto be avoided. Especially for practical purposes

this would be an interesting point. To provide a fundamental understanding and a

variety of different approaches for a problem within this thesis, we chose the single

robot scenario. However, the multiple robot problem is definitely an interesting topic

and as we will seein the literature review, the problem has already been investigated.

For an operation i E n the single robot has to perform the following tasks:

• unloading job J(i) from machine M(pre(i)) (if the processingis not finished the

robot will wait);
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• transporting the job from M(pre(i)) to M(i);

• loading job J (i) onto M (i).

Theseoperations are called the transport move of operation i which is denoted by Ti and

the time it takes to perform such a move by ti. We will refer to ti as the transportation

time of operation i. After a job has been loaded onto a machine the robot either stays

at this machine or drives empty to another one. An unloaded drive is called an empty

move. The time neededby the robot to move from machine M(i) to M(j) is denoted by

eij' Note that a sequenceof transport movesindirectly induces necessaryempty moves

after loading a machine and unloading the succeedingone. Hence if, for example, in a

sequenceof robot movesTj follows Ti then after loading J(i) on M(i) the robot drives

empty to machine M(pre(j)) (or stays at M(i) if M(i) = M(pre(j))).

Since the robot also needsto transport the finished jobs away from their last machine

to the output station, we add a dummy end activity ~ for every job Jj E {J1,"" IN}

and set the direct successorof the last operation of Onj,j of Jj to ~. Furthermore,

we define 0* := 0 U {*1, ... ,*N} as the set of all operations including the dummy end

operations and set Pi = 0 for all i E {*1, ... , *N}.

We make the reasonable assumption that the triangle inequality eij + ejk 2: eik holds

for the empty moving times between any three machines M(i), M(j) and M(k). We

assumethat, after an empty move, a transport operation always follows, and that for

all empty moves the triangle inequality

eik + eu 2: eil for all i, k, 0* U {O} (2.6)

holds. This means that the direct way between two machines is at least as short as the

detour through a third machine. Otherwise, the robot always takes the shorter way

through the third machine and we set eil = eik + eu We also assumethat eij = 0 for
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M(i) = M(j) and the empty moving time from M(i) to M(j) is the sameasfrom M(j)

to M(i), so eij = eji. Note that a transport moveand an empty movebetweenthe same

two machines do not need to have the same duration. Since a transport time ti also

includes the loading and unloading processof the job it usually holds that ti > epre(i),i.

Furthermore, we define a sequenceof all necessarytransport movesTi as a robot route

R. That meansa robot route is of the form

(2.7)

where (J : 0* -+ 0* is permutation of the set of all operations. It is also required that

in a robot route R all transport movesconcerning the samejob are in ascendingorder.

This meansthat Ti appears before Tsuc(i) in R. (Otherwise, the precedenceconstraints

would be violated.)

In the following, we update the previous model and include those robot operations.

We distinguish betweentwo different cases:in the first casewe investigate the problem

without blocking constraints. We assumethat a machine M, has a buffer B, that

is large enough to store jobs that have either finished their processing,or have been

delivered by the robot. This meansthat, on the one hand, the jobs that the robot loads

onto a machine are stored in this buffer, and the machine can take a job automatically

without any delay from this buffer. On the other hand, if the processingof a job is

finished, then the job will be stored without any delay in the buffer, and the robot

unloads the jobs from there. After a job has beenstored in the buffer, the machine can

start the processingof the next job.

In the secondcase,we assumethat a machine has no buffer. This means, that after

finishing its processingon the machine a job has to stay there, until it is unloaded by

the robot. During this stay, the machine is blocked and not available for processing

any other job.
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robot move

M(j)

I

ej,pre(i) M(pre(i))

I

t.
____ O __ M(i)

transport move Ti Iempty move

S'+p'J J

Figure 2.3: Illustration of a robot move

Problems without Blocking

In addition to the starting time Si of operation i, we denote the staring time of the

transport move Ti with Ti; which is the point in time when the robot starts unloading

job J(i) off machine M(prc(i)). Figure 2.:3 provides an illustration of a general robot

move.

For a feasible scheduleS = (Si,1j)i,jEn* there are several constraints which have to

be satisfied. First, we have to guarantee that operation i cannot be unloaded from

machine M(i) until its processingtime Pi is over:

Si + Pi ::; Tsuc(i) for all i E n. (2.8)

The next constraint ensuresthat operation i cannot be processedon M (i) before the

robot has unloaded .l(i) from the previous machine M(pre(i)), transported it to M(i)

and loaded J(i) onto M(i):

(2.9)

After unloading a job from a machine, the robot must havesufficient time to transport

the job to the next machine, load it onto that machine and travel empty to another

machine, before it can start unloading the job there. For two operations i,j E n* with

i f:. j oneof the following constraints has to be satisfied, dependingon which transport
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movewill beprocessedfirst:

T; + ti + ei,pre(j) STj

or Tj + tj + ej,pre(i) STi·

(2.10)

For two jobs which haveto be processedon the samemachinewe haveto determine

an order in which the jobs will be processed.Hence,oneof the followingconstraints

musthold.

Si + Pi Ss,

or Sj + Pj S Si,

(2.11)

for i,j E 0 with i i= j and M(i) = MU).

In the next step, we will introduce a graph representationof this model. Let G =

(V, E U A) be a directedgraphwhereV is the setof nodesandE U A is the setof arcs.

As in our previousmodel,for everyi E 0* we add a nodeto V, which indicatesthe

start of processingoperationi. Furthermore,for everyi E 0* we add a nodeTi to V

which denotesthe start of a transport move.For everyprecedenceconstraintdefined

by (2.8)weget an arc from i to Tsuc(i) of lengthPi. Additionally, for everyconstraint

givenby (2.9),weget an arc from Ti to i of lengthk Thesearcstogetherbuild the set

E. The constraintsdefinedby (2.10)are dependenton the robot route. If the robot

hasloadeda job onto a machine,then it either hasto wait for this job at the machine

or driveempty to anothermachine.In the first case,the next operationwouldbe the

transport moveof the samejob after its processinghasfinishedon the machine,while

in the secondcase,the robot would perform an empty move. For eachempty move

accordingto (2.10),weintroducetwo disjunctivearcs.Oneleadsfrom Ti to Tj of length

ti +ei,pre(j) andthe otheronefrom Ti to Ti of lengthtj +ej,pre( i)' Furthermore,thereare
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• arcs in E
• arcs in A

processing (2.8)
tranport move (2.9)
robot move (2.10)

Figure 2.4: Example for disjunctive arcs

alternative arcsbetweenthe operations that haveto be processedon the samemachine.

For eachpair i, j E n with i i- j and M (i) = M (j), we add an arc from i to j of length

Pi and an arc from j to i of length Pj. In a feasiblesolution, onearc of eachdisjunctive

arc pair has to be chosen.Thesearcs build the set A.

Figure 2.4 representsan example of a partial graph with M(suc(i)) = M(suc(j)) and

M(i) i- M(j).

Additionally, we add onegeneralsourcenode 0 and sink node *. An arc leads from the

sourcenode to every first transport operation of eachjob of length 0 and from the last

operation ~ of eachjob Jj there exists an arc to the sink node * of length o.

Example 2.1.2. Consider the following data of a job-shop problem with three jobs and

three machine.

Job

Operation 1 2 3 4 5 6 7

Processing time 13 7 4 4 9 3 9

Machine u, M2 M3 Nh M3 Ml M2

Additionally, there is one transport robot which transports the jobs between the ma-

chines. The transportation time the robot needs to transport a job from one machine

to another is given by ti = 2 for all i = 1, ... , 7, *1, *2, *3. We assume that the empty
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- processing ........tranport move --- robot move

Figure 2.5: Graph for Example 2.1.2

moving time between any two machine M(k), M(l) is en= 1. We choose the following

job sequenceson the machines: 1 --+ 4 --+ 6 for M1, 2 --+ 7 for M2 and 5 --+ 3 for M3.

Furthermore, a robot route is given by R = T1,T6,T4,T2,T5,T7,T3,T*2,T*3,T*1. Figure

2.5 represents the graph for this job-shop problem.

The Gantt-chart in Figure 2.6 shows an optimal solution for this problem with Cmax =

38. Moreover, the route taken by the robot and the buffers at each machine are included.

The robot starts at the input station Mo, unloads the first job J1 and transports it to

M1. Immediately after loading, the processing of operation 1starts and the robot moves

back empty to the input station and unloads job J3. It transports the job and loads it

onto M1 where J3 now has to stay in the buffer B1, becausethe machine is still busy

with operation 1. The robot repeats this procedure with job h, which also has to stay

in the buffer B1 for now. Afterwards it waits at the machine until operation 1 has

finished and unloads the job after the processing. Due to the fact that we assume that

a job, having finished its processing, is moved automatically and without any delay to

the buffer or has been unloaded by the robot (if the robot is already waiting), operation

4 can start its processing immediately after operation 1 has finished. After transporting

J1 to machine M2, the robot drives back empty to machine M1, waits and unloads job

h, which also means operation 6 can start. When the last operation 3 in the schedule
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o 10 20 30

-- transport move ----- empty move

Figure 2.6: Schedulefor Example 2.1.2

!

has finished it will be loaded in the buffer again, since the robot is currently at the

output station. The robot continues until the last finished job has been transported to

the output station M*.

Problems with Blocking

In this part, we assumethat there is no buffer to store jobs at any machine (apart

from the input and output machinesMo and M*, which havea sufficiently large buffer)

while the machine is still occupied by another job. In that case,the robot first has to

unload the machine before it can transport another job to it.

We consider two operations i, j E n that have to be processedon the same machine

M(i) = M(j). Assume that i will be processedbefore j. Before we can start the

transport move Tj to machine M(j), we have to guarantee that M(j) is already empty.

This implies that job J(i) has already beentransported to its next machine M(suc(i)).

Otherwise, the machine would be blocked and the robot could not load J(j) onto it.
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9-{:::t~"'0-B"""B
"'" "", t.uc(i) + e.uc(i)pre(j)

' ..'
»:" "<, t.uc(j) + e.uc(j)pre(i)

0-GJ:··0--43·······e
-- processing ........tranport move alternativearcs

for robot move

Figure 2.7: Alternative arcs for blocking

Hence,for i,j E n ~ith M(i) = M(j) oneof the following constraints has to be satisfied:

Tsuc(i) + tsuc(i) + esuc(i),pre(j) ~ Tj
(2.12)

or Tsuc(j) + tsuc(j) + esuc(j),pre(i) ~ Ii.

In the graph these constraints lead to two alternative arcs. One goes from Tsuc(i) to

Tj and the other one from Tsuc(j) to Ti. We always have to chooseone of these arcs.

Otherwise, we would get a cycle with positive length in the graph (cf. Figure 2.7).

For job-shop problems with transportation and blocking, a common real world con-

straint is representedby processingtime windows (cf. Section 2.1.3). This meansthat

a job has to be processeda minimum time at the machine, but is not allowed to stay

longer as a given maximum time. Therefore, let again pfin (respectively pfax) be the

minimal (respectively maximal) duration of stay of Job J(i) on machine M(i). This

means, that J(i) has to stay at least pfin time units on machine M(i) and has to be

unloaded not later than pfax time units after the processing has started. Note that

introducing a maximum processingtime only makes sensefor the blocking caseor at

least for a limited buffer at the machines. Otherwise, a job will automatically be moved

into the buffer after it has beenprocessedfor its minimal time. For a feasibleschedule,

the following constraints must be satisfied. First of all we have to ensure, that job J( i)

will be processedfor at least pfin time units on machine M(i) and will not stay longer
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on the machine than piax time units. Thus, constraint (2.8) changesto

S + min < T
i ·Pi - sucCi),

(2.13)

for all i E O. Additionally, we presume that for i E 0 job J(i) starts its processingon

M(i) immediately after it has been loaded. For i E {*l, ... ,*N}, the job J(i) leaves

the system immediately after it has been loaded onto the output station of job J(i).

Thus, the following equation holds:

(2.14)

(2.15)

If we substitute T; according to (2.15) in all constraints (2.9) -(2.13) then these con-

straints changeas follows. Constraint (2.9) changesto Si :S Si and, therefore, becomes

redundant. For constraint (2.10), we get

(2.16)

for all i, j E 0*. This simply meansthat an operation i can only start after the empty

robot haspicked it up from its previous machine M(pre(i)) and delivered it to M(i). For

two jobs processedon the samemachine,wenow haveto changethe constraint modeling

the machine order (cf. (2.17)). Since we are dealing with a bufferless environment, a

machine has to be empty before another job can be unloaded at it. We know, that

job J(i) has left machine M(i) when suc(i) has started its processing on M(suc(i)).

29



2. PROBLEM DEFINITION AND LITERATURE REVIEW

Therefore,oneof the followingconstraintsmust hold.

Ssuc(i)+ esuc(i)pre(j)+ tj SSj

or Ssuc(j)+ esuc(j)pre(i)+ ti S Si,

(2.17)

for i,j E 0 with i -I j and M(i) = M(j). The processingtime windowsin (2.13)can

be updatedto

Si + piill + tsuc(i) SSsuc(i),

Si + piax + tsuc(i) 2: Ssuc(i)

(2.18)

for all i E O. Comparedto the non-blockingcase,now a robot route alsoinducesthe

orderof thejobson the machines.Moreprecisely,weconsidertwo operationsi, j which

haveto be processedon the samemachineM(i) = M(j). If for a givenrobot route R,

the transport move7i is executedbefore7j, then operationi will be processedbefore

operation j. That means,if we chooseSsuc(i)+ esuc(i),pre(j)+ tj S Sj in (2.17) then

Si S Sj is inducedby (2.18). The job-shopproblem with one transport robot and

blockingcan be designedas finding an earlieststart schedulethat fulfills constraints

(2.14)-(2.18).After the calculationof optimal Si-values,the corresponding'Ii-values

aregivenby (2.15).

Example 2.1.3. We consider the same data as in Example2.1.2. For the time window

constraints we set piill = Pi and piax = piill + 10 for all i E O. A feasible (and also

optimal) robot route for this problem is R = (74,75,71,7*2,72,76,73,77,7*1,7*3). The

robot starts at the input station Mo, unloads job h, transports and loads it onto MI.

As machine M; is now blocked and the first operations of both hand J3 also have to

beprocessedon M1, the robot has to wait until operation 4 is finished. After that, it can

unload h and transport it to its next machine M3. Since M; is not blocked anymore,

the robot drives empty to the input station, picks up J1 and continuous according to
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processing

I

Mo

-- transport move ---- empty move

Figure 2.9: Schedulefor Example 2.1.3

R. The graph [or this problem is shown in Figure 2.8. The arcs representing the robot

route have been omitted. The corresponding and also optimal schedule with Cmax = 49

can beJound in Figure 2.9.

2.1.5 Literature Review

The classical job-shop .problem is well known in the literature and its studies date back

to 1960. A benchmark instance with 10 jobs and 10 machines was introduced in Muth

and Thompson (1963) which could first be solved 25 years later. Garey et al. (1976)

proved that the problem is NP-hard. The complexity of the problem makes it a tough

31



2. PROBLEM DEFINITION AND LITERATURE REVIEW

challengefor the researchcommunity. Sincethen, a lot of researchhasbeendonein

this area. For a broad overview,we refer to surveysof Pinson (1995a,b),Blazewicz

et al. (1996),Jain and Meeran(1999)or Potts and Strusevich(2009).

For solvingthe problem,we distinguishbetweenthree generalmethods. Branchand

boundmethodsand mathematicalprogrammingare aimedat solvingthe problemto

optimality. Approximationalgorithmscanguaranteea certainquality for the reached

solution. Finally, heuristics,whichcanbeseenasa "rule of thumb" areusuallypretty

fast, but cannotgive any guaranteeon the quality of the solution. A goodoverview

aboutvarioustechniquesfor solvingthe job-shopproblemis givenin JonesandRabelo

(1998).

Branch and bound algorithmshavebeenproposedby variousauthors. Carlier and

Pinson(1989,2004)developedalgorithmsbasedon disjunctionsandefficientconstraint

propagationtechniques.They alsosolvedfor the first time the famous10jobs and 10

machinesinstanceof Muth andThompson.About 5 yearslater, the sameinstancewas

solvedby Bruckeret al. (1994)usinga blockapproach.A partial enumerationheuristic

basedon the branch-and-boundmethod by Carlier and Pinson(1989)hasbeenpre-

sentedby ApplegateandCook (1991).They developedan approximationmethod,the

shufflealgorithm, whereoneor moremachineorderingsare fixed and the remaining

onesareoptimally completedusinga branch-and-boundmethod. Martin and Shmoys

(1996)developedan enumerativeprocedurewhich is basedon time-orientedbranching

schemes.

Approximationsalgorithmsare polynomial time algorithmswhich are guaranteedto

find a feasiblesolutionthat is at mostp timesthe optimal value.The valuep is called

a "worst-caseratio bound". In Jansenet al. (2001)a polynomial time approxima-

tion schemeis presentedwherethe numberof machinesand aswell asthe numberof
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operations per job is fixed. Feigeand Scheideler (1998) give a polynomial time approx-

imation algorithms with performance guarantee of O(log( mn) log(log(mn))). For more

information, we refer to survey papers by Lenstra and Shmoys (1995), Hall (1997) and

Schuurman and Woeginger (1999).

One of the first neighbourhood searchprocedureswasdevelopedby Irwin and Wilkerson

(1971) and is quite similar to hill climbing. Their simple heuristic rule is basedon the

idea of interchanging certain non-adjacent jobs. A survey of algorithms with an empha-

sis on local search is presented in Aarts et al. (1994). In van Laarhoven et al. (1992) a

neighbourhood basedon critical arcs was first used in a simulated annealing algorithm.

For a single-machineproblem with releasedates and maximum latenessas the objective

a block approach was first proposed by Grabowski et al. (1986). Other authors like

Nowicki and Smutnicki (1996a,b) adapted it to job-shop and flow-shop problems. An-

other promising neighbourhood has been developedby Balas and Vazacopoulos (1998).

Their so called "Guided Local Search" usesa new concept of neighbourhood trees with

such structural properties that guide the searchin promising directions. They have also

embedded their method in a shifting bottleneck framework to create a hybrid proce-

dure that takes advantagesof the differencesbetweenthe two neighbourhood structures.

Also simulated annealing (often in combination with other methods) has been applied

effectively to the job-shop problem. In van Laarhoven et al. (1992) an algorithm is

presented that is proved to convergeasymptotically to the global minimum. El-Bouria

et al. (2007) combined with their heuristic a simulated annealing module and two short-

term memories. A hybrid optimisation strategy basedon a combination of tabu search

and simulated annealing is presented by Zhang et al. (2008).

Among the local searchalgorithms discussedabove, the tabu searchalgorithm of Now-

icki and Smutnicki (1996b) and the guided local searchalgorithm employing the shifting
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bottleneckprocedureof Balasand Vazacopoulos(1998)arethe most effective.

Vaessenset al. showedin Glover(1997)that tabu searchmethodsin specificscheduling

casesaresuperioroverotherapproachessuchassimulatedannealing,geneticalgorithms

and neural networks. For the job-shopproblemwith flexible machines,Hurink et al.

(1994)developeda tabu searchalgorithm basedon a block approach.Mastrolilli and

Gambardella(2000)proposeda tabu searchbasedon the reducedneighbourhoodfor

the sameproblem. For changingan operationin a machinesequencethey reducethe

set of possibleneighboursto a subsetthat alwayscontainsthe optimal sequencefor

this swap.An advancedtabu searchalgorithm is presentedby Nowickiand Smutnicki

(2005)whichevaluatesneighboursolutionsin an efficientway.

Different modelsof buffers for job-shop problemsare investigatedin Brucker et al.

(2006).They provedthat pairwisebuffers,job-dependentbuffersand input- or output

buffershavethe property that, if schedulesarerepresentedby machinesequences,then

the correspondingoptimal schedulescanbecalculatedin polynomialtime. A morede-

tailed overviewaboutjob-shopproblemswith limited bufferscanbefoundin Heitmann

(2007).

For the job-shop with no buffers and blocking constraints,Mascisaand Pacciarelli

(2002)formulatedthe problemwith alternativegraphsandintroduceddispatchingrule

basedheuristicsto solvethe problem. Furthermore, they havedevelopeda branch

and bound method and evensolvedseverallarge (10 x 10) instancesto optimality.

Meloni et al. (2004)presenteda constructiveapproach(a rollout metaheuristic)based

on an alternativegraphformulationthat, that iteratively extendsa partial scheduleby

fixing somealternativearcs. All possiblenext candidatesareevaluatedusinga scoring

functionandthe arcprovidingthe bestscoreisaddedto the partial selection.In Groflin

and Klinkert (2009)a neighbourhoodbasedon a disjunctivegraph is presented.Their
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approach is basedon the exchangeof critical alternative arcs that guarantees to get a

new feasible solution providing a key theorem of "short cycles". Their neighbourhood

has beenintegrated in a tabu searchand promising computational results are presented.

Today, most researchersconcentrate their studies on variations of the classical job-

shop problem. A possible reason for this could be the applicability of their developed

solutions to problems in the real world. This includes the problems with transportation

as presented in Section 2.1.4.

Severalmodern environments require transport robots, so generalising the classicaljob-

shop problem leads to more realistic models. As many authors investigate special cases

of the problem, only a few results are available for the general case,and most of them

also only consider problems without blocking. Kise (1991) proved that minimising the

makespan in a two-machine flow-shop with constant transportation time and a single

robot is already NP-hard. Different aspectsof job-shop problems with an unlimited or

limited number of transport robots and without blocking is considered in Knust (1999).

In Bilge and Ulusoy (1995), a heuristic for simultaneously scheduling the machines and

robots in a flexible manufacturing system with job-shop structure is proposed. Brucker

and Knust (2002) studied constraint propagation techniques for the job-shop problem

with one transport robot. One-stageand two-stage tabu searchalgorithms for the job-

shop problem with one transport robot were proposed by Hurink and Knust (2005).

Lee and Strusevich (2005) considered the two-machine problem, where the robot is

allowed to transport an arbitrary number of jobs at a time. Several complexity results

for unlimited buffer flow-shops where either the processing times or the transportation

times are constant are presented by Hurink and Knust (2001).

General problems with blocking are rarely discussed in the literature. Lacomme and

Tchernev (2006) presented a memetic algorithm where limited or even no buffers can

be included in the problem definition. However, many authors instead study flow-shop
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2. PROBLEM DEFINITION AND LITERATURE REVIEW

problems with transportation times and blocking constraints. Panwalkar (1991) and

Levner et al. (1995) considered a two-machine casewithout an output buffer behind

the first machine. They showedthat this problem is solvable in polynomial time and

both developedan algorithm for the problem. The two-machine casewith an additional

no-wait constraint has been studied by Stern and Vitner (1990).
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2.2 Cyclic Job-Shop Problems

2.2 Cyclic Job-Shop Problems

There are many situations where it happens that a job is not going to be produced

only once but several times. That means, many instances of the samejob have to be

processed. In large scale production, for instance, there usually is a fixed set of jobs

that have to be processedindefinitely often. If we model this as a classical job-shop

problem we have to include different repetitions of the samejob in our schedule. This

could be a huge number of individual jobs and, therefore, very hard to solve. A slightly

different idea would be to define a minimal part set (MPS) of all jobs, which basically

is the ratio in which the jobs will be produced. For example, if we have three different

types of products J1, hand .h and we want to produce 100 items of J1, 300 items

of J2 and 200 item of h then a minimal part set would be given by J1 ; 1, h : 3

and J3 : 2. The non-cyclic approach would be to find a schedule in which all 600 job

items are produced, whereas the cyclic approach would be to find a schedule in which

one repetition of J1, three repetitions of J2 and two repetitions of h are produced

and repeat this schedule 100 times. Note that the minimal makespan for producing all

600 items in the cyclic caseis at most as good (usually it is worse) as the one for the

non-cyclic case. On the other hand, solving the cyclic problem usually takes less time,

so one has to to deliberate about whether time or quality matters more. Summarising,

cyclic scheduling tries to find a good schedule for the MPS and simply repeat this

scheduleover and over again. This is the basic idea of cyclic job-shop scheduling which

will be introduced within this section.

2.2.1 The Basic Model

To distinguish between the different repetitions of each operation, we denote the r-

th repetition of operation i E 0* by (i; r) where r E Z is called repetition number.

Applying the latter idea, a cyclic schedule for the data in Example 2.1.1 would be as
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2. PROBLEM DEFINITION AND LITERATURE REVIEW

shown in Figure 2.10. A scheduleis called cyclic with cycle time ex2: 0 if

(2.19)

for all i E nand r E Z, where Si(r) denotesthe starting time of operation i at the r-th

repetition.

r = 1 r=2

Figure 2.10: Possiblecyclicschedulefor Example2.1.1with cycletime a = 13

We also enforce, that the (r + l)-th repetition of operation i cannot start before the

r-th repetition of it has been finished. Therefore, we get the following constraint

(2.20)

for all i E nand r E Z. A time interval of length exis called a cycle. Constraint

(2.19) implies that in every cycle all operations have to start exactly once,becausethe

distance between two consecutiverepetitions of an operation (e.g. (i, r) and (i, r + 1))

is the cycle length ex. Furthermore, constraint (2.20) together with (2.19) guarantees

that Pi ::; exfor all i E n which means, that every operation also finishes exactly once

in eachcycle.

The remaining precedenceand machine constraints are similar to the non-cyclic job-

shop problem.

(2.21)
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2.2 Cyclic Job-Shop Problems

for all i E n, r E Z and assuming that the machines have a sufficient large buffer to

store unprocessedor finished jobs

either Si(ri) + Pi :S Sj(rj)

or Sj(rj) + Pj :S Si(ri),
(2.22)

has to hold for all i,j E n and rt, rj E Z with M(i) = MU). In general, the objective of

the cyclic scheduling problem is to find a schedulewith minimum cycle time et. This is

equivalent to maximising the throughput rate, which is the number of completed jobs

in a given time window.

The key property of cyclic scheduling is that ri and rj in constraint (2.22) do not have

to be the samein a specific cycle. Consider again Figure 2.10which showstwo complete

repetitions of a cycle. The first repetition goes from 0 to 13 and the second from 13

to 26. In both cycles every operation has the samerepetition number. Also noticeable

is that every machine has some idle time in a cycle which usually is an indicator that

the quality of the schedulemight be improvable. A possible improved schedulefor this

problem with cycle time et = 11 is shown in Figure 2.11. It is important to realise, that

the precedenceconstraints do still hold for operations belonging to the samerepetition

of a job and are not violated. It just happens that the operations of a specific repetition

of a job are spread out over more than one cycle. This time, from the start of the first

operation of a job repetition until the last operation has finished, is called the flow time

<Pj of job Jj• For instance, job J1 has a flow time of <PI = 10 in Gantt-chart 2.10 and a

flow time of <PI = 16 in the improved schedulein Figure 2.11. Obviously, a lower bound

for a job's flow time is given by the sum of all processing times of this job. The cycle

time and the flow time are usually negatively correlated. That means, a smaller cycle

time tends to lead to a larger flow time and vice versa. Especially in practice, the flow

time can be an important factor (e.g. delivery deadlines). Even if every job repetition
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2. PROBLEM DEFINITION AND LITERATURE REVIEW

o 5 10 15 20 25

Figure 2.11: Improved cyclic schedulefor Example 2.1.1 with cycle time Q: = 11

is of the same type, they can still be individual. E.g. in car manufacturing every

cycle a complete car leavesthe assemblyline. However, the carshave different colours,

configuration, engine, and so on. Consequently,a larger flow time makes customers

wait longer for their specialorders. The variable, which builds the connection between

the flow time and the cycle time, is the height. For a general constraint between two

starting points Si(ri) and Sj(rj) it holds

(2.23)

where dij E lR is a minimum time lag between the two starting points. The height

hij E Z of such a constraint is defined as the differencebetween r j and ri:

(2.24)

In the following, we will introduce different modelsfor cyclic job-shop problems as they

appear in the literature. The difference will be in some additional constraints, that

havean upper bound for the height given in advance. We will seehow different heights

will influence the resulting solutions.

2.2.2 Specific Models

In the literature, four different modelsof a cyclic job-shop problem are presented. We

describethesemodels in terms of the underlying graph G = (V, E). In general,acyclic
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2.2 Cyclic Job-Shop Problems

job-shop scheduling problem without blocking (CJSP) can be formulated as minimise

et such that constraints (2.19) - (2.23) are fulfilled. As in the non-cyclic problem, the

difficulty lies in finding a feasible selection for the machine constraints (2.22).

The first model is very general and also provides the basic structure of the three other

models. In this case,the set V is equal to D and

E = {(i, i) liE D} u {('i, suc(i)) liE D; successorsuc(i) exists}.

We assign to each arc (i, suc( i)) a delay di,suc(i) = Pi and a height hi,suc(i) = 0 (cf.

constraints (2.21)). Furthermore, for every operation i we add a loop from i to i with

delay dii = Pi and height lu, = 1. These arcs are representing the constraints (2.20).

Example 2.2.1. Consider a cyclic job-shop problem with N = 2 jobs and m = 4

machines. Each job consists of 4 operations. The processing times and the machine

allocations are given in the following table.

Job

Operation 1 2 3 4 5 6 7 8

Processing time 4 4 4 4 2 3 3 2

Machine lvIt M2 M3 M4 lvIt M3 M4 M2

Figure 2.12 shows the basic graph for this example. The optimal cycle time is et = 7.

A corresponding schedule is shown in Figure 2.13.

Note that the optimal cycle time etopt by using this model is always equivalent to

the maximum machine utilisation, which is the sum of processing times on the same

machine, i.e.

etopt = m~ '"' Pi.
k=l ~

(2.25)
iE!1

M(i)=Mk
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(4,1) (4,1) (4,1) (4,1)

(2,1) (3,1) (3,1) (2,1)

Figure 2.12: Graph for Example2.2.1

It is easy to seethat a schedulewith a smaller cycle time than nopt in (2.25) cannot

be reached. Otherwise, someoperations would overlap on a machine. The following

method showshow to construct a feasibleschedulewith a maximum utilisation of at

least one machine.

1. Start with a machine Mi; that has maximum utilisation.

2. Put the jobs in ascending order according to their number of operations and

scheduleall operations one after another on Mk in this order. Assume that this

order is Ji, Jz, ... ,Jm where m ::; N. Therefore, let r E Z be the repetition

number of all operations on Mk in this cycle. We start with the job that has the

fewestoperations and scheduleits operation i with M(i) = Mk.

(1=7
'PI = 20

'P2 = 14

o 5 10 15 20 25 time

Figure 2.13: Optimal schedulefor Example 2.2.1
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0<=7
'PI = 26

'P2 = 23

o 5 10 15 20 25 time

Figure 2.14: Constructed schedulefor Example 2.2.1

3. Scheduleall remaining operations of the job in ascendingorder according to the

precedenceconstraints at the earliest point in time 2: S; (r) on their machines.

After all operations j with J(j) = J(i) have been scheduledwe update their

repetition numbersto makesurethat the precedenceconstraints arenot violated.

This can be done in the following way:

• Start with the last operation i* of a job and assignan arbitrary repetition

number r* to it. If the proceedingoperation pre( i*) has finished before i*
i

starts, assignr" as a repetition number to pre(i*). Else. assignr* + 1.

• Repeat the processfor all remaining jobs h, ... ,Jm on Mk and afterwards

with all other remaining jobs Jm+l,"" IN.

Figure 2.14 shows another feasible schedule for Example 2.2.1 constructed by the

method describedabove. The machineswith the highest utilisation of 7 are M3 and M4.

Sinceboth jobs have the samenumber of operations we start with job h, in particular

with operation (7;2) on M4. After schedulingthis operation at time 0, we scheduleall

other operationsof h in ascendingorder asearly aspossiblebut not before 87(2) = o.

Afterwards, we adjust the repetition numbers. Thus, operation (5;4) is scheduledon

M1 at time 0, (6;3) o~ M3 at time 0 and operation (8; 1) is scheduledon M2 at time

O. After that, we scheduleJ1 in the sameway.

Applying this method to a problem without job repetition (which we always consider

within this work), there are at most m different repetitions of eachjob in one cycle.
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This alsomeansthat the flow time CPj of an instanceof job Jj is boundedby the num-

ber of different repetitions of the job in one cycle multiplied by the cycle time. Since

the flow time of a job is another important value in practical application, a second

aim can be seento minimise the sum of all flow times in a schedulewith given cycle

time. Note that the method describedabovein generaldoesnot leadto sucha schedule.

The secondmodel is called the cyclic job-shop problem and is a generalisationof the

model of the non-cyclic version. Weexpandthe graph of the first model by introducing

a dummy start node0 and a dummy end node*. For everyjob, there is an arc leading

from 0 to its first operation with delay and height equal to O. Also, we have an arc

from the last operation i* of every job to * with di** = Pi* and Iu«; = O.

Furthermore, we add an arc from the dummy end node * to the dummy start node 0

where d*,o = 0 and h*,o is a parameter. In this model, for eachoperation i the r-th

repetition of i has to be finished before the (r + h*,o)-th repetition of i can start. The

height h*,o alsolimits the numberof different repetitions of operationsin the samecycle.

In general,the following holds: the larger the height h*,o, the smaller the optimal cycle

time (until the maximal utilisation of one machineis reached). On the other hand, for

the flow time the following holds:

for all j E {I, ... ,N}. In caseh*,o = 1, the optimal cycle time and completion time of

all jobs is equivalent to the minimal makespanof the classicaljob-shop problem. The

following examplewill illustrate how the choiceof a maximal height h*,o can influence

the optimal solution of a cyclic job-shop problem.

Example 2.2.2. Consider the same data as in Example 2.2.1. Figure 2.15 shows

the directed graph for this model. This time, the optimal cycle time depends on the
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~

Figure 2.15: Graph for Example2.2.2

value of h*,o. For h*,o = 1 we get an optimal schedule with cycle time a = 17 equal

to the makespan of the non-cyclic case as shown in the first Gantt-chart of Fiqure

2.16. Increasing the height h*,o to 2, gives the possibility that operations with different

repetition numbers can be processed in the same cycle. Hence, the utilisation of the

machines also increases and the schedule gets more compact as we can see in the second

Gantt-chart of Fiqure 2.16. The optimal cycle time for h*,o = 2 is a = 9. Note that

the flow time <PI of job J1 has increased from 14 to 17.

The third model is called the cyclic job-shop problem with job repetition. Again, we

expand the first model. For each job an arc from its last operation to its first opera-

tion is introduced. The delays of these arcs are equal to the processing times of the

corresponding last operation. The parameter for the height of these arcs is denoted by

bi, with j E {I, ... ,N}. In this model, the r-th repetition of all operations belonging

to the samejob Jj has to be finished, before the (r + hj, )-th repetition of this job can

start.

Example 2.2.3. As before, we illustrate this model with the data of Example 2.2.1.

1'0 the basic graph in Figure 2.12 we add an arc from 4 to 1 with delay d4I = P4 = 4

and another one from 8 to 5 with delay d85 = P8 = 2. Both arcs have the same
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0-

M4 [[;]l...
h•.o = 1

M3 1{3,2~1'" 0-= 17
'PI = 14

M2 'P2 = 10
MI

0 5 10 15 20 25 time

0-

M4
h•.o = 2

M3 0-=9
'PI = 17

M2 'P2 = 10
MI

0 5 10 15 20 25 time

Figure 2.16: Schedulesfor Example 2.2.2

height parameter hJI = hh' Figure 2.17 shows the corresponding graph. For purposes

of clarity, we omit the labels of the loops, becausethey are identical to the labels in

Example 2.2.1 and 2.2.2. If we set hh = hh = 1 we get the schedule with cycle time

a = 16 (cf. first Gantt-chart in Figure 2.18) and by increasing hJI' hh to 2, the cycle

time reduces to a = 9 (cf. second Gantt-chart in Figure 2.18).

Compared to the secondmodel, we can seethat heights of hh = hh = 1 can already

Figure 2.17: Graph for Example 2.2.3
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0

M4 I ~7,2~
hJI = hJ2 = 1

M3 I ~3,2~ 0=16
'PI = 16

M2 ~2,2) I(8, 2~1 'P2 = 12

MI

0 5 10 15 20 25 time

0

M4
hJI = hJ2 = 2

M3 0=9
'PI = 17

M2 'P2 = 16

MI

0 5 10 15 20 25 time

Figure 2.18: Schedulesfor Example 2.2.3

provide a schedulewhere operations with different repetition numbers can occur in the
I

same cycle. The reason is that the start of processing a new instance of a job only

dependson the finishing of a previous instance of the same job and not on the finishing

of all jobs.

The fourth and last model we will describe is called the cyclic job-shop problem with

machine repetition. Within this, the graph of the first model is extended as follows. We

add a dummy start node Ok and a dummy end node *k for each machine Mk E M to

V. Furthermore, we introduce an arc from Ok to each operation processedon machine

Mi; of length 0 and height 0 and an arc from each operation i E n processedon Mk

to the dummy end node *k of length Pi and height O. Finally, for each machine Mk

there exists an arc from *k to Ok of length 0 and variable height hu,: In this model,

the height limits the number of different repetitions on the same machine during one

cycle. In particular, on each machine the difference between the repetition numbers of

the operations processedon the same machine during one cycle can be at most hM
k
•

The following example will illustrate this extension.
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~

Figure 2.19: Graph for Example 2.2.4

Example 2.2.4. Using the data from Example 2.2.1the graph for the the cyclic job-

shop problem with machine repetition is shown in Figure 2.19. We again omit the loops

for the purposes of clarity and refer to the loops in Example 2.2.1.An optimal schedule

with height hu, = 1 is shown in the first Gantt-chart of Figure 2.20. The optimal cycle

time is a = 9. By increasing tiu, and hM2 up to 2 we get an optimal schedule as shown

by the second Gantt-chart. The minimal cycle time is a = 7.

2.2.3 Blocking Constraints

In this section, we briefly expand the CJSP to the blocking case,in which we assume

that an operation i is blocking a machine M(i) as long as the succeedingoperation

sucCi) has not started its processingon M(suc(i)) (cf. Section 2.1.2).Note that the

last operation of every job is never a blocking operation, since the succeedingmachine

48



2.2 Cyclic Job-Shop Problems

hMk = 1
Q=9

'PI = 19

'P2 = 11

o 5 10 15 20 25

hMk = 2
Q=7

'PI = 19

'P2 = 12

o 5 10 15 20 25

Figure 2.20: Schedulesfor Example 2.2.4

M* is supposedto have a large enough buffer to store the finished jobs. Assume that

i,j E n with M(i) = M(j) are blocking operations. Then, wehaveto replaceconstraint !

(2.22) by

(2.26)

for all blocking operations i,j E n, ri,rj,rsuc(i),rsuc(j) E Z with M(i) = M(j). Fur-

thermore, for a blocking operation i it has to be satisfied, that the (r + l)-th repetition

of it can only start when the r-th repetition of its succeedingoperation suc( i) has

started. Thus, we get

(2.27)

for all blocking operations i E nand r E Z. Defining

(.) {SUC(i),b z :=
z,

if i is a blocking operation;

else,
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and

{
0,

Pb(i) :=
Pi,

if i is a blockingoperation;

else,

the cyclicjob-shopproblemwith blocking(CJSPB)canbe summarisedas

min a (2.28)

s.t.

(2.29)

(2.30)

(2.31)

Si(r) + Pi :::; Ssuc(i)(r) i E n, suc(i) exists; rE Z

Sb(i)(rb(i») + Pb(i) :::; Sj(rj)

or Sb(j)(rb(j») + Pb(j) :::; Si(ri) with M(i) = M(j). (2.32)

As in the non-blockingcase,there are different waysof modeling the problem and

building a graph. We will only briefly discussthe secondcasewith onebackwardarc

from the previoussection.Again, wehavea nodefor eachoperationi E n aswell asa

sourcenode0 anda sink node*. Weintroducearcsleadingfrom the sourcenodeto the

first operationof everyjob with delayand height equalto o. From the last operation

i* of everyjob, we add an arc to the sink nodeof delayequalto Pi* and height equal

O. Furthermore,we add an arc from the sink nodeto the sourcenodewith d*,o = 0

and h*,o as a parameter. Constraints (2.30) are modeledin the sameway as before.

For everyconstraint (2.31), weadd an arc from b(i) to j with db(i),j = Pb(i) and height

hb(i),j = 1. Moreover,for everyconstraint (2.32) weaddtwo alternativearcs:onefrom

b(i) to j with db(i),j = Pb(i) and height hb(i),j = 0 and anotheronefrom b(j) to i with

db(j),i = Pb(j) and height hb(j),i = O.We illustrate the blockingsituation with a simple

example.

Example 2.2.5. We consider two jobs JI, h and two machines MI, M2. Each job
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(0, h*,a)

Figure 2.21: Graph for Example 2.2.5

h*,a = 2
Q=9

'PI = 9
'P2 = 6

time
i

Figure 2.22: Schedulesfor Example 2.2.5

consists of two operations. The following table shows the processing times and machine

allocations of the operations.

Job

Operation 1 2 3 4

Processing time 5 4 2 2

Machine Ml M2 Ml M2

The first operation of each job is a blocking operation .. Figure 2.21 shows the graph

of the problem. Additipnally, to the precedence constraints we have also included the

selection of the machine constraint in an optimal solution. It is represented by a dashed

arc from 2 to 3. A n optimal schedule with height h*,o = 2 and cycle time et = 9 can be

found in Figure 2.22.
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2.2.4 TransportationConstraints

In the sameway as in the non-cyclic job-shop problem, we can include a robot into the

process,that transports the jobs betweenthe different machines(cf. Section 2.1.4). As

before, the robot can only transport one job at time and has to perform a sequenceof

transport and empty moves in each cycle respecting the precedenceconstraints of all

jobs. Again, we assumethat, in each cycle, every operation will be done exactly once,

which also means every robot move (transport move plus empty move or waiting) is

done exactly once. To distinguish between the different repetitions of those moves,we

include the repetition number in the transport moves. Therefore, let Ti(r) for i E 0*

and r E Z be the r-th repetition of transport move Ti. We assumethat for any i E 0*

and r E Z, Ti(r) must be finished before its next repetition Ti(r + 1) can start. To

represent the route the robot takes in eachcycle, we extend the definition of the robot

route R from Section 2.1.4 to a robot cycle by adding the repetition number. Hence,

where a : 0* -+ 0* is a permutation of the set 0*. As before, we assumethat after

an empty move of the robot a transport move always follows, and that for all empty

movesthe triangle inequality

eik + en 2: eil for all i, k, l E 0* U {O}

holds. We also assumethat eij = 0 for M(i) = M(j) and the empty moving time from

M(i) to M(j) is the sameas from M(j) to M(i), so eij = eji.

Again, we distinguish between the non-blocking and the blocking case. Furthermore,

each of the four models described in Section 2.2 can be used to describe the cyclic

behaviour. In this part we will only consider the "cyclic job-shop problem" model.
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Problems without Blocking

The transformation from the non-cyclic definition in Section 2.1.4 to the cyclic problem

a brief introduction of the necessaryconstraints.

is analogous to the transition we presented in Section 2.2. Therefore, we will only give

In addition to Si(r), let Ti(r) be the point in time, when transport move Ti(r) for i E 0*

starts. Again, we assume that every machine Mk has a sufficient large buffer Bk to

the machine has been finished.

store a job after the robot has loaded it onto the machine, or after its processing on

The problem can be summarised as follows.

lIUll 0:

s.t.

Si(r) + Pi :s; Si(r + 1) i E O*;r E Z

Si(r) + Pi :s; Tsuc(i)(r ) i E O*;r E Z

Ti(r) + ti + ei,pre(i) :s; Ti(r + 1) i E O*;r E Z

Ti(r) + ti < Si(r) i E O*;r E Z

Ti(ri) + ti + ei,pre(j) < T(r ,) i,j E 0*, i 1= j- J J

or Tj(rj) + tj + ej,pre(i) < 1',(r') ri, rj E Z_ t t

Si(rd + Pi < Sj(rj) 'i,j E O*;ri,rj E Z

or Sj(rj)+pj < Sih) i 1= j; M(i) = M(j)

(2.33)

(2.34)

(2.35)

(2.36)

(2.37)

(2.38)

(2.39)

(2.40)

(2.41)

A schedule S = (Ti(r), Si(r)) with i E 0* is called cyclic with cycle time 0: if (2.34)-

(2.41) are fulfilled.
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(0, h.,o)

(3,1) (8,1) (3,1) (4,1) (3,1) (0,1)

T> ••(?,.g)..~._(2,.g) ..~ ..(2.,g)..
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processing tranport move

Figure 2.23: Graph for Example 2.2.6

Example 2.2.6. Consider a cyclic job-shop problem with N = 2 jobs and m = 2

machines. Both jobs consist of 2 operations. The processing times and the machine

allocations are given in the following table.

Job

Operation 1 2 3 4

Processing time 8 4 6 4

Machine Ml M2 u, M2

Again, every machine Mk has a large enough buffer Bk to store the jobs. Additionally,

we have one transport robot. The transportation time for all operations i E 0* is set to

ti = 2, whereas the empty moving time between any two machines is given by eij = 1.

Figure 2.23shows the basic graph for this example.

By setting the height of the arc from * to 0 equal to 1, the minimal cycle time is a = 25.

Increasing the height up to 2, the cycle time decreasesto a = 15. Possible schedules

for these solutions can befound in Figure 2.24.

Most of the work in the area of cyclic job-shop scheduling with transportation is focused

on the blocking situation which we are going to describe in the following section.
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Figure 2.24: Schedulesfor Example 2.2.6
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2.2.5 The Cyclic Job-ShopProblemwith Transportationand Block-

ing

Recapitulating our discussion so far, we have introduced the classical non-cyclic job-

shop problem with additional constraints in Section 2.1 and have also included the use

of a transport robot. After that, we presenteddifferent ways of how a cyclic version of

the problem can be modeled and gavesomeexamples. In the previous section, we have

briefly introduced the cyclic job-shop problem with transportation (CJSPT) including

a simple example. Finally, in this section, we will introduce the main problem of this

thesis: the cyclic job-shop problem with transportation and blocking (CJSPTB). As in

the non-cyclic case,during the whole production processa job is either on a machine or

on the robot, and all machines (except the input and output stations) have no buffer.

This means, that a job can stay longer on a machine than its minimal processingtime,

to which we from now on will refer to asprin for all i E f!. Thereby, Pi will now indicate

the time the job is actually on the machine, so it holds that prin ~ Pi. If Pi > prin,

the job will remain on the machine after the minimal processingtime is over and block

it until the job has been unloaded.

Furthermore, a job starts its processing immediately after it has been loaded onto the

machine. This is expressedby the following equation

Ji(r) + ti = Si(r)

{:} Ji(r) = Si(r) - ti,
(2.42)

for all i E f!* and r E Z. That means, a solution for the CJSPTB can be presented

as a vector including the starting times of the processingor the starting times of the

transport moves for the operations. We will use the former version, which means a

scheduleS for the CJSPTB is represented by a vector S = (Si(ri)) for all i E f!*, ri E

Z including the starting times of each operation and their repetition numbers in an
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arbitrary time interval (cycle) of length 0:. We recall, that in any cycle every operation

starts and finishes exactly once. Note that there are indefinite many schedules,that

have the samecycle time but different starting times for the operations. Hence,we can

assumewithout lossof generality that at the beginning of a cycle, the robot is at time

o at the input station Mo and starts with transporting operation (1,1) to its machine.

Thus,

(2.43)

must hold. Note that the start of J1 is just an arbitrary choicefor the start of the cycle

and could be replaced by the start of any other job. The remaining constraints could

be obtained by substituting Ti(r) according to (2.42) in constraints (2.34) - (2.41) and

adding the blocking constraints. However,since theseconstraints are defining the main

problem of the thesis, we will derive and explain them from scratch.

As mentioned before, we assumethat a job immediately starts its processing after it

has been loaded onto a machine. This convention can be formulated as

(2.44)

for all i E 0; r E Z. For the actual processingtime Pi which correspondsto the duration

a job stays at a machine it holds

PIIlin <~ _ Pi, (2.45)

for all i E o. Constraints (2.44) and (2.45) also ensure, that an operation has to be

processedat least for its minimal processing time before its succeedingoperation can

start.

We also enforce, that w.l.o.g. the (r + 1)-th repetition of operation i E 0 cannot start
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beforethe r-th repetition of it hasbeenfinishedand transportedto the next machine

M(suc(i)). After that, the robot hasto moveto M(pre(i)) and repeat the transport

moveTi. Therefore,weget the followingconstraint:

(2.46)

for all i E 0, r E Z. For i E {*1, ... ,*N} constraint (2.46)changesto

(2.47)

for all r E Z, sincetheseoperationsdo not havea successor.

Now,considertwo operationsi,j with M(i) =f M(j). As thereexistsno storageat the

machines,operationj canonly start its processingafter J(j) hasbeenloadedonto the

machine. In casei starts its processingimmediatelybeforej, the robot hasto finish

the loadingof job J(i), drive empty to the machineon which the predecessorpre(j)

of operationj is processed,unloadthe job, transport it to M(j) and load it onto that

machine.Dependingon the orderof processingthe ri-th repetition of i and the rj-th

repetition of j, wehave

Si(ri) + ei,pre(j) + tj ::;Sj(rj)

or Sj(rj) + ej,pre(i) + ti ::;Si(ri),

for all i,j E 0* and ri,rj E Z with M(i) =f M(j). Note that theseconstraints(andthe

(2.48)

followingonesas well) are only valid if the triangle inequality for the empty moving

times holds.

For two operationsi,j E 0, that haveto be processedon the samemachineM(i) =

M(j), we haveto decide,which job hasto be processedfirst on the machine.Let us

assumethat i will be processedbeforej. Becauseof the blockingsituation it follows,
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that after the processingof J(i) has been finished the robot first has to transport J(i)

to the next machine, before it can drive empty to M(pre(j)) to transport J(j) to M(j).

Otherwise, M(i) would be blocked by J(i), and we would have a deadlock situation.

Therefore, one of the following constraints must hold:

SSUC(i) (Tsuc(i)) + esuc(i),pre(j) + tj < Sj(Tj)

or Ssuc(j) (Tsuc(j)) + esuc(j),pre(i) + t; ::; Si(Ti),

for all i,j E nand Ti, Tj, Tsuc(i)' Tsuc(j) E Z with i i- j; M(i) = M(j).

Finally, the constraint that each operation should start every 0: time units can be

(2.49)

formalised as

(2.50)

for all i E n*, T E Z.

We briefly want to recall, why constraints (2.43)-(2.50) are not just necessary,but

also sufficient to define our problem. The question is, if a schedule, that fulfills these

constraints is also a feasibleone. First of all, the minimal processingand transportation

times have to maintained. The processing times are trivially fulfilled by (2.44) and

(2.45). The robot also has always sufficient time drive to a machine, pick up a job

and transport it to its next machine, and a job does not start before it has been

transported to its machine. This is given by constraints (2.48) and (2.49). The latter

one also ensures, that a machine is always free before another job will be loaded onto

it, so no two jobs can overlap. Finally, it is not possible to miss out a repetition of a

job, since (2.46) and (2.47) are satisfied.

As with all the other cyclic problems there are different ways of modeling the CJSPTB.

We will again use the secondmodel from Section 2.2.2, the "cyclic job-shop problem"-

model for an example. Thus, we have a general height hmax = h*,o which limits the
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2. PROBLEM DEFINITION AND LITERATURE REVIEW

number of all different job repetitions in one cycle.

Example 2.2.7. We consider the same data as in Example 2.2.6. The graph for this

problem can befound in Figure 2.25. Note that the backwards arcs betweenan operation

and its predecessorare causedby constraint (2.46) and replacing the loops from the node

to itself are redundant. Setting the height h*,o to 1, the minimal cycle time is er = 30.

Increasing the height to 2, the cycle time decreasesto er = 24. Possible schedules for

these solutions can befound in Figure 2.26.

(O,h.,o)

Figure 2.25: Graph for Example 2.2.7
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Figure 2.26: Schedulesfor Example 2.2.7
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2.2.6 Literature Review

Cyclic scheduling problems have, in addition to mass production, other applications,

such as compilation of loops for parallel computers, hoist routing in electroplating

facilities, the designof embeddedarchitectures or network scheduling. Different models

have been proposed to handle those kinds of problem. Trouillet et al. (2007) and

Chretienne (1985) investigated the useof petri nets whereasBaccelli et al. (1992); Cohen

et al. (1989) applied Max-plus algebras to the problem. Probably the most common

approach, and also the one we will apply in this work, is modeling the problem using

graphs (cf. Hanen and Munier (1995); Kats and Levner (1998a)). A good overview of

cyclic scheduling can be found in Robert and Vivien (2009).

The range of areasin which cyclic scheduling problems occur is wide. Many researchers

investigated the problem of software pipelining or scheduling on parallel processor.

Further details for those applications can be found in Artigues et al. (2010); Calland

et al. (1998); Eichenberger and Davidson (1997); Gasperoni and Schwiegelshohn(1994);

Sucha et al. (2004).

The area we are studying in this work can be characterised as production scheduling

where a set of products has to passseveral machines in specific orders. And the corre-

sponding production plan has to be repeated over and over again, as it is the casein

large scaleproductions.

As already mentioned, it is easy to determine the minimal cycle time and a feasible

corresponding schedule of a cyclic job-shop problem if the maximal flow time (or the

height) is unbounded. Thus, this problem has not reached much attention in the liter-

ature. However, determining an optimal schedule that has minimal cycle time on the

one hand and according to this cycle time also minimal flow-time on the other hand

is of greater interest. Chauvet et al. (2003) define a criteria to determine if a sched-

ule is optimal according to this definition. Furthermore, they present a construction
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2. PROBLEM DEFINITION AND LITERATURE REVIEW

method based on an event graph model to generate good schedules with small flow

time. Caggiano and Jackson (2008) developed scheduleconstruction and improvement

techniques to provide an effective solution approach for producing cyclic scheduleswith

minimum weighted flow time.

The general cyclic job-shop model we have introduced is very similar to the model of the

non-cyclic job-shop problem and is used by Hanen (1994) and Brucker and Kampmeyer

(2005). Hanen (1994) also proved that the sequencing problem for general cyclic job-

shops is strongly N P-hard. Other complexity results for cyclic scheduling problems

can be found in McCormick and Rao (1994) and Levner et al. (2010).

Brucker and Kampmeyer (2005) introduced the cyclic job-shop problem with job rep-

etition model. The probably most discussed model in the literature however, is the

cyclic job-shop problem with machine repetition model. Additionally several authors

assumethat the number of jobs to be produced could be different for each job. For

this model, the minimal part set (MPS), which indicates the ratio of the amount of

produced jobs, has been introduced. For example, let us consider 3 jobs It, hand h.

We want to produce 100parts of It, 300 parts of hand 200 parts of h. Then, we get

an MPS of (lJ1, 3h,2J3) which has to be repeated 100 times. There are several ways

of choosing or setting up an MPS and usually this is done in advance (cf. Lee (2000)).

The aim is to find for a given MPS a periodic schedule with minimal cycle time. In

the most discussed cases in the literature the height hM is set equal to 1. Several

complexity results for hM = 1 can be found in Hall et al. (2002). They present a poly-

nomial time algorithm for determining an optimal schedulefor cyclic job-shop problems

in which each job has at most two operations. They also solved an important open

question discussedin Lenstra et al. (1977): For a job-shop problem with n ~ 5 opera-

tions, the decision version of the job-shop problem with makespanobjective is strongly

NP-complete. Furthermore, they show that the cycle time minimisation problem with

m ~ 3 machines and n ~ 3 operations is also strongly NP-hard. For the special case
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with two machines and two operations, Hall et al. (1998) provided a polynomial time

algorithm. Most of the authors like McCormick and Rao (1994), Lee and Posner (1997)

and Lee (2000) who considered this problem assumethat each machine processesall of

its operations for the i-th MPS before it can start the processing of any operation of

the (i + 1)-th MPS. Contrary to this, Caggiano and Jackson (2002) presented a model

without this restriction.

For the general cyclic job shop problem with blocking Brucker and Kampmeyer (2008b)

developed a tabu search algorithm and presented computational results. The same

problem with an additional no-wait constraint is studied by Hall and Sriskandarajah

(1997). Kamoun and Sriskandarajah (1993) review algorithmic and complexity issues

for this problem. In Roundy (1992) an exact method for the special casewith only one

single job is presented. McCormick et al. (1989) considered the problem with blocking

constraints and limited buffers where blocking only occurs when buffers are full. They

proposed heuristic approaches to this problem based on an equivalent maximum flow

problem and critical path techniques.

A cyclic production environment where a robot is in charge of transporting the jobs

between the machines are often called robotic cells in the literature. Robots have

increasedthe production capabilities in manufacturing by making the assemblyprocess

faster, more efficient and reliable than ever before. They also saveworkers from doing

monotonous work on an assemblyline. The literature distinguishes betweenthree major

robotic cell environments: the cyclic robotic flow-shop, the cyclic robotic job-shop and

the multiprocessor cyclic scheduling.

The robotic flow-shop is probably the most well studied case. A flow-shop problem

is a special version of the job-shop problem in which every job has the same order in

which it has to be processedon the machines. The first research in this area dates
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backto the early 1960s.Aizenshtat(1963);D.A. SuprunenkoandMetelsky(1962)and

Tanaev(1964)investigatedcyclicprocessesin manufacturinglinesservedby transport

devices.Within their work, they haveintroducedthe cyclic robotic flow-shopproblem

and alreadysuggestedthe method of forbidden intervals, which sincethen has been

further developedby author suchas Livshits et al. (1974),Kats et al. (1997,1999),

Che and Chu (2005a,b),Che et al. (2003)and Chu (2006). For more details in this

area,we refer to Hall (1999),Cramaet al. (2000),Dawande(2007);Dawandeet al.

(2005b).

On the other hand,the generalcyclicjob-shopproblemwith transportationor robotic

job-shopis rarelydiscussedin the literature. Evenwith a singlepart MPS and a single

robot the problem of schedulingthe robot operationsto minimise the cycle time is

known to be NP-hard in the strong sense(cf. Livshits et al. (1974),Lei and Wang

(1989)). In Kampmeyer(2006)and Bruckerand Kampmeyer(2008a),a mixed linear

integerprogrammaswellasa tabu searchfor the cyclicjob-shopproblemarepresented.

This canbe appliedto the problemwith transportation and alsoblocking.

Finally, multiprocessorcyclic schedulingdiffers from the robotic job-shopproblemin

the way, that the operationsare only partially ordered,and that there are sufficient

machines(includingparallelones)to processthe jobs, suchthat the problemof finding

the optimal sequenceon a specificmachineis left out. The problem definition was

introduced by Romanovskil(1967). For an overviewof thesetypes of problems,we

refer to Hall (1999)and Cramaet al. (2000).

Furthermore,therearevariationsof cyclic schedulingproblems.In this work, weonly

considerproblemsin whichexactlyoneinstanceof everyjob entersand leavesthe pro-

ductionprocessin a cycle. In a relaxedversionof this definition,whichiscalledk-cyclic

scheduling,exactly k instancesof a job areallowedto start and finish in a cycle. It is

knownthat an optimal multi-unit cyclicsolutioncanbe better than an optimal L-unit
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cyclic solution. Dawande et al. (2005a) present some upper bounds on the difference

in the per unit cycle times between an optimal multi-unit cycle and an optimal I-unit

cycle. Other results can be found in Kats and Levner (2002); Kats et al. (1999). The

special caseof 2-cyclic robotic scheduling with a single product has been investigated

by Che et al. (2003), Chu (2006) and Kats and Levner (2011).

Another problem, which has reacheda lot attention in the literature, is representedby

cyclic robotic scheduling problems with blocking, in which the route the robot takes is

given in advance. The problem is sometimesnamed the cyclic hoist scheduling problem.

It hasbeenshown to be polynomial solvableby various different approaches(cf. Matsuo

(1990), Lei (1993), Ioachim and Soumis (1995), Ng and Leung (1997) and Lee (2000)).

Another problem, which we will explain in more detail in the next chapter, has been

developed throughout various publications. The main idea concerns a critical path

algorithm, which is applied to a network with parametrical arc length. It has been

developed in Kats and Levner (1998a). Several applications based on this algorithm

are published in Kats and Levner (1998b) or Alcaide et al. (2007).
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Chapter 3

The CJSPTB for a Fixed

Robotic Cycle

Introduction

In cyclic scheduling problems, the height is one of the most important pa-

rameters. It distinguishes such problems from non-cyclic problems. How-

ever, many authors, just treat it asa standard parameter and do not discuss

possible meanings and interpretations of it. As we have seen before, one

can think of cyclic scheduling as finding a schedule for a minimal part set

and then repeating this schedule all over again. However, at the end of

one repetition and at the beginning of the next one, there often are only

a few machines occupied by a job. Especially in the caseof the CJSPTB,

since we only have on robot available to unload the machines at the end

of a cycle. Thus, we try to improve our schedule, by slightly shifting two
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adjacent repetitions of a schedule into each other (cf. schedulesin Fig-

ure 2.26). The parameter which on one hand allows those improvement to

certain levels is the height. Within Section 3.1, we will give various differ-

ent interpretations of the height in different cyclic scheduling models, that

can be used to analyse and influence the solution for both theoretical and

practical purposes.

A specialsub problem of the CJSPTB arises,when the robotic cycle is given

in advance.. In Section 3.2, we will discuss the conditions under which a

robotic cycle is feasiblefor a given problem and how to checkthis feasibility.

Given a feasible robotic cycle, the problem simplifies in the sensethat it

becomespolynomially solvable. In practice, this situation is by far not

exceptional. In circuit board printing, for instance, the robot is mounted

on a fixed track and the route is predefined so that the robot is simply

running along the track over and over again.

On a different note, it is very useful to have a fast procedure for solving

the CJSPTB for a given robotic cycle in caseyou want to solve the general

CJSPTB. Since branch and bound methods or heuristics need to evaluate

many solutions during their optimisation process, it is of great interest to

have a fast method performing this evaluation and therefore improve the

solving time.

There are different algorithms in the literature, to calculate the cycle time

when a feasible robotic cycle is provided. We shortly present two good

algorithm from the literature in Sections3.3 and 3.4. The first is a pseudo

polynomial method which is supposedto perform well in practice and the

other one is, to our knowledge, the fastest one in the literature based on

computational complexity. In Section 3.5, we present a new algorithm, that
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(except for somespecial cases)has a lower complexity than the onesin the

literature. Since theoretical complexity can differ from the actual running

times for solving real instances, we are also comparing our algorithm to

the other two algorithms and we show that it also performs better on real

computation. The computational results and a discussionabout them are

provided in Section 3.6.
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3.1 Heights

Before we start discussing robotic cycles in more detail, we will give a short overview

about the height parameter. So far, we have seenhow different heights can influence

the solution. However, the literature does not provide many interpretations of the

height for the various models. Sincethe height is the main parameter in cyclic job shop

problems, we will give somemore insight to understand its meaning.

There is different information that one might like to know and be able to adjust in a

production. For example: How many different job instances or repetitions are being

processedat a time? Or, for how long will a specific job instance be in the production

process?The height can, in a way, answer these questions.

In the previous chapter, we have looked at 3 different cyclic job-shop scheduling mod-

els, where everyone of those models has special height parameters. Let us recall the

individual definitions of the heights for these different models.

• Cyclic job-shop problem with height h*,o: The (r +h*,o)-th repetition of a job can

only start if the r-th repetition of any job has finished.

• Cyclic job-shop problem with job repetition with heights hJj: The (r + hJj )-th

repetition of job Jj can only start if the r-th repetition of the same job has

finished.

• Cyclic job-shop problem with machine repetition with heights hMk: The (r+hMk)-

th repetition of an operation on machine Mk can only start if the r-th repetition

of all operations on the samemachine have finished.

Example 3.1.1. In Figure 3.1, the schedules of the Examples 2.2.2 - 2.2.4 for the

different cyclic models are shown again. The heights are h*,o = hJj = hMk = 2 for

j = 1,2 and k = 1, ... ,4. In the first Gantt-chart, the first operation in the fourth
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Figure 3.1: Schedulesfor Example 3.1.1
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repetition is (1,4). It starts after the last operation oj the second repetition ((4,2)) has

finished. For h*,o = 2, this schedule is Jeasible.

For the model with job repetition in the second schedule, the Jourth repetition oj job J1

starts at time 11 which is after the second repetition oj h has finished (at time 10). For

job J2, it also holds that the first operation (5,4) starts after the last operation (8,2)

has finished. Thus, Jor hh = hh = 2 this is a Jeasible schedule.

For the last model with machine repetition, the final schedule is also Jeasible. For

instance, on machine M4 the first operation in its Jourth repetition is (7, 4). It starts

after the last operation in the second repetition ((4,2)) has finished.

Note that accordingto thesedefinitions, the height is consideredto be an upper bound.
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That means,a feasiblesolutionfor a givenheighth E {h*,o, hJj' hMk} is alsoa feasible

solution for any height h' ~ h. Thus, in a solution of a problem,the "actual" height

canbesmallerthan the givenheight. Accordingto the threemodelsabove,the actual

height in a feasiblesolution is the smallestpossibleheight. Wedenoteit with h! 0' hj.
, J

and hMk, respectivelyand defineit asfollows.

• Cyclic job-shop problem with actualheighth! 0: The r-th repetition of a job will,

be finished, beforethe (r + h*,o)-th repetition of any job starts and after the

(r + h! 0- l)-th repetition of anyjob hasbeenstarted.,

• Cyclic job-shop problem with job repetition with actual heights hj.: The r-th
J

repetition of job Jj will be finishedbeforethe (r + hj. )-th repetition of this job
J

starts and after the (r + hj. - l)-th repetition of the samejob hasbeenstarted.
J

• Cyclic job-shop problem with machine repetition with actual heightshMk: The

r-th repetitionof anoperationonmachineMk will befinishedbeforethe (r+hMk)-
th repetition of anoperationon this machinestarts andafter the (r +hMk -1)-th

repetition of any operationon this machinehasbeenstarted.

An important fact about the height is, that it dependson the different repetition

numbersof the operationsin a cycle.For eachjob theserepetition numberscanbe in-

creasedor decreasedand the solutionwouldstill be feasible(in any perspectiveexcept

the height restriction, sincethe heightmight change).Thus, by conventionthe repeti-

tion numbersarechosenin a way,suchthat the actualheightsareassmallaspossible.

For the cyclicjob-shopproblem,onecansimply givethe first operationof eachjob the

repetition numberh! 0' For the onewith job repetition the first operationof eachjob,

getsthe repetition numberequal to hj. and for the onewith machinerepetition the
J

first operationon machineMk gets the repetition numberequal to hMk. Procedure

3.2.1in the next sectionshows,howthe repetition numberscanbe assigned.
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In Example 3.1.1, for height h1vh = 2, for instance, the actual heights of machine MI

and M2 are hk = h~[2 = 1 and for M3 and M4 they are hM3 = h~[4 = 2. Note that,

regardlessof which model is used to solve the problem, any actual height of the three

can be calculated for a given solution. In the following, we will restrict our discussion

to the cyclic job-shop problem model and the one with job repetition, which includes

the heights h.; 0 and hJ.
, J

We know, that at the end of each cycle, the robot drives empty to the input station

Mo. That means, that at any time r . 0: no job will be loaded or unloaded from any

machine MI, ... , Mm. Hence, a machine is either empty at the end of the cycle or

the operation currently processedon it will be unloaded in the next cycle. We call an

operation that starts its processingin one cycle, and will be unloaded in the next one an

overlapping operation since it 'overlaps' into the next cycle. For instance, operation 4 in

the secondscheduleof Figure 2.26 on page60 is an overlapping one. Those overlapping

operations are characteristic for the CJSPTB. It is obvious that the maximum number

of overlapping operations is m - 1. Every machine can have at most one overlapping

operation, except the machine on which the first operation at the beginning of a cycle

is processed.However, what is the connection between the height and the overlapping

operations? This and other useful properties of the height are summarised in the

following Theorems.

Theorem 3.1.1. Consider job Jj in a feasible solution of a CJSPTB with cycle time

0:. If we consider an arbitrary cycle that starts with unloading the first operation of job

Jj from the input station then the following statements are equivalent:

1. The actual height of the solution is hs*,o.

2. The number Ok of overlapping operations of each job Jk (k

than or equal to h:,o'

1, ... , N) is less
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Proof. The important assumption in this theorem is, that a cycle starts with unloading

the first operation of Jj from the input station. This means that at the end of every

cycle, the robot drives empty to Mo. The definition of the actual height h! 0 states that,

the r-th repetition of a job will be finished before the (r +h! o)-th repetition of any job,

starts and after the (r + h! 0 - 1)-th repetition of any job has been started. Assume,

that the cycle starts with unloading the r-th repetition of job Jj from the input station.

1 ~ 2: Consider a job A of the problem. Since in every repetition of a cycle one

instance of each job starts and another one (can be the same) finishes, the number of

overlapping operations must belong to different job repetitions. We distinguish between

two different cases.

In the first one, let Jj = Jk. Then, the overlapping operation must have repetition

numbers between r - 1 and r - Ok. Hence, the (r - ok)-th repetition of Jj will finish

in this cycle. This is after the r-th repetition of Jj has been started and before the

(r + 1)-th repetition has been started. Therefore, the actual height will be at least

OJ + 1.

For the second case, we consider Jj f. Jk. Then we can always adjust the repetition

numbers in a way, such that the first overlapping operation of Jk has the samerepetition

number as the first operation of Jj. Therefore, the instance of Jk finishing in that cycle,

after the r-th repetition of Jj has been started and before the (r + 1) - th repetition

will start has the repetition number r - Ok + 1. Therefore the actual height will be at

least o.

2 ~ 1: Assume that the number ° of overlapping operations of Jk is greater than h! o-,

As before, we set the repetition numbers of the first overlapping operation of Jk to

r - 1 if Jk = Jj and to r otherwise. In the first case, the (r - o)-th repetition will

finish in the current cycle and in the second case the (r - 0 + 1)-th repetition. Thus

the actual height would be h! 0 = 0 or h! 0 = 0+ 1. However, this is a contradiction to, ,

the assumption that 0> h! o-,
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o

Theorem 3.1.2. Consider job Jj in a feasible solution of a CJSPTB with cycle time

a. If we consider an arbitrary cycle that starts with unloading the first operation of job

Jj from the input station, then the following statements are equivalent:

1. The actual height of jo b Jj is hj ..
J

2. The number of cycles job Jj is in the production process for is hj.
J

3. The number of overlapping operations of job Jj is equal to hj - 1.
J

4. The number of different instances of job Jj processed in one cycle is equal to hj.
J

Proof. We again have the assumption, that a cycle starts with unloading the first

operation of Jj from the input station. Hence, at the end of every cycle, the robot

drives empty to Mo.

1 => 2: According to the definition of the actual job height hj, the r-th repetition of
J

job Jj will be finished, before the (1' + hj)-th repetition of job Jj starts and after the
J

(1' + hj - 1)-th repetition has been started. In every cycle, a new instance of the job
J

will start its processing. Let the r-th repetition of Jj start in cycle c. Then it finishes

in the cycle in which the (1' + hj - ll-th repetition starts. This is cycle c + hj - 1.
] J

Thus, the job has been processedfor hj cycles.
J

2 => 3: Let iI, ... ,inj be the operations of job Jj and T be the point in time when Til (1')

will be executed. In the casethat the r-th repetition of Jj is completed in the interval

[T, T + a[, then hj = 1 holds per definition and there are obviously no overlapping
J

operations. Note that the time interval [T, T + a[ is open to the right hand side, since

the robot will move empty to the input station at the end of the cycle and Jj will

be finished before T + a. It follows, that the number of overlapping operations is

hj - 1= 1- 1= o.
J
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3. THE CJSPTB FOR A FIXED ROBOTIC CYCLE

In the other case,the r-th repetition of the job will finish in an interval [T + lee,T + (l +

1)0.[ for l = hj. - 1 ~ 1. At the beginning of every time interval [T + ua,T + (/l + 1)0.[
J

(/l = 1 ... , l) the /l-th repetition of Jj will be transported from Mo to M(il). Therefore,

the r- th repetition of Jj must be on a machine during this time and its corresponding

operation is overlapping. This means that Jj has exactly l = hj. - 1 overlapping
J

operations.

3 :::;.4: In the case that job Jj has no overlapping operations (hj. = 1), a specific
J

repetition of the job will start and finish in the same cycle. Since each operation will

start and finish exactly once in each cycle, there must be one instance of the job in

every cycle. In the other case, Jj has OJ ~ 1 overlapping operations. Consider a cycle

given by the time interval [T, T + 0.[ in which the r-th repetition of Jj starts. If the

job has an overlapping operation that finishes in the next cycle [T + a,T + 20.[, then

the same operation of the (r - 1)-th repetition of Jj must finish in the current cycle.

Thus, there is another instance of Jj in the current cycle. In general, if Jj has an

overlapping operation that finishes in the cycle [T + la, T + (l + 1)0.[ then the (r -l)-th

repetition of this operation will finish in the time interval [T, T + 0.[. Hence, for every

overlapping operation there is an additional instance of the same job processed in a

cycle. In conclusion, the number of different job instances in one cycle is equal to hj ..
J

4 :::;. 1: Consider the cycle in which the r-th repetition of Jj starts its processing.

Baring in mind, that there are hj. different instances of the job in this cycle, the
J

(r - hj. + 1)-th repetition will be finished within this cycle. For the last operation of
J

the r-th repetition this means, it will finish hj. - 1 cycles later and within that cycle
J

the (hj. - 1)-th repetition of Jj will start. Hence, the r-th repetition of Jj will be
J

finished between the starts of the (hj. - 1)-th and hj.-th repetition of the same job,
J J

which is the definition of the actual height hj ..
J

D

With this, we can also draw a conclusion about the height and the flow time of a job.
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Corollary 3.1.1. For the flow time 'Pj and the actual height hj in a feasible solution
J

for the CJSPTB it holds:

for all j E {1, ... ,N}.

Let us consider another example.

Example 3.1.2. We are given a CJSPTB with 2 jobs and 4 machines. Job J1 only

consists of 1 operation and h has 3 operations. The processing times and machine

allocations are given in the following table.

Job

Operation 1 2 3 4

Processing time 10 6 14 14

Machine M1 M2 M3 M4

As before, the transportation time is t, = 2 for all i E 0* and the empty moving time

between any two different machines jl,h, NIL is equal to 1. Figure 3.2 shows the same

solution twice for the problem with height h:,o = 3 and cycle time et = 19. However,

in the first solution we start the cycle with unloading job J1 from the input station and

in the second with h. Note that these solutions are identical and just offsets of each

other. The number of overlapping operations in the first schedule are 01 = 0 and 02 = 3

uihereas in the second schedule they are 01 = 0 and 02 = 2. In both cases these numbers

are less than or equal to h:,o = 3 (cf. Theorem 3.1.1). The actual heights of the two

jobs in these solutions are hj! = 1 and h\ = 3. Job J1 always has only one repetition

in a cycle and no overlapping operations in both solutions. The interesting job in this

example is h. As one can see, there are 4 different repetitions of this job in every

tagged cycle of the first schedule and 3 in every cycle of the second one. However, to

apply Theorem 3.1.2 to h we need to consider the second schedule, since a cycle starts
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M*
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Figure 3.2: Schedulefor Example 3,1.2

with unloading h from Mo. Note that such a shift of the cycles can always be done

to any job in any feasible solution. An instance of job Jz is processed within 3 (equal

to hj
j
, cf. Theorem 3.1.2, 2) cycles, has 2 (equal to hj2 - 1, cf. Theorem 3.1.2, 3)

overlapping operations 3 and 4 and as already mentioned before, there are 3 (equal to

hj, cf. Theorem 3,1.2, 4) different repetitions of it in a cycle if the cycle starts with
J

For the connection between the flow time 'P2 = 47 and the cycle time Cl: = 19 it follows

from Corollary 3.1.1 that (hj2 - 1)CI:= 38 :'S 'P2 :'S 57 = hj2C1:·

3~2 FeasibleRobotic Cycles

In this part, wewill considerthe CJSPTB with a given robotic cycle. Let us first of all

have a brief discussionabout how the problem changesif the robotic cycle is known in
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advance. Assume that

with a : 0* ~ 0* being a permutation of the set 0*, is the given robotic cycle. With

a given order for the transport moveswe can introduce further precedenceconstraints;

firstly for the operations on eachmachine and secondly for the transport order basedon

the robotic cycle. Accordingly, let pr-eM (i) (respectively sucM (i)) be the preceding (suc-

ceeding) operation of i processedon machine M(i) and pr-eR(i) (respectively sucR(i))

be the preceding (succeeding)operation of i in the robotic cycle. If i = a(N + n) is

the last operation in R then we set sucR(i) = a(l). To define an order between the

operations in a robotic cycle, we write Ti -< Ti if Ti precedesTj in R. Denoting the

starting time of an operation i in a specific cycle by S;, the CJSPTB with a given

robotic cycle can be formulated as minimising the cycle time a subject to

{
s:s; + Pi + tslLc(i) = suc(i)'

S;uC(i) + a

{
s-

S* < sucH(i)'
i + ei,pre(sucR(i)) + tsucR(i) _

s;u(J'(i) + n

if Ti -< Tsuc(i);

else;
(3.1)

if Ti is not last in R;

else;

ViE 0* with

M(i) 1'- M(sucR(i))
(3.2)

S· < {s'Uc(i) -

S·
S1LCJ\! (i)'

S;ucAf (i) + a

if Tsuc(i) -< TsucM (i);

else;
ViE 0 (3.3)

ViE 0 (3.4)

(3.5)o..p; ~ 0 ViE O.

Sincethe order of the operations in the scheduledependson the given robotic cycle, the

machine constraints also depend on R. Due to the no-wait constraint, equation (3.1)

must hold. The cases,wehaveto distinguish between,are: S; starts before its successor

S;uc(i) in the cycle or not. (This is equivalent to Ti appearing before Tsuc(i) in R or not.)

Note that it is not a contradiction to the precedenceconstraints if Tsuc(i) -< Ti, since
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the operationswould belongto different repetitionsof the samejob {e.g. (i, r) and

(suc{i),r-1)). The direct successor(suc{i),r) of (i,r) will start in the next repetition

of the cycle,et time units later. Similarly, this can alsobe appliedto the precedence

constraintsaccordingto the robotic cycleor any machine. Constraint (3.2) ensures

that the robot hasenoughtime betweendeliveringa job to a machinebeforepicking

up the next onein the cycle. To explain (3.3), let suc{ i) =1= sucM (i). Thus, suc{ i) will

not beprocessedon M{i). SinceM{i) cannotbeblockedat the time whensuc{i) starts

anddueto the fact that there is only onetransport robot, constraint (3.3)musthold.

Finally,wehaveto ensurethat eachoperationwill beprocessedat leastfor its minimal

processingtime {cf. (3.4)) and we do not allow any negativetimes {cf. (3.5)). Thus,

constraints(3.1) - (3.5) are necessaryto representthe CJSPTB with a fixed robotic

cycle.What is often left out in a problemdefinition, is, that the describedconstraints

arenot just necessarybut alsosufficientto representthe problem.In our case,it is not

difficult, sincethe problemis very compact,but weat leastwant to mentionit. The

'critical' restrictionsin this problemare,theminimalprocessingtimes,the blockingand

the transportationconstraints.If all of them arefulfilled, then the solutionis feasible.

And due to the discussionaboveall of thesecriteria are met. Note that constraints

(3.1)- (3.5)wouldalsobenecessaryfor a problem,in whicheverymachineneedssome

setuptime betweenthe processingof two jobs (e.g. cleaningthe machine).However,

it is not sufficient,sinceconstraint (3.3)would haveto be tightenedin that case.

As we cansee,with a givenrobotic cycleR there are no optionsavailableto decide

whichoperationis processedfirst on a machine,or whichjob hasto betransportednext

in a cycle. Looking backto the graph models,this meansthat by fixing the robotic

cycle,everypair of disjunctiveor alternativearcshasbeenfixed aswell. Therefore,

the problemis a lot easierto solvethan the generalCJSPTB.This alsomeans,that

a solution can be representedby a robotic cycle. However,a given robotic cyclefor

the CJSPTB is not necessarilya feasibleone. Moreover,the numberof feasibleper-
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mutations is way smaller than the number of infeasible ones. This results from two

facts:

1. There are no buffers at the machines.

2. The overall height of the problem can be limited.

If there would be enough buffer space at every machine and a large enough value for

the height would be allowed then any permutation of the transport moves would lead

to a feasible robotic cycle. In order to decide whether a given robotic cycle would lead

to a feasible solution, we define the following property.

Definition 3.2.1. A robotic cycle R is called blocking-feasible if

1. before the robot executes operation Ti, job J (i) must be loaded and finished its

processing on machine M(pre( i)) and

2. the robot is never required to transport a job to an already loaded machine.

The following example shows a feasible and an infeasible robotic cycle for the same

problem. Moreover, it implies a simple method to check whether a robotic cycle is

blocking-feasible or not.

Example 3.2.1. We will reuse the data of Example 2.2.7. Recapitulating, we had 2

jobs to beprocessed on 2 machines with the following data.

Job

Operation 1 2 3 4

Processing time 8 4 6 4

Machine Nh Nh Ml M2

Consider the first cycle from time 0 to 24 of the solution provided in Example 2.2.7

with height h*,o = 2 (cf. Figure 2.26 on page 60). This implies the following robotic
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cycle:

Using Table 3.1, we can show that robotic cycle RI is feasible for the problem. The

structure of the table is as follows. In column "move: from -+ to" the transport moves

and the affected machines are shown, columns "MI" and "M2" show the operations that

are currently loaded on the machines and column "r " shows how often this transport

move has beenexecuted. If a transport move is not possible, becausethe previous trans-

port move has not been done yet, we write "n/a". Filling the table according to RI,

the robot starts with tmnsporting job JI from the input station to its first machine MI.

Thus, MI is blocked by operation 1. The second move 7*2 cannot be executed because

7pre(*2) = 74 has not been done yet. If we continue, we observe that before executing

move 7i operation pre(i) is always available at M(pre(i)) and that the robot is never

required to load an already loaded machine. That means, that RI is a blocking-feasible

robotic cycle.

On the other hand, Table 3.2 shows an infeasible robotic cycle

Before executing 74 the first time, both machines MI and M2 are blocked by operation

3 and 2. Transport move 74 wants to move job h from machine MI to machine M2

which is currently blocked by an instance of JI .. Thus, the robotic cycle R2 is infeasible.

The secondproperty, that a feasiblerobotic cycle must fulfill is the height, dependson

the different job repetitions in onecycle. Thus, for a given permutation of all transport

moves7i with i E 0* we need to calculate the correspondingrepetition number ri in

order to decide,whether the limit of the height is maintained or not. Procedure3.2.1

calculates the repetition numbers and the actual job heights hj. for a given robotic
J
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move- from -+ to I Ml I M2 I r move: from -+ to I u, I M2 I r

71 : Mo ---+ M, 1 - 1
1*2 : M2 ---+ M. 1 n/a n/a
72 : Ml -+ M2 - 2 1
73 : Mo -+ MI 3 2 1
1*1 : M2 -+ M. 3 - 1
74 : M, -+ M2 - 4 1

71 : M« -+ MI 1 4 2
1*2 : M2 -+ M. 1 - 1
72 : M, -+ M2 - 2 2
73 : M» -+ MI 3 2 2
7.1 : M2 ---+ M. 3 - 2
74 : !vh -+ M2 - 4 2

71 : Mo -+ MI 1 - 1
1*1 : M2 -+ M. 1 n/a n/a
72 : MI -+ M2 - 2 1
73 : Mo -s u, 3 2 1
74 : MI -+ M2 -failed-
1*2 : !vh -+ M. M2 is blocked

71 : Mo -+ MI
1*1 : M2 ---+ M.
72 : M, -+ M2
73 : Mo -+ Mi
74 : !vII ---+ M2
1*2 : M2 ---+ M.

Table 3.1: Blockedmachinesin
RI

Table 3.2: Blockedmachinesin
R2

cycle. (It can easily be adjusted to calculate any other height depending on the model.)

The method works as follows. For every job Jj, the default height is set to hi = 1
J

and the last operation ~ gets the repetition number r *j = 1 (of course this can be any

integer number). It then loops through the operations of the job in an descendingorder

(line 4). If the successorsuc(i) is scheduled after operation i, then both must belong

to the same job instance and therefore have the same repetition number. If not, the

instance of operation i belonging to the samejob as suc( i) must have beenscheduledin

the previous cycle. Hence, the actual occurrence of i must belong to the next repetition

of Jj, and the repetition number ri as well as the height hi have to be increased by 1
J

(cf. line 5 - 8). We repeat this procedure for every job and finally return the repetition

numbers and the heights (cf. 11).

Example 3.2.2. We apply the describedprocedure to the robotic cycle R1 [rom Example

3.2.1. Starting with the last operation T*1 of job J1 and assign repetition number r ii = 1

to it. The job height is also set to hJ) = 1. Entering the for-loop, the last operation of

J1 is i = 2 and its successor is suc( i) = *1. Since T*I is executed after T2, neither the

height nor the repetition number is increasing. The same holds for the next operation

i = 1. Thus, all repetition numbers of J, are equal to 1and the actual job height hil = 1

as well.
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Procedure3.2.1Determinerepetitionnumbersandjob heights

2:

3:

1: proceduredetermineRepeti tionNumbers(R)
for j = 1 to N do

hj. = 1 and r*i = 1
J

for i = last operationof Jj downto first operationof Jj do
if 7suc(i) precedes7i in R then

hj. = hj. + 1
J J

end if

4:

5:

6:

7:

8: r' - h* .
t - Ji'

end for
end for

9:

10:

11: return rh ... , rn and hj1' ... , hjN
12: end procedure

Considering job h and starling again with r*2 = hj2 = 1 we see, that 7*2 precedes its

direct processor 74, and therefore we increase hj2 up to 2. The repetition number r4

is also set to 2. Continuing with the algorithm the robotic cycle including repetition

numbers is given by:

The actual heights h!,o and hMk of the problem can easily be determined by looking

at the repetition numbers of the corresponding operations. For instance, the second

repetition of h starts before the first repetition of J1 has finished, so that h! 0 = 2.,

In order to find an optimal solution for the generalCJSPTB (which is as we know

NP-hard), mostheuristicsor branchand boundmethodsneedto evaluatemanysub

optimal solutionsduring their execution.Sincethis numbertendsto be very large,it

is of greatinterestto havea methodthat evaluatesa determinedsolutionasquicklyas

possible.That is, what this chapteris mainly about.

One of the methodswe will analysewithin this chapteris the fastestone tested in

Dasdanet al. (1998)which is known as "Howard'sAlgorithm" and which wasfirst
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introduced in Howard (1960) (cf. Section 3.3). Furthermore, we will analyse a so called

"Parametric Critical Path Algorithm" published in Alcaide et al. (2007) and updated

in Kats et al. (2008) (cf. Section 3.4). Finally, in Section 3.5 we will then present a

new algorithm and compare all three methods in Section 3.6.

85



3. THE CJSPTB FOR A FIXED ROBOTIC CYCLE

3.3 Howard's Algorithm

The general idea of this algorithm is very simple. We start with a small enough value

for the cycle time 0; and then continuously increase 0; until an optimality condition

is fulfilled. We assumethat a CJSPTB is represented by a graph G = (V, E U A)

as described in Section 2.2.4. Since the constraints (2.48) and (2.49) are, due to the

feasible selection A, now fixed, the problem can be reformulated after building the

corresponding graph. Every arc (i,j) E E U A is representing a type of constraint and

consistsof a delay dij and a height hij. Therefore, the problem can be summarised as

min 0; (3.6)

s.t.

Si{r) = Si{O) + ra i E V,r E Z

Si{r) + dij ::; Sj{r + hij) (i,j) E E u A, rE Z.

(3.7)

(3.8)

By setting Si{O) = Si for all i E V and a substitution of (3.7) into (3.8) we get the

following formulation

min 0; (3.9)

s.t.

(3.10)

The problem defined by (3.9)-{3.10) is a special caseof the maximum cost-to-time ratio

problem and an easy way to solve this problem is for instance applying the simplex

method (cf. Dantzig et al. (1967)). However, there are other specialised algorithms

that solve the problem much faster and one of them is Howard's algorithm. Before we

start to discuss Howard's Algorithm, we want to recall some necessaryand sufficient
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conditions for the existence of a cyclic schedule from the literature. Furthermore, we

conclude that the optimal cycle time can be computed by analysing the cycles in the

graph C. The following results are basedon the work of Kampmeyer (2006) which can

be consulted for proofs and further details.

Let JL< E U A be a circuit in C. Then we define

d(JL):= L dij,

(i,j)E/l

h(lt):= L hij

(i,j)E/l

and

the length, the height and the value of It respectively. A circuit with maximum value

and positive height is called a critical circuit.

Theorem 3.3.1. The problem described by (3.9)-(3.10) has a feasible cyclic solution

with cycle time a > 0 if and only if each circuit JLfulfills one of the following conditions:

1. The circuit JLhas a positive height and arbitrary length.

2. The circuit JLhas a negative height and a negative length.

3. The circuit JLhas height zero and a non-positive length.

And additionally the following inequalities

min {~~~~ I JLis a circuit with h(lt) < o} :2 a :2

max {~~~:~ IlL is a circuit with h(JL) > 0}

have to hold.

Theorem 3.3.2. Assume that the problem described by (3.9)-(3.10) has a feasible cyclic

solution. Then the optimal cycle time is equal to the value of a critical circuit.

The pseudocodeof the algorithm is given in 3.3.1. Instead of using the complete graph

C = (V, E U A), the algorithm operates on a special subgraph Ca = (V, (E U A)a) of
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G where (EUA)u = {(i,O"(i)) I i,O"(i) E V}. The set (EUA)u ~ EuA is updated in

every iteration of the algorithm and thus the socalled policy graph Gu changesaswell.

The nodeset of this graph is the sameas in G. However,every node i hasexactly one

successorO"(i).

The algorithm can be divided into three parts. In the first one (cf. lines 1-5), the policy

graph Gu is initialised. Every nodestarts to be its own successorO"(i) = i. The distance

label of every node i E V is denoted by d(i) and initially set to d(i) = prin + ti. The

booleanvariable 'improved' which is initialised in line 5 is usedto indicate whether the

current solution has changedand, if this is not the case,to stop the algorithm.

After initialising Gu the graph consistsof severaldisjunctive circuits. The next part

of the algorithm is a while loop (lines 6 - 32) which can be divided into two parts. In

the first part, we find all circuits J.L in the graph and checkwith Theorem 3.3.1 if the

problem has no feasiblesolution. If this is not the case,we set the cycle time 0: equal

to the maximum value of a critical circuit in Gu (cf. line 13). In the secondpart (lines

14 - 20), the graph is updated in a way,such that the critical circuit remains the only

circuit in the graph. Furthermore, we recalculate the distance labels d( i) for all nodes

i E V (line 22). Within this line, the length of a longest path betweentwo nodes, is

the sum of the arc lengths contained in this path. Thereby, the length of an arc (i,j)

doesnot only consistsof its time lag dij but also of its height hij. In particular the

following holds:

length( (i, j)) = d(j} + dij - o:hij.

These labels are an estimation of the value of a longest path from i to the selected

node s.

In the last part of the algorithm (lines 24-31), we check, whether the labels can be

improved by changing the arcs in the graph Gu. If they cannot be improved, the

algorithm terminates and 0: is the minimal cycle time (line 33). Otherwise, the policy
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graph has changed and we restart at the beginning of the first while loop (line 6) with

the updated graph.

We want to show by an example how the algorithm works.

Example 3.3.1. We will reuse the data of Example 2.2.7 on page 60. There are 2 jobs

to beprocessed on 2 machines with the following data.

Job

Operation 1 2 3 4

Processing time 8 4 6 4

Machine Nh M2 Nh M2

Transportation times were set to ti = 2 for all i E 0* and to = t.; = O. The empty

moving times were given by eij = 1 for all i, j E 0* U {O, *} with i i= j and eii = O.

Again, consider the first cycle [rom time 0 to 24 of the solution prooided in Example

2.2.7 with height h*,o = 2 (cf. Figure 2.26 on page 60)and the implied robotic cycle:

The fixed alternative arcs for this final solution are shown in Figure 3.3. As one can

see, the hij -ualues on the arcs are compensating the differences between the repetition

numbers in the cycle. The arc set EuA of the gmph G, to which we will apply Howard's

Algorithm, consists of both arc sets belonging to the gmphs that are shown in Figures

2.25 and 3.3.

Starting with the initialisation phase of the algorithm, the first policy graph G~ is shown

in Figure 3.4(a). The corresponding labels and successors are given in the table below.

Node i I ° I 1 I 2 I *1 I 3 I 4 I *2 I *

d(i) 0 lO 6 2 8 6 2 0

O'(i) 0 1 2 *1 3 4 *2 *
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Procedure 3.3.1 Howard's Algorithm

1: for all nodesi E V do
2: set d(i) := prin + ti;

3: set o-(i) := i;
4: end for
5: improved := TRUE;
6: while improved is TRUE do
7: (E U A)a := {(i, o-(i)) liE V};
8: Find all circuits in Ca := (V, (E U A)a);
9: if Ca hascircuit /-L with h(/-L) < 0 and d(/-L) 2:: 0 or h(/-L) = 0 and d(/-L) > 0 then

10: return infeasible;
11: end if
12: Let /-L be the circuit with maximum value in Ca and h(/-L) > 0;
13: set a := v(/-L) = d(/-L)/h(/-L);
14: Selectnode s E /-L with smallest index;
15: VJ.L:= {i E V I there exists a path from ito s in Ca};
16: while VJ.Lf:. V do
17: Find node i E V \ VJ.Ls.t. there is a j E VJ.Land (i,j) E E U A;
18: set o-(i) := j;
19: set VJ.L:= VJ.LU {i};
20: end while
21: for all i E V do
22: update label d(i) to length of the longestpath from i to s in Ca;
23: end for
24: set improved := FALSE;
25: for all arcs (i,j) E E U A do
26: if d( i) < d(j) + dij - ahij then
27: set improved := TRUE;
28: set d(i) := d(j) + dij - ahij;
29: set o-(i) := j;
30: end if
31: end for
32: end while
33: return a;
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3.3 Howard's Algorithm

Figure 3.3: Arcs representingthe robotic cycle for Example 3.3.1

The circuit with maximum value in G~ is JL= (1,1) and emphasised by a dotted arc.

Its value is v(JL) = 10/1 = 10, which gives an initial minimal cycle time of 0: = 10 and

the only node in JLis s = 1. Then, the policy graph is updated in lines 16 - 20 and the

new graph G; is shown in Figure 3.4(b). Updating the labels and successors gives the

following values:

Node i I 0 I 1 I 2 I *1 I 3 I 4 I *2 I *

d(i) 2 0 -7 -14 1 -7 -14 -20

()(i) 1 1 1 2 4 1 2 0

For instance, the path from 3 to s = 1 is 3 ---+ 4 ---+ 1. Its length is 8 + 3 = 11 and its

height is 0 + 1 = 1. Thus the label is set to d(3) = 11 - 0: . 1 = 11 - 10 = 1. Based on

these labels and successors we update the graph again (lines 24 - 31) and the result is

shown in Figure 3.4(c). The labels and successors have changed as follows:

Node i I 0 I 1 I 2 I *1 I 3 I 4 I *2 I *

d(i) 2 14 4 -3 1 -7 -3 -20

di) 1 2 3 2 4 1 2 0

Returning to the beginning of the while-loop the critical circuit has changed to JL =

(1,2,3,4, 1) which is again indicated by dotted arcs in Figure 3.4(c). The value of this

circuit (and at the same time the new cycle time) is 0: = 24/1 = 24. Applying the rest
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of the algorithm we seethat the if-statement in line 26 is never true and thus a = 24

is returned as the optimal cycle time.

The running time for this version of Howard's Algorithm is pseudo-polynomial, which

means it is polynomial in the numeric value of the input. (Note that computational

complexity is measured in relation to the size of the input rather than the numeric

value which is exponential in the size of the input). However, the running time can be

summarised as

o (n2maopth(~+)) ,

where aopt is the minimal cycle time,

h(J.t+) := max{h(J.t) I J.t is a circuit in G without node repetition}

and e = d(i)-(d(j)+dij-ahij) is the maximal improvement during the label correction

in lines 24 - 31. For further details and proofs we refer to Kampmeyer (2006). Even

if the running time is pseudo-polynomial its practicality has already been shown in

Dasdan et al. (1998) and for that reason,we included it in our study as well.
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Figure 3.4: Policy graphs of Example 3.3.1
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3.4 A Parametric Critical Path Algorithm

The basic concept of this algorithm is a modification of the Bellman-Ford algorithm

(cf. Bellman (1958)). It was developedby Kats and Levner and from then on it had

somemodification and was applied to different problem types (cf. Kats and Levner

(1998a),Alcaide et al. (2007)and Kats et al. (2008)). However,the generalidea of the

algorithm alwaysstayedthe same.

Since this algorithm is based on a network algorithm, it also operates on a graph

G = (V, E U A). The node set V = {O} U 0* consists of the dummy start node 0

and all operations in 0* representingthe starting times of theseoperations. Note that

the dummy end operation * is not included in the nodeset. The arcs of the graph are

representingminimum time lagsbetweenthe starting points. Thosetime lagsarebased

on the formulation in Section 3.2 given by (3.1) - (3.5). Substituting Pi in constraint

(3.1) by (3.4), we get:

S
min { Ssuc(i), if Ti -< Tsuc(i);

i + Pi + tsuc(i) ~
Ssuc(i) + a, else.

(3.11)

for all i E O. Thus, the length of the arcs representing the precedenceconstraints

dependson the order of transport movesin the robotic cycle. If Ti precedesTsuc(i) in R

then we add an arc from i to sue(i) of length prin + tsuc(i)' Otherwise, the arc length

from i to sue(i) is going to be prin + tsuc(i) -a. Note that those lengths can be affine

functions rather than constant values,since they dependon the parameter a. This is

also the reason,why the algorithm is called "parametric".

For the transport constraints the following holds:

{

SsucR(i)' if Ti is not last in R;
Si + ei,pre(sucR(i)) + tsucR(i) ~

SsucR(i) + a, else.
(3.12)
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for all i E n* with M(i) f= M(sucM (i)). Those constraints can be represented by an

arc from ito sucR(i) of length ei,pre(sucR(i))+ tsucR(i) in case Ti is not last in R and one

from the start of the last operation in R to 1 of length e-.o + t : - a.

Finally, for the machine constraints the following holds:

if Ti -< Tsuc(i);

else.
(3.13)

for all i E n. Therefore, we add an arc from suc( i) to sucM (i) of either length 0 or

of length -a depending on the order of the transport moves. Note that these arcs

are only relevant in case of a non-blacking-feasible robotic cycle. Otherwise, they are

implied by the route the robot takes.

Finally, there is an arc from the dummy start node 0 to the first node in the cycle

(i = 1) of length ti-

Example 3.4.1. The graph for the data used in Example 3.3.1 is shown in Figure

3.5. The solid arcs are presenting precedence constraints and (except for one arc) are

of length prill + tsuc(i)' The arc from 4 to *2 is of length 6 - a since *2 precedes 4 in

the robotic cycle. The dashed arcs are representing the transport constraints. They are

all of length ei,pre(sucR(i))+ tsucR(i) = 3 except the arc from 0 to 1 (which is of length

tl = 2) and the one from the last operation 4 to the first operation 1 in the cycle (which

is of length 3 - a).

Bellman's and Ford's algorithm finds the single-source shortest paths in a weighted

directed graph. For graphs with only non-positive arc lengths, the faster Dijkstra's

algorithm also solves the problem. Thus, the Bellman-Ford Algorithm is primarily used

for graphs with positive arc lengths. In the graph presented above, some arcs lengths

are affine functions of the form a - bee, and therefore, might become negative for a large

enough value for bar a. Kats and Levner modified the Bellman-Ford Algorithm, so that
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processing transport machine

Figure 3.5: Graph for Example 3.4.1

it finds the longest paths in such a graph. The pseudocode of their Parametric Critical

Path Algorithm (PCP) is shown in Procedure 3.4.1. Since it is a labeling algorithm,

every node i E V has a distance label a:u(i). The different superscripts u are indicating

the different updates during the algorithm.

It starts with initialising the labels by setting the label of the sourcenode 0 to dO(O) = 0

and the ones for the remaining nodes i to ~(i) = -00 (cf, lines 1-2). Then the label

correction is carried out in lines 3 - 11. Within this, the algorithm alternates between

two cases.It either considersthe arcs from a node that precedesthe current one in the

robotic cycle or not. However, the ordering in the two casescould be chosen in any

other way. Sincethis algorithm is searchingfor the longest critical path from the source

node 0 to all other nodes, in every iteration, it updates the labels of every node i to

the maximum of the current label d( i)U and all labels d(j)U +dji, for which exist an arc

(j, i) in G. Note that the labels are not just integer values, but sets of affine function

depending on a. The label correction has been updated since its first version presented

in Alcaide et al. (2007). Originally, the outer for-loop would have beenexecuted 1V1-1

times and therefore one wouldn't distinguish betweenu being evenor odd. Apparently,

in Kats et al. (2008) the authors changed that to the current version, since it should

saveon average50% of operations while computing the max operator. The origin of

this idea is basedon Yen (1970) who consideredthe problem with constant arc lengths;
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After the label correction, one needsto find the feasiblevalues for exthat satisfy con-

straint (3.14). If there doesnot exist one, the problem is infeasible and otherwise the

minimum feasiblevalue for exis returned (cf. line 17).

Procedure 3.4.1 Parametric Critical Path Algorithm

1: dO(O) = 0;
2: dO(i) = -00 for all i E V \ {O}
3: for 'U = 0 to U - 1, where U = 2(1V1- 1) do
4: for i = 1 to IVI do
5: if u is eventhen
6: set du+1 (i) := max{ d(i)U, max{ d(j)U + djd};

Tj <ri

7: else
8: set du+1(i) := max{d(irt, max{d(j)U + dji}};

ti>«,
9: end if

10: end for
11: end for
12: for all arcs (i, j) E E u A do
13: solve the systemof functional relations

(3.14)

with respect to ex;
14: end for
15: Let T be the set of feasiblevaluessatisfying (3.14).
16: if T #- 0 then
17: return exopt = min{T};
18: else
19: return infeasible;
20: end if

The following example showshow the algorithm works.

Example 3.4.2. We are going to apply the algorithm on the graph of Example 3.4.1.

The labels after the initialisation are as follows

Node i I 0 I *1 I 3 I 4 I

-00
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For u = 0 the labels do not change. In the second repetition of the label correction, the

label of node 1 changes to d2(1) = 2 since the label of 0 is d1(0) = 0 and there exists

an arc from 0 to 1 of length 2. The maximum of { -00, 2} is obviously 2. After the

repetition for u = 6 the labels have changed to:

Node i I 0 11 I 2 I *1 I 3 I 4 I *2

d7 (i) I 0 I 2 116 118 115 I 21 112

For the next iteration (u = 7) let us consider node 1 with a current label of d7(1) = 2.

Since u is odd, we only consider nodes having an arc to 1 that appear later in the robotic

cycle. Operation 4 is the only one and the length of the arc from 4 to 1 is d41= 3 - a.

Thus, the label of 1 is updated to

d8(1) = max{d(lf, max{d(4f + d41}}

=max{2, max{21 + 3 - a} }

=max{2, 24 - a}

Here we can see, how the maximum operator starts to increase the number of terms of

the label. For every different coefficient of the variable a there will be another function

added to the label. At the end of the label correction the final labels are as follows:

d12(O) = 0

d12(1) = max{2,26 - a,48 - 2a}

d12(2) = max{12, 36 - a}

d12(*1) = max{18,42 - a}

d12(3) = max{15, 39 - a}

d12(4) = max{23, 45 - a}

d12(*2) = max{5, 29 - a, 51- 2a}

Solving constraints (3.14), the minimal value for the cycle time is a = 24. The critical
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nodes dominating this result are 3 and 4. According to (3.14) we have

{:} max{15, 39 - a} + 8 Smax{23, 45 - a}

{:} max{23,47 - a} Smax{23,45 - a}. (3.15)

We also have

{
23,

max{23, 47 - a} =
47 - a,

for o > 24;

else,

and

{
{

23,
max 23,45 - o:} =

45 - a,

for « > 22;

else.

Hence, constraint (3.15) holds [or all 0: ::::: 24. Continuing to solve the remaining

constraints of (3.14), the minimum cycle time is given by a = 24.

The running time of the PCP is O(1V14) which in case of the CJSPTB is equivalent to

O(n4) and therefore strongly polynomial (proofs can be found in Kats et al. (2008)).

The algorithm also has the advantages of being able to handle time window constraints

which would lead to negative time lags between some nodes.
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3.5 A New Algorithm

In this section we will present a new algorithm that solvesthe CJSPTB with a given

robotic cycle. The idea of the algorithm can be described as follows. Assume we are

given a feasible robotic route for the non-cyclic job-shop problem with transportation

and blocking (cf. Section 2.1.4). An earliest start schedulecan be obtained as follows.

We start with fixing the starting time of the first operation in the robotic route. Then,

we successivelyconsider every other operation associatedwith a transport move in the

robot route and calculate its earliest possible starting time. Obviously, this depends

on the precedenceand robot constraints. If we use the samegraph representation as

before, then the earliest point in time a task i in the project can be started is equivalent

to the length of a longest (critical) path from the starting task of the project to node i

(cf. Shtub et al. (1994)). (The Parametric Critical Path Algorithm from the previous

section also relies on the critical path method.) Therefore, in the non-cyclic problem,

an earliest start schedulecan be calculated in linear time. The sameidea will be used

in our approach. However, there is one problem in the cyclic problem, which makes

it slightly more difficult to solve: the overlapping operations. Since such an operation

consistsof two processingparts (one at the beginning an one at the end of the cycle),

the sum of them needsto be equal to the minimum processingtime of the operation.

Therefore, we cannot use the samecritical path method as for the non-cyclic problem.

Anyway, the basic idea is very effective and we will try make useout of it.

Since graphs or networks, as we have seenbefore, are common ways of representing

production processesor any kind of projects we have based our new approach on a

directed graph G = (V, E U A) as well. The nodes are representing the starting times

of all operations i E 0* and the arcs again minimal time distances between the start

of the operations. Additionally to the operation nodes, there is a dummy start node 0
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processing transport

Figure 3.6: Graph representingrobotic cycle for Example 3.5.1

and a dummy end node *. Thus, V = n* U{O,*}. The arcs in graph G are representing

those parts of constraints (3.1) to (3.3) which do not depend on o. We distinguish

between the following arcs:

• for every precedenceconstraint Si + Pi + tsuc(i) = Ssuc(i) together with pfin :S Pi

an arc from i to suc( i) of length eli,sHe(i) = pillin + tsuc(i),

• for every robot constraint Si + ci,pre(sllcR(i)) + tSllcR(i) :S Ss1tcR(i) an arc from i to

sucR(i) of length eli,sucR(i) = ei,pre(SllCH(i)) + tSllcR(i),

• for every machine constraint SSllc(i) :S SSlldl'f (i) an arc from suc( i) to sucM (i) of

length ds1tC(i),s1tcM(i) = O.

Furthermore, we add an arc of length ta( I) from dummy node 0 to the first operation

in the cycle a(1) and one from the last operation in the cycle a(N + n) to * of length

da(N+n),* = ea(N+n),O' If there exists a path from node i to node j then the length of a

longest path from i to j is denoted by C Pi,j' We call a longest path from 0 to * critical

path and an arc belonging to such a critical path is called critical arc. The following

example will present the corresponding network for our already known problem.

Example 3.5.1. Again, we use the same data as before (cf. Examples 2.2.7,3.3.1,

is blocking feasible we omit the arcs for the machine constraints given by (3.3). The

graph for this problem is shoum in Figure 3.6. The nodes are ordered in a way that is
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analogous to the robotic cycle. Between every two nodes i and '~ucR(i) we have an arc

of length 3 since ei,pre(sucR(i))+ tsucR(i)= 3 for all i E 0* U [O}. Furthermore, we have

arcs from i to suc(i) of length piin + 2 for all i where 7i -< 7suc(i)' Additionally, there

are two dummy arcs. One from 0 to 1 of length 2 and one from *3 to * of length O.

The critical path from 0 to * is (0 -+ 1 -+ 2 -+ 3 -+ 4 -+ *) and emphasised through

bold arcs in the graph. Its length is CPo,* = 24. Note that this length is a lower bound

for the cycle time.

As wecanseein the example,therearestill someconstraintsmissingin the graph. For

instance,there is no arc representingthe precedenceconstraintsbetweenoperation4

and *2. And thoseare the oneswhich dependon et or on the overlapping operations

(cf. page73). To get a better understandingof thoseoperations,imaginea cyclic

scheduleof length et asa Gantt-chart of length et which is wrappedarounda cylinder

with perimeterequalto et. Onestarts with the transport move71(1) of operation1 to

its machineand then movesaroundthe cylinder. To get the consecutiveschedule,one

simply increasesthe repetition numbereverytime the starting point of an operation

is reachedagain. A singlerepetition of the cyclic schedulecan be obtainedby slicing

through the cylinderat the beginningof 71 and unfoldingit. Obviously,it canhappen

that an operation i is cut in two parts. Thoseoperationsare the overlappingones.

In our case,an overlappingrelation can only be inducedby a precedenceconstraint

(constraint (3.1)). If wewouldassumethat the cycledoesnot necessarilyendwith the

robot arriving at the input station Mo onecould alsoslicethrough a transport move

and wewould alsoneedto take theseonesinto account.Note that for a machineMk

therecanbeat mostoneoverlappingrelation. This is the last operationi.processedon

machineMk for which the 'else'-casein (constraint (3.1)) holds. Lookingat the graph

in Figure 3.6the overlappingrelationsarethosethat arenot representedby an arc so

far. E.g., there would be an arc representinga precedenceconstraint from node4 in

this cycleto node*2 in the next cycleof length 6, Le. an arc from node4 in this cycle
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to node *2 in the samecycle of length 6 - 0:.

We denote by P the set of pairs Ij, il with i, j E V for which there exits an overlapping

relation from i to j. (The order of j and i in this definition is chosen because an

overlapping relation can be seen as one in which the order in the robotic cycle is

the wrong way rouncl.) For each pair Ij,'il E P, we introduce two arcs (O,j)lj,i1 and

(i, *) Ij,il of variable lengths Xlj,il and Ylj,il ' respectively, which dependon the precedence

constraint (3.1). For every overlapping operation i with Si + Pi + tsuc(i) = Ssuc(i) + 0:

together with prin S Pi, we add one arc from ° to 8uc(i) of variable length Xlsuc(i),il

and another arc from i to * of variable length Ylsuc(i),il' The property of those lengths

is, that

Xlsuc(i),il + Yls1tc(i),il = prin + tsuc(i)'

To include those relations in the graph, we define the following set of (possible parallel)

arcs associatedwith P by

Associated with every arc pair Ij, il E P there exists a value dlj,il ~ 0, which denotes

the minimal length of a pair, and correspondsto the minimal distance between node i

and node j. By adding the arcs of (E U A)' to graph C we get an extended graph C'

for the problem.

Example 3.5.2. Consider again the data of Example 3.5.1. For the precedence con-

straints, there is one overlapping operation which is i = 4. This operation leads to one

arc from 0 to *2 of variable length XI*2,41 and one from 4 to * of variable length YI*2,41'

For the sum of those lengths we can see that XI*2,41 + YI*2,41 = p~lin + t*2 = 6. Figure

3.7 shows the corresponding graph C'.

The aim now is to determine the lengths of the arcs in (E U A)' such that
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processing transport

Figure 3.7: Graph G' for Example 3.5.2

1. for all pairs Ij, il E P it holds that Xlj,il + YIj,il = dlj,il and

2. the length of a critical path from 0 to * in the corresponding graph C' is minimal.

However, this problem can be reducedto an equivalent problem in which the underlying

graph C hasonly O(m) vertices, wherem is the number of machines. To achievethis, we

use the longest path lengths CPi,j in graph C = (V, EUA). The graph C = (V, ElJA)
is defined as follows. Let VI = {j : Ij, il E P} and V2 = {i : Ij, il E Pl. Then,

V = {O,*} U VI U V2. Furthermore, ElJA is defined by the following arcs:

(a) arcs (0, i) for all i E V2 with length CPO,i,

(b) arcs (j, *) for all j E VI with length CPj,*,

(c) arc (0,*) with length CPo,*,

(d) arcs (j, i) with lengths CPj,i for all j E VI and i E V2 with the property that

there exists a path from j to i,

(e) arcs (O,j)lj,il with variable length Xlj,il for all Ij, il E P and

(f) arcs (i,*)lj,il with variable length Ylj,il for alllj,il E P.

--The reason for defining E U A in this way, is that there are four different possibilities

to create a critical path in Graph C. Such a path can start and finish in arcs of

constant length (cf. (c)), it can start in an arc of variable length and finish in an arc
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524

Figure 3.8: Graph 6 for Example 3.5.2

of constant length (d. (e),(b)), it can start in an arc of constant length and finish in

an arc of variable length (cf. (a),(£)), and it can start and finish in arcs of variable

length (cf. (e),(d),(f)). Figure ;t8 shows the reduced graph C for Example 3.5.2. It

is easy to see that the critical path length in C' is equal to the critical path length

in C. Hence, the problem can bo reformulated to: Determine the lengths of all arcs

(O,j)lj,il' (i, *)Ij,il E (E U A)' such that :cU,il + Ylj,il = ci1j,il and the length of a critical

path from 0 to * is minimal in (J.

3.5.1 A Linear Programming Formulation

The problem derived in the previous section can be formulated as the following linear

program LPl.

minimise 0: (3.16)

s.t.

XIJ,il + YU,iI cib,iI

Xlj,il + CPj,k + YII,kl < 0:

Xlj,il + CPj,* < 0:

C PO,i + YU,il < 0:

V jj,ilEP

V Ij, ii, Il, kl E P

V lj,ilEP

V Ij,iIEP

V Ij,iIEP.

(3.17)

(3.18)

(3.19)

(3.20)

(3.21)

(3.22)
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To derive optimality conditions for LP1, we consider a non-directed bipartite graph B

with vertex sets VI and V2 and arc set Acp u Ap where

Acp = {(j,i),(i,j) : j E VI,i E V2 and in G there

exists a critical path containing both j and i},

Ap={(j,i),(i,j): Jj,iIEP}.

Note that Acp depends on the given solution implied by the vectors (xlj,il) Ij,iIEP'

(YIj,il) Ij,iIEP' A path in B is called an alternating path if its arcs are alternating between

arcs from Acp and Ap. Furthermore, an alternating cycle is an alternating path that

starts and ends in the samenode.

Theorem 3.5.1. A feasible solution of the linear program LP1 is optimal if one of the

following conditions holds:

1. The corresponding non-directed bipartite graph B contains an alternating cycle.

2. There exists an alternating path in the corresponding non-directed bipartite graph

B that

• starts with an arc (cI,il) E Acp, where (i1,*)lh,ill is on a critical path with

an arc (0,Cl) of constant length, and

• ends with an arc (jk, C2)E Acp, where (O,jk)ljk,ikl is on a critical path with

an arc (C2,*) of constant length.

Proof. Case 1: Assume that there exists an alternating cycle

(il,jd(jl, i2) (i2,h)(h, i3) ... (jk-l, ik) (ik,jk)(jk, id·
.....___.........___.... "'-v-'"

EAp EAp EAp

To improve the solution, which means decreasingthe critical path length, we have to
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decrease at least one xIJ· i I-value or YIJ· ii-value. W.l.o.g. we consider the length ofv, v l v, V

Yljl,ill' This value is replaced by Ylh,ill - El· Due to condition (3.17), Xljl,iIl must be

replaced by xlh,ill +e r- Since (O,jJ)Ul,ill is on a critical path with (i2, *)Ih,i21 the value

YI12hl must be replaced by Ylj2hl - El - E2, because otherwise there is no decrease of

the solution value. Again this implies that :rlhhl must be replaced by XIh,i21 + El + E2,

etc. (cf. Figure 3.9(a)). Finally, ;Cl.ik,iklmust be replaced by Xljk,ikl + El + E2 + ... + Ek

which implies that the path (0,jdUk,ikl(jk,id(il,*)lh,i11 is of length

In other words, the critical path length cannot be decreased by decreasing YUl,ill'

Symmetrically, the critical path length cannot be decreased by decreasing xlh ,ill'

Case 2: In this case, assume that there exists an alternating path which starts in a

node Cl. This node implies a critical arc (0, cd of constant length. Furthermore, there

exists a critical path going through (O,cd and (il,*)IJI,iII' Symmetrically, there is a

node C2at the end of the alternating path and there exists a critical path going through

(O,jk)ljl,ill and (C2,*) (cf. Figure :3.9(b)). The alternating path then is

(q,id (il,jl)(jl,i2) (i'2,.h)(j2,ia) ... (jk-l,ik) (ik,jk)(jk,C2) .....___.......___... ....___...
EAp EAI' EAp

In a better solution, the Yljl,ill-value must be replaced by YIJI,ill - El. Following the

same principle as in case 1 the critical path through (0, jk) and (C2, *) has increased by

El + ... + Ek and, therefore, the solution was already optimal.

D
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Ap Acp
.....__... --

(a) Alternating cyclefor item 1

Ap Acp.._-_...... --
(b) Alternating path for item 2

Figure 3.9: Bipartite graph B for proof of Theorem 3.5.1

3.5.2 An Algorithm to Solvethe SpecialLinear ProgramLPl

In this section wepresentan algorithm to solveLPl. We choosean arbitrary numbering

of the elements in P = {iiI, ill, Ih, i21,... , lilPl' ilPII} and define

with 1/ = 1, ... , !PI. The idea of the algorithm is to iteratively solve the relaxation

of LP1 in which P is replaced by Pv' That means, we start with graph C, add

PI = {Ijl,ill} to it and determine the optimal values for xlh,ill and Ylh,ill' such that

the new critical path length is minimal. To this new graph, we add the next pair Ih, i21

and solve the problem again. We continue until all arc pairs have been added to the

graph. The underlying graph of eachrelaxation is denoted by c; To solvethe problem

associatedwith Gv+! (1/ = 0, ... , IPI- 1), we use the optimal solution for the problem

associatedwith c.; where Go is the graph consisting of the single arc (0, *) of length

CPo,*. Note that if 1/ = ° then 0: = CPo,* is the optimal solution becauseP = 0.
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3.5 A New Algorithm

Determining the Arc Lengths of a Pair

We start with describing, how a relaxation associated with Cv+1 can be solved. The

pseudo-codeof such an iteration can be found in Procedure 3.5.1. In this procedure,

we use the following notations:

• CPj,i denotes the length of the longest paths from j to i in o; for the current

value of u,

• (lfUA)v are the arcs corresponding to Pv, and

• the lengths of the current solution values are denoted by Xlj,il' Ylj,il'

For every pair Ij, z], the algorithm works as follows:

Step 1. line 2-3: We start with initialising the lengths of the arc pair to a minimal
~ ~

value. If the length CPO,j of the longest path from 0 to j plus the length CPi,*

of the longest path from i to * is greater than or equal to dlj,il, then we set

This choice is neither changing the length of the longest path from 0 to any

other node in the network, nor from any node in the network to *, since it is

at most equal to the length of a path that is already in the graph.

Step 2. line 4-10: Else we need to increase the length of the arc pair. Therefore, let

(II· ·1 = dl· ·1 - (xI· ·1+ YI: ·1)J,~ J,Z J,Z J,t

be the value the arcs are still to short after the first step. We calculate the

maximal length an arc from i to * can be set without increasing the critical
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path length. That is CPo,* - CPO,i. Thus Ylj,il canbe increasedby CPo,* -

CPO,i - Ylj,il without increasingCPo,*. We set Ylj,il to the minimum of this

valueand dlj,il. If Xlj,il + Ylj,il = dlj,il holdsthen wearefinished.

Step3. line 11-16:Else,westill needto increasethe lengthof xU,il + Ylj,il. Again, let

dlj,il = dU,il - (Xlj,il + YU,il) be the valuethe arcsare still to short after the

first two steps.Wecalculatethe maximallengthan arc from 0 to j canbe set

without increasingthe critical path length. That is CPo,* - CPj,*. Thus Xlj,il

can be increasedby CPo,* - xU,il - CPj,* without increasingCPo,*. We set

Xlj,il to the minimumof this valueand dU,il· If Xlj,il + Ylj,il = dlj,il holdsthen

wearefinished.

Step4. line 17-22:Else,wemust increasethe critical path lengths.Thereforewesplit

the remainingdifferencedlj,il evenlyon both arcs. That means,we increase

Xlj,il and Ylj,il by cll~il. Note that this could lead to a non-integervalue for

--Xlj,il' Ylj,il andCPo,*. Sincethe critical path lengthhasbeenincreasedwehave

to makesure,that the solutionis still optimal. The followingsectiondescribes

howthis canbe done.

Correctingthe Solutionand Proof of Optimality

Assumethat westart with a graph representingan optimal solution for the arc pairs

insertedso far. That means,all lengthsXlj,il' Ylj,il of the arc pairs in the graph are

feasible(Xlj,il + Ylj,il = dlj,il) and the critical path length CPo,* is minimal. If, after

inserting an arc pair with Procedure3.5.1,the critical path length has not changed

then the solution is still optimal, sinceaddingan arc pair cannotdecreasethe critical

path length. On the other hand,if the lengthof the critical path haschanged,weneed

to check,whetherthe solutionis still optimal, andcorrectit if it is necessary.Finishing

in Step4 of the algorithm, it holdsthat everycritical path containseither arc (0,j)U,il
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3.5 A New Algorithm

Procedure 3.5.1 Determine lengths of arc pair (O,j), (i,*) E (E u A)'

1: procedure determineLengths(pair Ij, il)

2: :rlj,il := min{dU,il,CPO,j}; Ylj,il := min{dU,il- XU,iI'CPi,*};
3: if xU,i1+ YU,il 2: dU,il then return
4: else

5: dl, 'I = dl" 'I - (XI' 'I + YI' 'I)J,2 ____2_,'l Y J,z

6: ~i := CPO,* - CPO,i - Ylj,il
7: ]tjj,il := ]tjj,il + min{ ~j,il' ~d
8: dU,il := dlj,il - min {dU,il' ~i}
9: end if

10: if dU,il = ° then return
11: else _j_ a critical path contains i}
12: ~j := CPo,* - Xlj,il - CPj,*

13: xU,il := Xlj,il + min{dlj,il' ~j}
14: dU,il := dlj,il - min {dU,il' ~j}
15: end if
16:

17:

18:

if dU,il = ° then return
else {a critical path contains j}

,_ dlj,;1
Xlj,il ,- Xlj,il + -2-

,_ + dlj,;1
Ylj,il ,- Ylj,il -2-

end if
19:

20:

21: optimality check and possible correction (cJ. next section)
22: return
23: end procedure

or Ci, * )Jj,il or both. In the latter case, due to Theorem 3.5.1, the solution is already

optimal, because the cycle (i, j) (j, i) is alternating. Otherwise, we distinguish between

two different cases for the bipartite graph:

Case A: There is an alternating path starting in a node 11.and finishing in a node i or

j. The arc corresponding to 11.has the form (11.,*) or (0,11.), i.e. it has constant

length, whereas the finishing arc has the form (O,j)lj,il or (i,*)U,il, i.e. it has

variable length.

Case B: There is an alternating path including node j and i that starts in a node 11.

and ends in a node t where (O,j)Jj,il, (i,*)Jj,il, (11.'*)lv,ul and (O,t)lt,sl are arcs
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critical arc

Figure 3.10: Graphfor caseA or B

in 6 of variable length.

The fact that one caseof the two always holds can be seenas follows. Since (0, j)lj,il

and (i, * )I,j,il are on a critical paths there exists an alternating path of the form

(u,j) (j,i) (i,t),
'--"~~
EAcp EAp EAcp

where an arc al from u to * is on a critical path with (O,j)lj,il and an arc a2 from 0 to

t is on a critical path with (i,*)lj,il (cf. Figure 3.10). If alar a2 are of constant length

then caseA holds, otherwise caseB holds.

The aim is now to decreasethe length of the critical paths. Sincethere can be more

than just one critical path in the graph, we obviously have to decreasethe lengths of

all of them. The rough idea is to follow the alternating path(s) and iteratively decrease

every critical path by a (so far unknown) value of e > 0, until we reach the end of

every alternating path. Then we calculate the minimal value for e, such that at least

one additional arc becomescritical and update the graph. This will also add another

arc to an alternating path in the correspondingbipartite graph B. We continue with

this s-correctlon until we either get an alternating cycle or an alternating path that

starts and ends in a node belonging to a critical arc of constant length. This means

the solution is optimal.

The difference between the two casesis, that in caseA we start at node u and only

follow the alternating path in one direction, whereasin caseB we start at nodej and i
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and follow the alternating path in both directions. In caseA, this method will always

lead to an optimal solution since the correction could either lead to an alternating cycle

or the alternating path also ends in a constant node. However, in caseB we can also

finish with an alternating cycle, or one side of an alternating path finishes in a constant

node. In the latter case,we change to the correction method to the one presented in

caseA.

In the following we explain the two correction methods in more detail.

CaseA: In this case,there must be a critical path including a constant arc and an arc

belonging to a pair. As indicated before, we can assumethat this critical path

if of the special form 0 --t j --t 'lL --t *, where ('lL, *) is an arc of constant length

and (0, j)lj,il belongs to a pair. Furthermore, let 0 --t t --t i --t * be another

critical path where (0, t)lt,sl belongs to an arc pair. Then the alternating path

would be

(u,j) (j,i) (i,t) (t,s) ......__..,....._,__ ....._,__ ....._,__
EAcp EAp EAcp EAp

This scenario is shown in Figure 3.11(a). (Note that this figure is not showing

the bipartite graph but C.) To decreasethe lengths of the critical paths we

start with decreasing the length of xlj,i1 by El. Due to constraint (3.17), we

have to increase YIj,il by El. Since (i,*)lj,il is on a critical path as well, the

extension by El would increase the critical path length. Therefore, we have

to decreasethe lengths of all arcs that are critical with (i, *)Ij,il by 2EI to

decreasethe overall length of these paths by El. This situation is shown in

Figure 3.11(b). One can see that both critical paths 0 --t j --t u --t * and

o --t t --t i --t * have been shortened by El. Again, we have to increase

the length of all partner arcs (here (s,*)lt,81) by 2EI. After reaching a non-

critical arc (here (s, *)It,81) on this alternating path, we can calculate a value

for El, such that another critical path will be added to the graph, and a
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previously non-critical arc becomes critical. (We will explain later, how cl

can be calculated.) A possibility for an updated graph is shown in Figure

3.11(c). Here, (0, l)ll,kl and (8, *)It,sl becamecritical after the first s-correction

and the alternating path has been extended to

(u,j) (j,i) (i,t) (t,8) (8,l) (l,k) ...__.,....__. ....__. ...__,....__....__,
EAcp EAp EAcp EAp EAcp EAp

If 8 would have become critical with j, then there would already be an alter-

nating cycle

(j,i) (i, t) (t,8) (8,j)....__.....__. ...__,....._,,_
EAp EAcp EAp EAcp

and the solution would be optimal. Otherwise we get the situation shown in

Figure 3.11(c). Since the solution is still not optimal (there is no alternating

cycle in the corresponding bipartite graph), we start again at the same arc

(u, *) and try another attempt by correcting all critical paths by C2 (cf. Fig-

ure 3.11(d)). If, after this c2-correction, k is critical with j or t an alternating

cycle has been created. Otherwise, we have to continue. An optimal solution

after a correction with C2is shown in Figure 3.11(e). Note that, after every

s-correction, an additional arc in the graph becomescritical, while the previ-

ously critical arcs stay critical. Sincethe number of non-critical arcs is limited,

the approach must finally stop at some point. As soon as a non-critical arc

becomescritical with a constant arc or an arc already included in the alter-

nating path, the solution is optimal. In the worst case,every arc in the graph

becomescritical.

CaseB: This time, we have a critical path including (0, j)lj,il and another one including

(i, *) Ij,il. As indicated before, we can assumethat this critical path is of the
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Bconstant and
Bcritical arc Bcritical arc

(a) Initial situation

(c) (O,l)ll,kl and (s'*)lt,sl becamo orit.ical

Bmight become
Bcritical arc

(b) Correction by El

(d) Correction by E2

(e) (k,*)ll,kl became critical with (O,j)l1,il' So-
lution is optimal

Figure 3.11: Possibles+corrections in caseA after adding arc pair (O,j)lj,il(i,*)lj,il
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specialform

(s,t) (t,i) (i,j) (j,u) (u,v)~.__., ~...__"..._,__
EAp EAcp EAp EAcp EAp

(cf. Figure 3.12{a)). We start in the middle of the path at {O,j)lj,il and

(i, *) Ij,il and move"right" from nodej and "left" from nodei alongthe path.

Westart decreasingthe length of the arcsthat arecritical with {O,j)lj,il and

(i, *) Ij,il' Figure 3.12{b)givesan examplefor sucha situation. Both values

Xlt,sl and Ylv,ul are decreasedby Cl and their partner arcsmust be increased

by the samevalue. We chooseCl to be largeenoughsothat at leastanother

arcbecomescritical {here{s, *)It,sl togetherwith (O,l)ll,kl) and the alternating

path hasbeenextendedto

(k,l) (l,s) (s,t) (t,i) (i,j) (j,u) (u,v).
'-v-'~ ~.__., ~...__"..._,__
EAp EAcp EAp EAcp EAp EAcp EAp

Sincethe solution is still not optimal we carryon with the correctionby C2

(cf. Figure 3.12{c)). Continuingwith the procedure,there are two possible

situationsthat canbe reached.

(a) An arc of constant length becomescritical. In this case,wecannotextend

the alternating path in this direction. This means,we havea situation

like in caseA. Hence,we do not continuewith this correction method

but changeto the method in caseA starting with the constantarc the

alternating path now finishesin.

(b) An arc becomescritical with an arc that is already part of the alternating

path. In this case,wehaveanalternatingcycleandthe solutionisoptimal.

One of thesesituations must be reachedafter a finite numberof extensions

becausenew arcsbecomecritical as long as noneof thosetwo casesoccur.

Continuingwith theexampleandapplyingthe correctionby C2 at leastonead-
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ditional are (here (0, V)IV,lll and (k,*)ll,kl) becomescritical (cf. Figure 3.I2(d)).

This solution is optimal since there is an alternating cycle

(v, k) (1.:, l) (l,8) (s, t) (t, i) (i,j) (j, u) (u, v).
"-v-""-v-""-v-" "-v-" "-v-" "-v-""-v-""-v-"
EAcp EA}' EAcp EAp EAcp EAp EAcp EAp

Beritieal are

(a) Initial situation (b) Correction by Cl

(c) (O,I)ll,kl and (8,*)lt,,'1 became critical (d) (O,v)lv,ul became critical with (k,*kkl'
Solution is optimal

Figure 3.12: PossibleE-correctiolls in caseB after adding arc pair (0, j)lj,il(i, *)I),il

dure A.I and A.2 in Appendix A.

The pseudo-codesincluding a formal description of the corrections are given in Proce-
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As mentioned before, there are different possibilities of generating new critical arcs or

alternating paths after an e-correction. During this correction somevariable arc lengths

have been increased or decreasedby a multiple of c. However, we do not know this

value yet. It can be calculated as follows.

After the correction, the critical path is going to be decreasedby c, i.e.

(3.23)

Changing the arc lengths on the left and right hand side of the graph, changes the

length of the paths from 0 to *. Those lengths can be described by

where (O,t)lt,sl (respectively (s,*)lt,sl) is either critical or has been increased by a mul-

tiple of c. Those lengths need to be at most as large as the new critical path length,

which means

-- -r+-otd
CPo,s(c) + Ylt,sl(c) ~ CPo,* - s,

(3.24)

(3.25)

must hold. Note that the values on the left hand side of these constraints do not

necessarily need to be depending on c. E.g. it is also possible that a new longest path

only contains arcs of constant length. We now have to determine the largest e, such

that no constraint is violated and for at least one of the constraints (3.24) or (3.25)

the equality holds for every arc that has been increased by a multiple of c. We are.

interested in the minimum value of e fulfilling the constraints which gives the optimal

value for the s-correction. If we consider the situation in Figure 3.12(b) then e.g. the

118



3.5 A New Algorithm

arcs (O,v)lv,ul and (O,j)lj,il would lead to the following constraints for constraint (3.24):

----old -rr-r-ol d

Xlv,ul + Cl + cr., + Ylj,il ::; CP -El, Xlj,il + cr., + YIJ,il < CP - cl,

~old ~old

Xlv,ul + Cl + ce.,+ Ylt,,1 + Cl ::; CP - cl, XIJ,il + cr.,+ Ylt,sl + Cl ::; CP - Cl,

~old -old

Xlv,ul + cl + CPu,u+ Ylv,ul ::; CP - cl, XIJ,il + CPj,u + Ylv,ul ::; CP - cl,

~old -old

Xlv,ul + Cl + CP",* ::; CP - cl, XIJ,;I + CPj,* < CP - Cl,

Additionally, we have to add the constraints corresponding to (3,25), All constraints

will lead to an upper bound for El, The minimal upper bound also impacts which arcs

will becomecritical. The calculated value is usedto update the arc lengths in the graph

that depend on El and the next iteration can start.

From the discussionabove, the following theorem can be obtained.

Theorem 3.5.2. Adding all arc pairs [rotti (EUA)' to C with Procedure 3.5.1provides

an optimal solution for the linear pmgram LP1.

Complexity Analysis and Numerical Example

Lemma 3.5.1. The complexity of adding IFI arc pairs 11,'il E P to the graph such that

the graph has minimal critical path length is O(IE U AI ·IFI + 1F14),

Proo]. First, wecalculate all longest paths CPj,i with i, i E V for the given graph C. In

a directed acyclic graph with IE U AI arcs and a unique topological order every critical

path from a specific node to any other node can be calculated in time O(IEuAI). Since

there are O(IPI) nodesin the reducedgraph G and a longest path can be dependent on

all O(IEUAI) arcs from the original graph C, all critical paths CPj,i with j, i E V can be

calculated in time O(IEUAI·IPI)· Note that thesevalueswill never changethroughout

the whole procedure, since these paths only contain arcs of constant lengths.

The Steps 1 - 4 of Procedure 3,5.1without the correction part in line 21 can be done

in constant time. If we have to correct the solution, then every critical path either goes
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through (O,j)lj,il or (i,*)lj,il. In the bipartite graph, we follow every alternating path

until we either prove that the solution is optimal or we find some arc pairs that can

be corrected by e and start again. In the worst case,we have to visit all nodes which

leadsto a complexity of O(IPI). To checkoptimality, at eachstep we examine whether

the visited arc is on a critical path with an arc already contained in the alternating

path. In this case,we have an alternating cycle which provesoptimality. This can also

be done in time O(IPI). Since at least one arc pair will be corrected and in the worst

casewe have to correct all arcs, the overall correction has a complexity of O(IPI3).

Afterwards, the value for e can be calculated in O(IPI2).

Overall there are IPI arc pairs to be inserted, which means the total complexity in-

cluding the calculation of all longest paths CPj,i with j, i E V at the beginning is

D

Applying this algorithm to the problem usedthroughout the chapter so far, would not

really demonstrate how the algorithm (especially the s-correction] works. Indeed, the

optimal solution of CPo,* = 24 is already given by the length of the critical path in

G (cf. Figure 3.6). For the arc pair 1*2,41 of length dl*2,41 = 6 the algorithm would

already terminate after Step 1 with XI*2,41 = 5 and YI*2,41 = 1. Hence,we have chosena

different example, where also the e-correction has to be applied. For reasonsof clarity,

we only present the graph G' instead of G.

Example 3.5.3. Consider the initial graph G in Figure 3.13(a) with CPo,* = 10. We

will add three arc pairs to the graph. The first pair is (O,j)lj,il and (i,*)lj,il with length

dlj,il = 20. Starting with the first step of Procedure 3.5.1, we set Xlj,il = CPO,j = 1

and Ylj,il = CPi,* = 4. The sum of these lengths is 5, so that the arcs are dji = 15

units to short. Applying the next step, we increase the lengths Ylj,il to 6 so that arc

(i,*)Ij,il becomescritical. Since the length is still too short and arc (O,j)lj,il is already

on a critical path, we have to extend the critical path lengths in Step 4. The remainder
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135

139

(a) Initial Graph e

131 + 6.5 = 7.5 136 + 6.5 = 12.5

(b) Graph e', after adding the first arc pair Ij, il

137.5 1312.5

I
I

L.__•••• ••__. ...... -- --
138.5 + 1.5 = 10

I
I I
I I1. .1

136.5 + 1.5 = 8

(c) Graph e; after adding the second arc pair 11, kl

I

:
'--_ .......... --_ .......... --- .......~

1310 - E

(d) Graph e~aft.er adding the third arc pair lv, ul

: I
L ...... ••••• ......
1310 - 0.25 = 9.75 138 + 0.25 = 8.2589

(e) Graph e; after E-correctioll

Figure 3.13: Iterative stepsof Example 3.5.3
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CPo,* = 10

----CPO,* = 23

dl"1 = 20J,t

----CPo,* = 24.5

dll,kl = 18

----CP«, = 25.25

d1v,u.1 = 22

----CPo,* = 25
E = 0.25
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Ap Acp Ap Acp

(a) Bipartite graph befores-correction (b) Bipartite graph after e-correction

Figure 3.14: Bipartite graph of Example 3.5.3

dlj,il = 13 will be evenly split on both arcs, which means Xlj,il = 7.5 and Ylj,il = 12.5.

The solution is optimal since both arcs are included in the same critical path with lengths

CPo,* = 23 (cf. Figure 3.13(b)). The second arc pair is (0, 1)ll,kl and (k, *)Il,kl with

length dl1,kl = 18. It is also introduced in Step 4 and increases the critical path to

CPo,* = 24.5 (cf. Figure 3.13(c)). This solution is optimal due to Theorem 3.5.1 since

there are two critical paths 0 --t j --t k --t * and 0 --t I --t i --t *, where each arc of the

added pairs is included in one of them, and the bipartite graph contains the alternating

cycle

(j,i) (i,l) (l,k)(k,j).
'-v-' ......._"-..,........___,
EAp EAcp EAp EAcp

The last pair to add is (O,v)lv,ul and (u,*)lv,ul with length dlv,ul = 22 and the algorithm

again finishes in step 4 now withCPo,* = 25.25. However, the solution can beimproved,

since there is the following alternating path

(j,i) (i,v) (v,u) (u,l) (l,k)
'-v-' -..,........___,-..,......-..,......
EAp EAcp EAp EAcp EAp

in the corresponding bipartite graph (cf. Figure 3.14(a)). Due to case B of the cor-

rection we extend the path to the left and to the right starting at the pair Iv, ul and

finishing at the arcs (k, *)Il,kl and (0, j)lj,il of variable lengths. Thus, we can increase
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both arcs by E and decrease their partner arcs by E. Since both nodes are at the end

of the alternating path, we can calculate E. In particular, we need to find the largest E

such that

~
7.5 + E + CPj,* :s; CPo,* - E = 25.25 - E,

10 E + CPz,* :s; 25.25 - E,

11.75 + CPv,* :s; 25.25 - E,

CPO,i+ 12.5 - E :s; 25.25 - E,

CPO,k+ 8 + E :s; 25.25 - E,

CPO,u+ 10.25 :s; 25.25 - E.

Therefore, we first calculate the length of each longest path given in these constraints

which obviously can depend on E. For example CPj,* = max{15.5 - E, 17 + E, 16.25} =

17 + E since E ::::: 0 and the first constraint would lead to

24.5 + 2E :s; 25.25 - E

3E :s; 0.75

< 0.25

Continuing with the other constraint we finally get E = 0.25. Correcting all arcs the
~

critical paths length decreases to CPo,* = 25 and the optimal graph can be found

in Figure 3.13(e). It is optimal, because there is a critical path including both arcs

(0, u)lv,ul' (v, *)Iv,ul of the same arc pair and the corresponding bipartite graph contains

an alternating cycle (cf. Figure 3.14(b)).

So far in this section, we havepresenteda method to changea cyclic graph representing

a feasible solution of the CJSPTB into a directed cyclic graph. Each "backwards" arc
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hasbeenremoved,which leavesa non-cyclicgraph. Afterwards,the removedarcsare

successivelyaddedto the graphasnon-cyclicarcpairsandtheir lengthsaredetermined

in a waysuchthat the overall lengthof a critical path from the sourcenode0 to the

sink node* is minimal. We haveshownthat both graph representationscanbe used

to determinean optimal solutionfor the CJSPTBwith a givenrobotic cycle.

Lemma 3.5.2. The complexity to calculate the minimal cycle time of the CJSPTB

with a given robotic cycle is O(nm + m4).

Proof. Every nodei E 0* can haveat most 3 outgoingarcs: one for the precedence

constraint,one for the robotic constraintsand onefor the machineconstraints. The

sourcenode0 canhaveat mostm outgoingarcs.Onefor everymachineexceptM(l)

representinganoverlappingoperation,andanotheronefor the first transport move71.

Hence,therecanonly be m pairsof arcsin (E U A)'. UsingLemma3.5.1,weget an

overallcomplexityof O(nm + m4). D

It is worth mentioningthat the numberof machinesis usually significantly smaller

than the numberof operations.Therefore,the complexityis mostly dependingon the

numberof operation. Moreover,for a fixed numberof machinesthe complexityturns

out to be linear in n. Furthermore,after determiningthe final graph, it is easyto

calculatethe starting times of all operationsin the problemand finally building the

schedule.The starting point of eachoperationi is equivalentto the longestpath from

o to i in the non-reducedgraphG' includingthe final lengthsof the arcsin (E U A)'.

Sincethe critical path can be calculatedin linear time, the complexityof the whole

procedurewill not increasewhenweincludethe calculationof the completeschedule.

Forpracticalpurposes,it is worthsortingthearcpairsbeforeaddingthemto the graph.

Insertingthe "long" arc pairs Ii,il E P, that might increasethe length CPO,j, CPi,* or

evenCPo,* the most,at the beginning,canalreadyincreasesomecritical path lengths,
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such that "shorter" arc pairs can be added to the graph in an earlier stage of the

algorithm. Also, possible corrections steps could be avoided. For this reason, we sort

the arc pairs in descendingorder according to the ratio

dl· '1),Z
(3.26)

CPO,j + CPi,*'

for all jj, il E P. This means, the "shorter" arc pairs, that have a smaller possibility to

changethe critical path, will be inserted at the end of the algorithm. Note that this is

not changing the complexity nor guaranteing to speedup the algorithm. However, to

get an idea, we compared, the results of the algorithm by sorting the arc pairs once in

descendingorder to the ratio given in (3.26) and the other time in the reverseorder and

applying it on the data set presentedin the next section. The descendingsorting slightly

outperformed the ascendingone on all instances. However, the improvements wereonly

fractions of milliseconds, but used as a method to evaluate the current solutions in a

heuristic, it still is an improvement and will therefore savesometime.
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3.6 Comparison of the Algorithms

In this section,wewantto discussthecomputationalcomplexityof the threealgorithms

and presenta comparisonof their actual running timeson variousdata sets.Westart

with the latter one. In Dasdanet al. (1998),a similar comparisonof severalalgorithms

(Howard'salgorithm wasoneof them) hasalreadybeendonefor graphsin which the

heightof eacharc wasat mostone

All algorithmshavebeenre-implementedin C++ (singlethreaded)andbuilt with the

MicrosoftVisual Studio2010compiler.The experimentswereexecutedon a computer

equippedwith an Intel i5 quad core CPU, 4 x 2.8MHZ, 8GB of memory,running

MicrosoftWindows7 professional,64bit. To get a fair comparison,we usedthe same

graphdata structurefor all threealgorithms.For the statisticalanalysiswehaveused

R, a softwareenvironmentfor statistical computingand graphics(cf. R Development

CoreTeam).

The data for the comparisonhasbeengeneratedasfollows. Wehaveuseda data set

generator(cf. Section4.4)to randomlygenerate28probleminstancesfor the CJSPTB

of different sizes. For eachof theseinstanceswe havecomputedup to 500 feasible

robotic cycles(without any restriction to the height) and randomly chose5 out of

them. So, in total we had 140solutionswhich can be found in Tables3.3-3.4. The

columnsfrom left to right are indicating the nameof the probleminstance(name),

the numberof jobs (N), the numberof machines(m), the numberof operations(n),

a uniqueidentificationnumber(ID), the actual problemheight (h!,o) and the number

of overlappingoperations(0). The instancesare sortedaccordingto their numberof

operations,their heightand the numberof the overlappingoperations.

It usually is difficult, to comparethe running timesof differentalgorithmsfor specific

probleminstances,sincethey dependa lot on the underlyingdatastructuresandother
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Name N m n ID h: [) 0 Name N m n ID h:o 0

1 2 61 2 2
2 2 62 2 2

jspt-2x5-1 2 5 9 3 2 jspt-l0x5-1 10 5 41 63 2 2
4 2 64 2 2
5 2 65 2 2

6 2 66 2 2
7 2 67 2 2

jspt-Sxfi-I 3 5 13 8 2 jspt-7x7-1 7 7 43 68 2 2
9 2 69 2 2
10 2 70 2 2

11 2 1 71 3 3
12 2 1 72 2 3

jspt-4x5-1 4 5 17 13 2 1 jspt-5xl0-l 5 10 46 73 3 5
14 2 1 74 3 5
15 2 1 75 3 5

16 3 4 76 2 3
17 3 4 77 3 3

jspt-2xlO-1 2 10 19 18 4 5 jspt-6xl0-l 6 10 55 78 3 3
19 4 5 79 3 4
20 4 5 80 3 4

21 2 81 2 2
22 2 82 2 2

jspt-5x5-1 5 5 21 23 2 jspt-8x8-1 8 8 57 83 2 2
24 2 84 2 2
25 2 85 2 3

26 2 86 2 3
27 2 87 2 3

jspt-6x5-1 6 5 25 28 2 jspt-7xlO-1 7 10 64 88 2 3
29 2 89 2 4
30 2 90 2 4

31 2 2 91 3 5
32 3 5 92 3 6

jspt-3xlO-1 3 10 28 33 3 5 jspt-5x15-1 5 15 71 93 3 6
34 3 5 94 3 6
35 3 5 95 3 6

36 1 0 96 2 1
37 2 1 97 2 2

jspt-7x5-1 7 5 29 38 2 1 jspt-8xlO-1 8 10 73 98 2 2
39 2 2 99 2 2
40 2 2 100 2 2

41 2 1 101 2 4
42 2 2 102 2 4

jspt-6x6-1 6 6 31 43 2 2 jspt-9x9-1 9 9 73 103 2 4
44 2 2 104 2 4
45 2 2 105 2 4

46 2 1 106 2 1
47 2 2 107 2 1

jspt-8x5-1 8 5 33 48 2 2 jspt-9x10-1 9 10 82 108 2 1
49 2 2 109 2 3
50 2 2 110 2 3

51 3 3 111 3 5
52 2 4 112 3 6

jspt-4xlO-1 4 10 37 53 3 4 jspt-6x15-1 6 15 85 113 3 6
54 :3 4 114 3 6
55 3 5 115 3 6

56 2 2 116 1 0
57 2 2 117 2 2

jspt-9x5-1 9 5 37 58 2 2 jspt-lOxlO-1 10 10 91 118 2 2
59 2 2 119 2 2
60 2 2 120 2 2

Table 3.3: Problem instances part 1
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Name N m n ID h:o 0

121 2 3
122 2 3

jspt-7x15-1 7 15 99 123 2 3
124 2 3
125 2 3

126 1 0
127 1 0

jspt-8x15-1 8 15 113 128 1 0
129 1 0
130 2 1

131 2 1
132 2 1

jspt-9x15-1 9 15 127 133 2 2
134 2 2
135 2 2

136 2 1
137 2 1

jspt-10x15-1 10 15 141 138 2 1
139 2 1
140 2 1

Table 3.4: Probleminstancespart 2

implementationdetails. However,a variation in the input sizeshouldmakea direct

comparisonmoreappropriate.We havesolvedeachof the 140 probleminstances1000

timeswith everyalgorithmandtook the meal).of the runningtime. The time measured

for eachrun includedbuilding the graph, solvingthe problemand returning the final

cycletime. The graph for the running times can be seenin Figure 3.15. For a better

overview,wealsoplotted the sameresultson a logarithmic scalein Figure 3.16. The

first impressionis that the PCP and Howard'sAlgorithm perform similarly for the

first third of the instancesand, for the last two thirds, Howard'sAlgorithm is faster.

The running time of our new algorithm however,is fasteron all 140 instances.The

scaleof the PCP and Howard'salgorithm alsohasa polynomial shape,whereasour

newalgorithm tendsto be linear (cf. Figure 3.17). We havetried to analysethe data

with respectto the numberof operationsand the averagerunning times using linear

regression.The R2-values1for estimatedpolynomialfunctionsof differentdegreesand

the algorithm'soutputs areshownin the followingtable:

lIn linear regression,the R2-value E [O,IJ is the so called coefficientof determination. It mea-
suresthe discrepancybetweenthe data and an estimation model. The closerthis valueis to 1.0, the
moresimilar is the data seriesto the comparedfunction. For more details, we refer to de Sa (2007),
Chapter 7.
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I degree 1 I degree 2 I degree 3 I degree 4

PCP Algortihm 0.8548 0.9365 0.9367 0.9370

Howard's Algorithm 0.9279 0.9838 0.9865 0.9920

New Algorithm 0.9947 0.9953 0.9953 0.9955

According to these values, it seems that the PCP and Howard's algorithm solve the

problem instances in quadratic time (in relation to the number of operations) whereas

our new algorithm needs linear time. Note, that this is only an indicator for this specific

data set and cannot be considered as a general result. Also, the data of 26 different

problem sizes is rather small.

To show the statistical significance of the computational results in a direct comparison,

we have first of all checked whether the results are normally distributed, since paramet-

ric tests assume normally distributed data. The Shapiro-Wilk-Test (cf. Shapiro and

Wilk (1965)) shows that the data is not normally distributed (p-value < 0.0001) for all

three algorithms), which means we need to use a test that does not assume a normal

distribution of the underlying data. Note that those non-parametric tests are generally

weaker than the parametric ones. In our case, we used the Wilcoxon signed-rank test

(cf. Wilcoxon (1945)). It is a non-parametric statistical hypothesis test, that checks

for two related samples (or in our case measurements) whether their population means

differ or not. We have compared pairwise all algorithms against each other. The result

from the experimental data sets was that our new algorithm is better than Howard's

and this one in turn is better than the PCP algorithm. All test results turned out to

be highly significant (p-value < lO-10), which means that our algorithm works better

on real instances for the CJSPTB. However, we want to point out, that we have tested

the algorithms on problem specific data sets and not on arbitrary graphs. On graphs,

where our algorithm, for instance, has to perform a correction step after each inserted

arc pair, another algorithm might be faster.

Also, the computational complexity of our algorithm is not necessarily better than the
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3. THE CJSPTB FOR A FIXED ROBOTIC CYCLE

complexity of the other ones (e.g. for n = m the PCP has the same complexity of

O(m4)). However, its advantage is basedon the separation of solving a relaxation very

quickly (O(nm)) and correcting the solution if necessary(O(m4)). In most cases,the

correction, which is quite expensive in terms of computational complexity, does not

need to be executed, which makesthe running times appearing to be linear. The other

algorithms do not make such a distinction. For example, the two nested for-loops in

the PCP (cf. lines 3 - 11) always have to be executed O(n) times.
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Chapter 4

The General CJSPTB

Introd uction

This chapter deals with the general cyclic job-shop problem with transport

and blocking, in which the robotic cycle is not given in advance. There are

different ways of solving combinatorial optimisation problems. They start

from mathematical programming modelsover branch and bound procedures

to approximation algorithms and heuristics. Each method has advantages

and disadvantages. One approach we could find in the literature is a mixed

integer programming formulation for the CJSP that can be applied to the

CJSPTB. We use this formulation and its results as a comparison for our

new approaches. In Section 4.1 we briefly describe the MIP-model from the

literature and show how it can be applied to the CJSPTB. Furthermore,

we havedevelopeda different MIP-model that is presentedwithin the same

section. The foundation of this model is the analysis of the structure of
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cyclic schedules.In particular, we haveusedthe derivedconnectionsbe-

tweenthe heightparameterfrom Section3.1andthe numberof overlapping

operationsto definenewconstraintsfor linear programmingformulation.

In Section4.2 we adopt the idea of feasiblerobotic cyclesfrom Section

3.2 to createa tree searchalgorithm that generatesfeasiblerobotic cycles.

This searchhasbeenincorporatedinto a branchand bound procedureto

solvethe overall problem. SinceCPLEX often strugglesto find solutions

for largeenoughprobleminstances(whichis alsothe casefor our problem),

wedesignedour procedureto be moresolutionorientatedthan focusedon

optimality.

While the first two approachesare exact algorithms,we alsodevelopeda

tabu searchheuristic,whichis presentedin Section4.3. Wemainly adjusted

movesknownfrom the non-cyclicversionof the problemsuchthat they can

be appliedto the CJSPTB.

Sincethis generalproblemis not well studiedin the literature, therearealso

no standardbenchmarksavailable.Therefore,wehavedevelopeda general

instancegeneratorwhich is briefly describedin Section4.4.

Finally, wegeneratedvariousdatasetsandtried to solvethemwith the four

discussedmethods. The computationalresultsare summarisedin Section

4.5.
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4.1 Mathematical Programming Models

4.1 Mathematical Programming Models

Sinceinteger programming software (suchasCPLEX (ILOG (2010)) or Gurobi (Gurobi Op-

timization (2011)) is becoming more and more powerful to solve reasonably large prob-

lem instances it is useful to have integer programming formulations for a problem.

Within this section, we will present two mixed integer programming formulations for

the CJSPTB. One adjusted from the literature and a new one based on the idea of

overlapping operations in a cycle.

4.1.1 A Mixed Integer Programming Model from the Literature

The following formulation is based on the work of Hanen (1994) and Brucker and

Kampmeyer (2008a). We used their ideas to reformulate our problem definition from

Section 2.2.5 with it.

Theorem 4.1.1. By setting Si := Si(O) problem (2.43) - (2.49) (ef. page 57 - 59) can

be reformulated to the following mixed integer linear program.

min er (4.1)

s.t.

(4.2)

(4.3)

(4.4)

Si + Pi + tsuc(i) = Swo(i)

1

i,j E 0*; i of j; M(i) of M(j) (4.5)

i,j E 0*; i of i, M(i) of M(j) (4.6)

Si + Pi + tsuc(i) + esuc(i),pre(j) + tj S s, + «nXsuc(i)j i,j E 0; i of j; M(i) = M(j) (4.7)

HXsuc(i)j + HXsuc(j)i 1 i,j EO; i of j; M(i) = M(j) (4.8)

nx., E ;Z i,j E 0*; iofj (4.9)

ei,pre(i) + i, S 0 i E 0* \ 0 ( 4.lO)

Pi + tsuc(i) + esuc(i),p1'e(i) + i, S 0 i E 0 (4.11)
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..
Proof. First of all, we substitute Si(r) for all i E n* according to constraint (2.50) in

(2.44)-(2.49). Therefore, (4.3) is equivalent to (2.44).

Constraints (4.5),(4.6) and (4.7),(4.8) are all of the same structure and we are only

going to prove that (4.5),(4.6) and (4.9) are equivalent to constraints (2.48) and (2.50).

Applying the substitution described above to constraint (2.48) we get

which is equivalent to

for i,j E n*, it j, M(i) t M(j) and ri, rj E Z. By setting h:= ri - rj it follows that

Sj - Si cannot be included in any of the intervals

for any h E Z. The following graphic shows this relation.

ej,pre(i) +t; ei,pre(j) +tj ej,pre(i) +ti ei,pre(j) +tj

~~

I·
ah a(h + 1)

Hence, there exists a h' E Z with
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which means that

Si + Ci,pre(j) + tj :s: Sj + oh'

and Sj + Cj,pre(i) + ti :s: Si + 0:(1 - hi).

By setting H Xij = hi and H Xji = 1- hi this is equivalent to (4.5),(4.6) and (4.9). Ana-

log, one can show that constraints (2.44) and (2.49) are equivalent to (4.3), (4.7),(4.8)

and (4.9).

Finally, constraints (2.47) are, after substitution of Si(r) and Si(r + 1), equivalent to

(4.10), and (4.11), (4.3) are equivalent to (2.44) - (2.46). o

In this linear programm, the integer variables H Xij restrict the job sequenceon each

machine and on the robot. In particular, the following holds.

Lemma 4.1.1. For a problem given by (4.1)-(4.11) the following holds. Let i,j E 0*

be two arbitrary operations with ptill,pTill > O. Then Si(r) :s: Sj(r) for all rE :z if and

only if H x., < H Xji.

Proof. Becauseof constraint (2.43) it is sufficient to consider the caser = O. Assume,

Si starts before Sj. Then, 0 2: Si - Sj 2: ej,pre(i) + t, - o:HXji holds according to (4.5).

This is only true if H Xji 2: 1 (since 0: 2: ej,pre(i) + ti) which implies that H Xij :s: 0 and

furthermore Hx., < Hx.;

To show the other direction let H x., < H x; Then it follows that H x., :s: 0 because

of (4.6) and even more, oH Xij :s: O. It follows from (4.5) that

and therefore Si :s: s; o
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The presentedmixed integer programmingmodelcan be usedto solvethe CJSPTB

for different cyclic modelsby simply addinganotherconstraint expressingthe height

restriction. The onewe will usewithin hereis the cyclic job-shop problem (cf. page

44). To representthe heightrestriction wehaveto addthe followingconstraintsto the

MIP-model:

(4.12)

for all j E {I, ... ,N}, whereS* is the start of a dummyendoperation. And finally the

actualheightconstraint

(4.13)

The result after solving the linear programis the minimal cycle time a and feasible

starting times Si(O) for everyoperation (i,O) with i E 0*. Note, that thesevaluesdo

not necessarilyhaveto be includedin the interval [0, a] sincenot all operationsof a

specificjob instancehaveto start in the samecycle. However,constraints(4.12)and

(4.13)ensurethat all starting times Si(O) are includedin the interval [0, ah*,o], with

J(i) = Jj. To get the starting times of eachoperation in the first consideredcycle

[0, a] we calculatethe remainderof the division Sda for all i E 0* and thus, shift

everyoperationin the first cycle.Note that the repetition numberof an operationwill

changedueto sucha shift.

An obviousquestionone can ask is whether an operation might clashwith another

operationon the samemachineby shifting it in an earliercycleandthe samequestion

could be askedfor the robot moves. Or, in other words: Is the cycle length a large

enoughto processall operationsonce?Notethat neither (4.10)nor (4.11)aresufficient

to bound the minimal cycle length. Recallingthe equivalenceshowedin Theorem
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4.1.1 we know that a solution of the MIP-model is also fulfilling constraints (2.43) -

(2.49). The constraints guaranteeing that such a clash cannot happen are (2.43), (2.48)

and (2.49). (The corresponding constraints in the MIP-model are (4.5)-(4.9)). Each

operation starts every a time units and therefore in every cycle at the same position.

Constraints (2.49) define the order of any two operations processedon the samemachine

and ensure that they will not clash and (2.48) does the same for the robot moves.

After solving the linear program and calculating the starting time of each operation in

a specific cycle, the repetition number for each starting time in the resulting schedule

can be obtained using a variation of Procedure 3.2.1 on page 84. One simply has to

substitute the check whether T.mc(i) precedesTi in R by checking whether SSlLc(i) ::; Si.

By nature formulation (4.1) - (4.11) is not linear, since constraints (4.5) and (4.7) are

quadratic. However, it can be rewritten by dividing constraints (4.3) - (4.5), (4.7),

(4.10) and (4.11) by a. One can afterwards substitute l/a = ii, Sda = Si and

pda = Pi and change the objective to maximise ii.

4.1.2 A New Mixed Integer Programming Model

In this part, we will present a new formulation for the CJSPT that is more tailored

to the problem compared to the model in the previous section. The major difference

between cyclic and non-cyclic problems is that the precedenceconstraints between the

operations are slightly relaxed. So, in a specific cycle, operation i does not have to be

scheduled before its successorsuc( i). In this case, the precedenceconstraints are, of

course, not violated since both operations must belong to different repetitions of J(i),

but they provide a more flexible layout of the schedule. This property relies on the

existence of overlapping operations. To model overlapping operations, we introduce a
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setof binary variablesIi with i E 0* which aredefinedas

1, if i is overlapping;

0, else.

The main ideabehindthis modelis to specifythe relationsbetweenoperationsin the

samecycle, rather than looking aheadinto the next one. As before,we makethe

assumptionthat westart the cycleat machineMo with unloadingoperationi = 1 at

time O.Furthermore,at the endof the cycle,the robot hasto drive backto the input

machine. Sincewe are only concentratingon all operationsin onespecificcycle,we

canignorethe repetition numbers.Hence,the followingconstraintsmusthold:

(4.14)

(4.15)

for all i E 0*. Toensurethat the no-waitandprecedenceconstraints((2.44)and(2.45))

hold, wehaveto distinguishbetweenoverlappingand non-overlappingoperations.For

the non-overlappingcase,it still holdsthat Si + piin + tsuc(i) :s; Ssuc(i)' For the over-

lappingcase,wehaveSi + piin + tsuc(i) :s; Ssuc(i) + a. Both casescanbe combinedin

the followingconstraint:

for all i E O. If i is not overlapping,then Ii = 0 and the term a,i disappears.Since

this is not a linear constraintwecansplit it up into the followingtwo constraints:

Si + piin + tsuc(i) :s; Ssuc(i) + e,i,

Si + piin + tsuc(i) :s; Ssuc(i) + a,

(4.16)

(4.17)
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for all i E 0 and where C E N is a sufficiently large constant.

The constraints for the transportation of each job can be modeled in a very similar way

to the ones in the previous model. Therefore, we introduce a set of binary variables Oij

with i, j E 0* which are defined as

Oij = { 1,
0,

if i is transported after j;

else.

The robot constraints (2.48) can then be formulated as

(4.18)

(4.19)

for all i, j E 0* and where C E N again is a sufficiently large constant. Note that these

constraints are logically identical to constraints (4.5) and (4.6). Another fact is that

a transport move itself will never overlap. This is because we assume that the cycle

starts with unloading a job from the input machine and that the cycle finishes with the

robot arriving empty at the input machine.

Finally, we will formulate the blocking constraints for operations that have to go on the

same machine. We again introduce a set of binary variables (3ij with i, j E 0* which

define the processing order of the jobs on the same machine in the current cycle:

_ {O, if j is processed after i on M(i) = M(j);
(3ij -

1, else.

for all i,j E 0 with M(i) = M(j).

A first set of constraints is similar to (4.5) and (4.6) and ensures that an operation

cannot start its processing before the previous job on the same machine has been
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transported to its succeeding one:

Ssuc(i) + esuc(i),pre(j) + tj ~ Sj + C(3ij,

(3ij + (3ji = 1,

(4.20)

(4.21)

for all i,j E 0 with M(i) = M(j). Considering only one specific cycle, makes it more

difficult to deal with overlapping operations. Before we start to tackle this problem,

it is worth mentioning that there can be at most one overlapping operation on each

machine and this operation always has to be loaded first off and last onto the machine

in the cycle. Such an operation i has two processing periods in the cycle. One is at the

very beginning, i.e. from time 0 to Ssuc(i) -tsuc(i). The other one is from Si to o. Even if

those two periods physically do not belong to the same repetition of the job, the sum of

these processing times needs to be at least prin. Therefore, in the following, we have to

distinguish between an overlapping and a non-overlapping operation on each machine.

For the remaining constraints, consider i,j in 0, with i =F j and M(i) = M(j). In the

case of i being overlapping, its successor has to start before any other operation on

M(i) in the cycle. This leads to the following constraints:

Ssuc(i) + esuc(i),pre(j) + tj ~ Sj + C(1 -,i). (4.22)

Furthermore, all other operations must have finished their processing and been unloaded

before the last operation on a machine can start in the current cycle:

(4.23)

where M(i) =F M(suc(j)), j =F i and M(i) = M(j). Since there is at most one

overlapping operation per machine, all other operations on this machine must have
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stayed (at least) for their minimal processing times, which leads to:

(4.24)

where M(i) i= M(suc(j)), j i= i and MU) = J\;f(j). Finally, constraints (2.46) and

(2.47) have to hold as before, which gives the same constraints as in the model from

the previous section:

ei,pre(i) + ti :::; 0: for i E 0* \ 0

and piin + tslLc(i) + eslLc(i),pre(i) + ti :::; 0: for i E O.
(4.25)
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The modelcanbe summarisedby the followingmixed integerprogram.

min Cl! (4.26)

s.t.

S! = t! (4.27)

Si + eso ::; Cl! i En* (4.28)

S min t < Ssuc(i} + 0Yi i E n (4.29)i + Pi + sucCi}

S min t
::; Ssuc(i} + Cl! i En (4.30)i + Pi + sucCi}

Si + ei,pre(j} + tj ::;s,+ co: i,j E n* (4.31)

(Jij + (Jji = 1 i,j E n* (4.32)

Ssuc(i) + esuc(i},pre(j} + tj ::; Sj + ce, i,j E n,i '" i, M(i) = M(j) (4.33)

(3ij + (3ji = 1 i,j E n, i '" j, M(i) = M(j) (4.34)

Ssuc(i} + esuc(i},pre(j) + tj ::; Sj + C(I - ')'i) i,j E n,i '" j,M(i) = M(j) (4.35)

Ssuc(j} ::; Si + C(I - ')'i) i,jEn,i",j, (4.36)

M(i) = M(j) '" M(suc(j))

S min t ::; Si + C(I - ')'i) i,j E n, i '" i, M(i) = M(j) (4.37)j + Pj + suc(j}

ei,pre(i} + ti ::; Cl! i En* \ n (4.38)

min t t ::; Cl! i En, (4.39)Pi + sucCi} + esuc(i},pre(i} + i

,),i, (Jij, (3ij E {O,I} (4.40)

for all i, j E 0* and C E N is a sufficiently large constant. Sincemodeling the

overlappingoperationson eachmachineis the keyproperty of this model,wewill refer

to it asthe CJSPTB-MIP-OO.

The last constraintwehaveto specifyis the heightrestriction. This, asbefore,depends

on the differentmodels.Wewill only considerthe cyclicjob-shopproblemmodeland

the onewith job repetition.

We start with the cyclic job-shop problem model and its height h*,o. As we have

mentionedbefore, in an arbitrary but fixed feasiblecycle, we can set the repetition
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number of the first operation of every job to a fixed number. In our case, we chose h*,o

for every job. For every overlapping operation 'i of a job Jj the repetition number of the

successorsuc( i) in the current cycle will decreaseby one. This means the last operation

~ of job Jj will have the repetition number h*,o - OJ. According to the definition of h*,o

the (r + h*,o)-th repetition of a job can only start if the r-th repetition of any job has

finished. Thus, in our case using Theorem 3.1.1 we have to ensure, that for two jobs Jj

and Jk, the end of the last operation of Jj (which is S*j) can only happen before the

start of the first operation oj of the job, if

OJ < h*,o, for k f j;

OJ < h*,o, else.

This can be done with the following constraints:

(4.41)

(4.42)

for all j, k = 1, ... ,N with j f k. The number of overlapping operations is given by

L "Ii = OJ,
iEJj

(4.43)

for all j = 1, ... , N.

For the model with job-chain repetition, we have to remember that the number of

overlapping operations of a specific job Jj is equal to hj - 1 (cf. Theorem 3.1.2). Since
J

hjj :s: h.i, must hold, the number of overlapping operations per job Jj has to be less

than or equal to hJj - 1, which leads to the additional constraints

L "Ii :s: hs, - 1,
iEJj

(4.44)
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for all j = 1, ... , N.

The repetition numbers for a resulting schedulecan be obtained in the sameway as in

Section 4.1.1.
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4.2 A Branch and Bound Procedure

4.2 A Branch and Bound Procedure

Within this section, we want to present a new branch and bound procedure for solving

the CJSPTB. Branch and bound algorithms are general solutions methods to find the

optimal solution for a discrete or combinatorial optimisation problem. The idea is based

on the work by Land and Doig (1960) and contains two main steps. A branching part,

in which the algorithm systematically evaluatesall possiblesolutions. "Systematically"

in this casemeans, that first of all no solution is visited more than once, and that the

solutions are ordered in specific way, usually using a tree structure. The search tree

has the property, that a solution of a parent node has a relation to the solution of its

child nodes. This relation is used in the secondpart, the bounding. For a minimisation

problem, every feasible solution provides an upper bound for the optimal solution.

Furthermore, the structure of the search tree is usually set up in a way, that one can

also determine a lower bound for all possible child nodes (by using some relaxation

method). If the lower bound for the children of a specific node is greater than the best

upper bound (solution value) discoveredso far, then there is no need to evaluate those

nodes, since they cannot provide a better solution and therefore can be "chopped off"

the tree. This way of pruning the search tree decreasesthe number of solutions to

evaluate and therefore speedsup the searchprocedure. The algorithm stops returning

the optimal solution, when all solutions have been visited or chopped off the tree.

As we have seenbefore, a solution for the CJSPTB can be represented by a robotic

cycle (a permutation of all transport moves). However, we have shown in Section 3.2

that not all possible permutations lead to a feasible robotic cycle. Thus, we will show

in the next part an efficient way of constructing feasible robotic cycles.
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4.2.1 ConstructingFeasibleRobotic Cycles

In Section3.2,Definition 3.2.1,wehavedefineda blocking-feasiblerobotic cycleR as

one,in which beforeexecutingTi, job J(i) must be loadedand finishedits processing

on machineM(pre(i)) andthe robot is neverrequiredto transport ajob to an already

loadedmachine.From this definition, wecanstate the following:

Lemma 4.2.1. For a robotic cycle R the following statements are equivalent.

1. R is blocking-feasible.

2. For every machine Mk (k = 1,... ,m) and any operations i =1= j with M(i) =

M(j) = Mk and existing succeeding operations, none of the transport moves Ti

or Tsuc(j) occur betweenTi and Tsuc(i) in R.

3. For every machine Mk (k = 1,... ,m) and any operations i =1= j with M(i) =

M(j) = Mk and existing succeeding operations, the order of Ti, Tj, Tsuc(i), Tsuc(j)

in R has to be compatible with the following graph:

where Ti --+ Tj means that Ti occurs before Tj in R in a cyclic manner.

Proof. 1 ~ 2: Assumethat R containsthe sequenceTi --+ Ti --+ Tsuc(i). SinceR is

blocking-feasible,J(i) must havebeenunloadedoff M(i) beforeanotherjob J(j) with

M(i) = M(j) can be loadedonto M(i). Sincethe unloadingoperationTsuc(i) occurs

after Tj, the robotic cyclecannotbeblocking-feasible.On the other hand,if weassume

that R containsa sequenceTi --+ Tsuc(j) --+ Tsuc(i), the robot (while executingTsuc(j))

tries to unloadjob J(j) off the machine. This is not possiblesinceJ(i) is currently
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loaded on M(i). Thus, again R is not blocking-feasible.

2 ::::}1: Let Tsuc(i) be the next transport move to be performed by the robot. Assume

that J(i) is not available on M(i). Hence, M(i) must either be occupied by a different

job or empty. The caseof ]vf(i) being occupied cannot arise, since Ti must be executed

before Tsuc(i) without any other transport move Tj (]vf(i) = M(j)) executed in between

h ---t Tsuc(i) ---t Tj). On the other hand, ]vf(i) cannot be empty, sinceotherwise either

Ti would not have been executed or J(i) has been unloaded by a different transport

operation Tsuc(j) which is also a contradiction to Statement 2.

Finally, the machine that is going to be loaded must be empty. If Ti is the next transport

move to be performed, then M (i) must be empty. This is the case,due to the fact that

after performing any other transport move Tj loading M(j) = M(i), its succeeding

transport move Tsuc(j) unloading M(j) will have beenexecutedaccording to the graph.

2 {::} 3: This is easy to see, since 3 is simply a graphic interpretation of 2 and vice

versa. o

For a cyclic schedulethis means that two transport movesTi and Tj loading the same

machine and their successorshave to be executed in the following order.

... Ti(ri) ---t Tsuc(i) (ri) ---t Tj(rj) ---t Tsuc(j) (rj) ---t

Ti(ri + 1) ---t TsuC(i)(ri + 1) ---t Tj(rj + 1) ....

The next question is, how can we construct those feasiblecycles? With this question in

mind, we define a partial robotic cycle (PRG) RP that consistsof a list Rdone containing

the so far scheduled (i.e. finished) transport moves and a set Rtodo of unscheduled

transport moves. The list R
done is a robotic cycle, where not necessarilyall transport

moveshave been scheduledyet, and the set Rtodo contains all elements, which are not
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in Rdone. During the construction phase, the unscheduledtransport movesin Rtodo will

be added to the end of Rdone until Rdone is a complete robotic cycle and Rtodo contains

no more elements. One can think of different strategies to construct blocking-feasible

solutions. One, that we will discuss here, is based on a depth-first-search tree where

the nodes are partial robotic cycles which are blocking-feasible. The method works as

follows.

1. Initialisation: The root of the tree is an initial PRG, where Rdone contains only

transport move T1 and Rtodo contains all remaining transport moves in an arbi-

traryorder. (Note that since we are considering a cyclic problem, we can always

fix the first operation in every cycle to be T1).

2. Construction of a blocking-feasible child: Given a blocking-feasible PRG (node)

of the tree, a blocking-feasible child (if it exists) can be constructed as follows.

We test for every unscheduledtransport move Ti in Rtodo whether it can be placed

at the end of Rdone, so that the PRG could still lead to a blocking-feasible robotic

cycle (we will seein the next paragraph how this can be done efficiently).

3. For every transport move Ti that can be placed, we add a new child to the tree

wherein Ti is deleted from Rtodo and placed at the end of Rdone.

4. For all children recursively continue with the procedure. If there are no children

left the procedure stops.

While shifting transport moves from Rtodo to Rdone one can check with Definition

3.2.1 or property 3 of Lemma 4.2.1 whether this PRG could potentially lead to a

blocking-feasible robotic cycle or not. Therefore, we can also apply the concept of

blocking-feasibility to partial robotic cycles.

If the scheduledtransport movesin a PRG are incompatible with the graph in Item 3 of

Lemma 4.2.1 then this PRG is not blocking-feasible. However, there is no needto check
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the complete PRG all over again after inserting a transport operation. During every

transport move Ti, the robot gets in touch with two machines: M(pre(i)) and M(i).

After inserting Ti into Rdone the blocking-feasibility is violated if one of the following

casesoccurs.

1. Rdone contains one of the following sequences

d RtodoTi --~ Ti an Tsuc(j) E or , d RtodoTsuc(j) --~ Ti an Tpre(i) E , (4.45)

for all j with M(pre(i)) = M(j);

2. Rdone contains one of the following sequences

d Rtodo
Tj --~ Ti an Tsuc(j) E or d Rtodo

Tsuc(i) --~ Ti an Tj E , (4.46)

for all j with M(j) = M(i) i- M*.

Note that these casesare all violating the graph in Lemma 4.2.1. Therefore, those

situations cannot lead to a blocking-feasible robotic cycle.

The first condition in (4.45) needs to be checked only for the last operation j with

Tj E Rdone processedon M (pre( i)). If Tsuc(j) is also contained in Rdone and there is

another operation k with Tk in Rdone processedon M(pre(i)) with Tsuc(k) E Rtodo then

the corresponding blocking-infeasibility must have been detected when Ti was added

to Rdone. This comment also applies to the first condition in (4.46). Therefore the

conditions in (4.45) and (4.46) can be checkedin constant time if

• for each machine the last operation j with Ti E Rdone is stored, and

• a data structure is used which allows for any operation j to check whether Tj is

in Rdone in constant time.
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Example 4.2.1. Considerthefollowing job-shopproblemwith twojobs Jl, h and three

machinesMl, M2, M3. Thefollowing tableshowstheprocessingtimes and the machine

allocations.

Job

Operation 1

Processingtime 3

Machine u,

6

3

u,

Thus, a robotic cycle consistsof 11 transport moves. As mentioned before,we assume

that the first operation in a robotic cycle is always71. In the following, we will simply

write i instead of 7i. Thus, the PRC in the root of the searchtree consistsof

Rdone= (1) and Rtodo= {*1 2 3 9 5 7 *2 6 4 8}, , , , " '" .

The only machine status at this point is M; : 1, M2 : - and M3 : -, where- means

the machine is empty. In the next steps we will place all feasible transport movesin

Rtodoat the secondposition in Rdone.This leadsto the following PRC's:

(1,*1)" (1,2), (1,5),

Transport moves79,74,T7 cannot bescheduledat the secondposition, since they would

try to unload machineM; without beingthe successorof the operation currently loaded

on M; (cf. (4.45)). On the other hand, transport moves78,76,73 cannot bescheduled

since all of them will loadMl which is currently blockedby operation1 (cf. (4.46)).

In the next generation, we start with the first of the previousgeneratedPRC where

Rdone= (1,*1) and Rtodo= {2,3,9,5, 7,*2,6,4,8}.

The machine status is still M; : 1, M2 : - and M3 : -, since7*1 has broughta job to
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the output station M*. The next possible moves are

(1,*1,2).

Since Ml was still occupied by operation 1 only the same operations as before could be

scheduled at the next index. The complete tree search until finding a feasible solution

is presented in Figure 4.1. Prom the PRG with Rdone = (1,*1,2,3,4,5) onwards there

is always only one possible PRG in every next generation, which leads to the following

blocking-feasible robotic cycle:

The whole problem only has 40 feasible robotic cycles. The presented method needs

to create 529 different partial robotic cycles to find these 40 solutions. Note that the

number of all possible (not necessarily feasible) robotic cycles is 10!= 3,628,800. (Note

that the transport move T1 can befixed at the first position which means there are only

(n - I)! different robotic cycles.)

We want to point out, that this constructive method is generating all possibleblocking-

feasible robotic cycles. This is easy to see,since in every iteration, the algorithm tries

to scheduleevery transport move left in Rtodo at the next position in Rdone and only

skips those ones, that cannot lead to a blocking-feasible robotic cycle. For a non-

reentrant single job problem, for instance, every permutation of the transport movesis

a blocking-feasible robotic cycle. And our algorithms would generate all of them.

Table 4.1 showsthe number of blocking-feasible robotic cyclesof somesmall instances

and the number of nodesgeneratedduring the searchneededto determine thesefeasible

cycles. The general format is jspt-Nxm-a where as before N is the number of jobs, m

the number of machines, and a an index to enumerate different data sets of the same
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(1)

(1,*1,2,3) (1,*1,2, *2) (1, *1,2,6)

---------------(1,*1,2,3,4) (1,*1,2,3,*2)

I
(1, *1,2,3,4,5)

Figure 4.1: Searchtreefor Example4.2.1

size. More detailed information about the data-sets are given in Section 4.4. Note

that the explored nodesare partial robotic cycleswhich are generatedto build up the

feasiblesolutions.

A feasiblerobotic cyclemust, in addition to the blocking-feasibility, alsofulfill the height

constraint. We will also considerthe cyclic job-shop problem model and the one with

job repetition. Thus we have upper bounds h*.o or hJj for j = 1,... ,N. During the

construction of the different robotic cycles,we can calculate minimum actual heights

for every partial route Rdone. Since, the height will not decreaseby inserting more

transport operations to Rdonethe PRC beco~es infeasibleas soonas an actual height

is bigger than the given maximum height. We can either usea variation of Procedure

3.2.1to determinethe height of a PRC or, moreefficiently, rememberthe actual heights

for eachPRe and simply checkif it could havechangedafter adding the next transport

moveto Rdone.
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Instance Transport Feasible Nodes (N + n - I)!
moves solutions explored

Example 4.2.1 11 40 238 3,628,800

jspt-4x5-1 16 440 4,129 > le12
jspt-4x5-2 16 302 2, 706 > le12
jspt-4x5-3 16 2,300 12,287 > le12

jspt-5x5-1 20 7,938 70,912 > le17
jspt-5x5-2 20 11,328 68,827 > le17
jstp-5x5-3 20 17,166 108,249 > le17

jspt-6x5-1 24 200,676 1,542,938 > le22
jspt-6x5-2 24 205,894 50,803,949 > le22
jstp-6x5-3 24 7,521,903 30,318,854 > le22

Table 4.1: BlockingFeasibleRoutesfor SmallInstances

4.2.2 A Lower Bound for the Construction Phase

In branch and bound algorithms every node in the searchtree can be complemented by

a lower bound which usually is a relaxation of a potential feasiblesolution. Those lower

bounds can then be compared to an upper bound (e.g. from already explored feasible

solutions) and the branch can be 'chopped off' the search tree if the lower bound is

greater or equal than any upper bound. So, the bounding can reduce the searchspace

by pruning the tree. In general, bounding methods are meant to be computationally

cheap to keep the search as quick as possible.

For every PRC, we will now calculate a lower bound for the cycle time in two stages.

For the already scheduledoperations in Rdone we can determine a lower bound LBdone

for the time needed to process these operations. For the non-scheduled operations in

Rtodo, we present several different lower bounds, that are dependent on the machines,

the robot, and the height and combine them to an overall lower bound LBtodo. In the

following, we will explain how those bounds can be calculated.

We start with considering the list glone of a partial robotic cycle which contains n +

N _IRtodol elements. Starting with So, we can successivelycalculate an earliest starting
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point of all operationscorrespondingto the transport movesin Rdone. An operationi

can only start if its predecessoroperationpre( i) hasbeenfinishedand the robot has

transportedit to its machineM(i). This is at time

(4.47)

In addition to that, the robot must have

• finishedthe transport moveTpreR(i) of the previousoperation accordingto the

robotic cycle(whichis equivalentto the time whenpreR(i) starts its processing),

• driven empty to M(pre(i)) and

• transportedthe job to its next machineM(i).

This is at time

(4.48)

In thecasethat preR(i) = pre(i), the robot haswaitedat M(pre(i)) until the processing

is finished,and then transportedthe job to its next machine.(This is alsocoveredby

(4.47)sinceepreR(i),pre(i) = 0). Finally, the earliestpoint in time, at which operation

i canstart, is the maximumof (4.47)and (4.48),sinceboth correspondingconditions

haveto be fulfilled. This leadsto

It followsthat, aminimal time neededto schedulethe alreadyplannedjobs isequivalent

to the earlieststarting point of the last scheduledoperation,which is
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where Rdone[k] (k = 1, ... , n + N) is the operation belonging to the transport move

planned at position k in Rdone. Setting So = 0 to be the earliest starting time of an

already planned operation i can be calculated in an iterative way assuming that the

starting times of the previously scheduled operations have already been calculated. A

formal description to successivelycalculate LBdone is given in Procedure 4.2.1.

Procedure 4.2.1 Calculates the earliest starting time of an operation in Rdone

1: procedure CalculateEarliestStartingTimeO
2: So = 0
3: Si = -00 for i = 1, ... , n + N
4: for k = 1to n + N - IRtodoI do
5: i = Rdone[k]
6: pTeR(i) = Rdone[k - 1]

7: Si = max ( SpreR(i) + epreH(i),pre(i), Spre(i) + p~~i~(i))+ ti
8: end for

LBdone - S9: - Rdone[n+N-IRtodoll
10: end procedure

Note that if we add another transport move to Rdone there is no need to calculate the

complete bound again. Instead, one can simply update it, by taking the old starting

time of the previous bound and carrying out another iteration in the loop, for the last

inserted move.

Let us exemplify this on a PRG with

and Rtodo = {3, 6,8,4,7,9, 5}

that is based on the data in Example 4.2.1. The transport times ti are 2 fOT all operations

i and all empty moving times are set to 1. A corresponding schedule to follow the bound

calculations more easily can be found in Fiqure 4.2.

Starting with So = 0, the earliest time operation 1 can start is SI = max(So + eo.o.So +
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LBdone = 11

1)

o 10 time

Figure 4.2: Gantt-chart to exemplify calculation of LBdone

perin) + t1 = max(O,0) + 2 = 2. Since the predecessor of *2 has not beenscheduled yet,

the only time we can add to the lower bound after planning *2 is e1,9+ t*2 = 3. For the

next operation 2, the predecessor 1 has already beenstarted at time S1 = 2 which means

its earliest starting time is 82 = max(8*2 + e*2,1,81 +piin) + T2 = max(6, 5) + 2 = 8.

Finally, we get t.n=: = 8*1 = 11.

The next step is to give a lower bound for the remaining operations in Rtodo. They are

divided into three different types depending on machines, robot, and height. Each of

these bounds will be exemplified using the same PRG as before.

Machine Dependent Bound

Lower bounds LB!: (k = 1, ... ,m) for scheduling the remaining time neededon each

machine Mk can be obtained as follows. Let nk be the set of all operations i on a

specific machine M(i) = Mk and ntodo = {i E n* I M(i) = Mk I\Ti E Rtodo} the subset

of the operations that have not been scheduledyet (Ti E Rtodo). The bound relies on

the minimal processingtimes, transport times and possibleempty moving and waiting

times of the operations on a machine.
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• processing times: All operations have to stay for at least prin time units on

their machine. Hence, if neither i nor suc( i) have been started yet, the complete

minimal processing time still has to be done. Since the problem is cyclic, it is

possible that, at the beginning of a cycle, a job that has started in the previous

cycle is still on the machine. Therefore, let Ii E {O, I} (i En) be equal to

1, if operation i is such an overlapping operation and 0 else. In our example

15 = 19 = 1 and all others are O. In the following we consider four different cases,

distinguishing whether Ti and Tsuc(i) are in Rtodo or Rdone. Each of these cases is

then divided into classes determined by whether i is overlapping or not.

1. Ti E Rdone: In this case, we also have to distinguish if Tsuc(i) has been

scheduled or not.

Tsuc(i) E Rdone: If z is not overlapping then the minimal processing time

is already contained in the bound LBdone, so the interesting case is

the one, where i is overlapping. Thus, i has been processed from the

beginning of the cycle until it has been unloaded at time Ssuc(i) - tsuc(i)'

This leaves a remaining processing time of

min (S t)Pi - sucCi) - sucCi) .

We, moreover, have to decrease the remaining processing time by the

time span between the start of the operation (Si) and the current fin-

ishing time for all operations in Rdone (LBdone), which then adds up

to

min (5' t) (LBdone S )Pi - sucCi) - sucCi) - - i·
'--v---'

start of cycle end of cycle

(4.49)

Tsuc(i) E R
todo

: In this case, operation i has already started its processing
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hE Rdone), but hasnot beentakenoff the machineyet ('Tsuc(i) E Rtodo).

Note that this is only possibleif i is not overlapping. Otherwise, 'Tsuc(i)

must have been scheduledbefore. In the non overlapping case, the

remaining processingtime is

(4.50)

where LBdone - Si indicates the time that the operation has already

beenprocessedfor.

In our previous example,operation i = 2 is one of those. It did start

at time S2 = 5 and has beenprocessedfor 7 - 5 = 2 time units, which

leavesa remaining minimum processingtime of 5 time units.

Note that the last part of the (4.49) is the sameasin (4.50). Becauseof this,

we can combine these two differencesby using the overlapping indication

variable "(i. In both cases,i has already started its processingin the actual

cycle. If i is overlapping ("(i = 1) then 'Tsuc(i) must also have been started,

and we additionally have to decreasepiin by Ssuc(i) - tsuc(i). Hence,a joint

formulation is given by

(4.51)

Note that this term can be negative. Sincewe want to include it in a lower

bound, we define

(4.52)

2. 'Ti E Rtodo, 'Tsuc(i) E Rdone: This casecan only occur, when i is overlapping,

since 'Ti will appear after 'Tsuc(i) in the final robotic cycle. The time span i
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has been processedfor so far is 5suc(i) - tsuc(i) (from the beginning of the

cycle until the time i has been unloaded). Thus, the remaining processing

time is given by

min (5 t)Pi - suc(i) - suc(i) , (4.53)

Note that 5suc(i) - t.suc(i) can be greater than piin, becausepiin is the

minimal processingtime and not the actual time Pi the job stays on machine

M(i). Hence, for the lower bound we again define an expression~~[ (i) that

keeps(4.53) non-negative:

AM(:) - . (min (5 t) 0)L...l.2 L - lllax Pi - suc(i) - suc(i), . (4.54)

3. Ti, Tsuc(i) E Rtodo: In this last caseTi and Tsuc(i) have not been planned yet.

For a non-overlapping operation 'i which has not beenstarted yet, the whole

minimum processing time pjllill is still needed. We can imply that 'i is not

overlapping if on the same machine lvJ(i) an operation j has already been

processedin this cycle. Otherwise, if i is overlapping then i must occupy

M(i) during the time interval [0,LBdone] and no other job could have been

processedin that time. Therefore we define Vk E {O, I} which is 0 if no

operation in Rtodo can be overlapping on machine Mk and 1 otherwise (in

the previous example VI = V2 = V3 = 0 since every machine had already

processedan operation). There are two situtations in which Vk = 0 holds:

A job has already been processedon Mk in this cycle.

For any operation i with M(i) = Mi. either Case1 (Ti E Rdone) or Case

2 ( E Rtodo E Rtione)Ti , Tsuc(i) occurs.

In casethat the machine could have an overlapping operation (Vk = 1) we
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obviously do not know, which operation this might be. Therefore, we have

to assumethat it is the one with the longestprocessingtime sincethis will

decreasethe lower bound the most. If LBdone ~ prin then operation i can

completely be processedfrom the beginningof the cycle until LBdone. Thus

we have to decreasethe lower bound by the complete minimal processing

time. On the other hand, if LBdone < prin then we only have to decrease

the lower bound by t.n=«. Summarising this, the lower bound has to be

decreasedby

(4.55)

Combining thesebounds we finally get the bound

LB:: = L ~r(i) + L ~~(i) + L piin_ IIk~~.

iEf2k iEf2k iEf2k
TiERdone TiERtodo Ti,Tsuc(i)ERtodo

Tsuc(i) ERdone

for all k = 1,... ,m. Note that the substraction of IIk~~ ensuresthat in casethe

machinecould havean overlappingoperation, at most this processingtime from

the beginning of the cycle until now will be taken off the lower bound.

In our examplethe lower boundsare

LBP min (LBdone s) + min + min + min (8 t ) 212 = P2 - - 2 P4 . P7 P9 - suc(9) - suc(9) = ,

LB~ = p~in - (8suC(5) - tsuc(5)) = -1.

Since a negativelower boundis not of any use in this case,we set LB~ = o.

The complexity of calculating this bound is O(n), sincein the worst casen~odo=
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Ok for all k = 1, ... ,m and therefore every operation i E 0 has to be incorporated

to the bound calculation. Note that there is no need to check if a machine already

has processeda job for the current PRe. One can simply keep track of this in

constant time during the search.

• transport times: Every job on Mi. also needs to be transported to lVh and

after its processing it has to be transported to its succeeding machine. During

this time, no other job can be processedon Mi: Thus, we can increase the lower

bound by the sum of all transport moves to and away from the machine.

if E Rdone.1 TS1tc( i) ,

else;

for all k = 1, ... ,m. In our example, these lower bounds are

LB~ = t:~+ t4 + t5 + t7 + ts + tg = 12,

LB~ = ts = 2.

Again, the complexity to calculate these bounds is O(n) .

• empty moving and waiting: After the robot has transported a job to a machine

it can either stay and wait at the machine or move empty to another one. During

that time the machine, to which the robot will transport a job next, must be

empty. We distinguish between the two cases

a. empty move: Assume Ti is the next task of the robot, transporting a job

from M(pre(i)) to M(i). If the robot is not already waiting at M(pre(i))

then it has to perform an empty move from its actual machine to M(pre(i))

which is at least as long as the shortest possible move from any machine
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Mk to M(pre(i)). This machineMk can only be one,on which a non yet

scheduledoperationwill be processed,or the onewherethe last operation

l = Rdone[n+N -IRtodolJ hasbeenbroughtto. Thereforelet M(j) = Mk oj:.

M, with j E l u ntodo. For everyunscheduledoperation,the robot needsat

leastto performsucha minimal empty move,which is of length:

min ej pre(i)'
jElUntodo '

M(i)",M(j)

Notethat this valueis the samefor all operationsj E n~odo,sincethey areall

processedon the samemachineM(j) = Mk and i is fixed. In our example,

the minimal empty movingtime is always1.

b. waiting: In the casethat two succeedingtransport operationsbelongto the

predecessorof an operation and the operation itself (7pre(i), 7i), the robot

would havewaited at machineM(pre(i)) after performing7pre(i)' During

the processingtime of pre(i), no other job could havebeen on machine

M(i), sinceotherwiseM(i) would havebeenblocked. Hence,there is an

additional waiting time for M(i) of length

min
Ppre(i) .

In the Gantt-chartof Figure4.2this is for instancethe caseon machineM2,

whereoperation3 on M; hasto be finishedbeforeany other operationon

M2 canstart. So,there is a gapof lengthprin = 8 betweenoperation2 and

4.

For everyoperationon Mk that is left to schedule,one of thesetwo caseswill

occur. A lowerboundfor everytransport moveis givenby the minimumof those

cases.Finally, after the last operation hasbeenscheduled,the robot needsto
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return to the machine of the predecessorof the first operation in the robotic

cycle, which we can assumeis operation 1, and therefore the input station Mo.

Summing up, a lower bound for the empty moving and waiting time is given by

LBe (L . (min. ) ) .k = mm Ppre(i)' mm ej,pre(i) + .mm ei,pre(l)·
jE1UOtodo lEOtodo

iEO~odo M(i)~M(j)

Again, we take the minimum, becausewe don't know which casemight occur in

the final schedule.

In our previous example, these empty moving bounds are dominated by the short

empty moving times and therefore

LBT = 4, LB~ = 4 and LB?>,= 2.

The complexity of this bound is O(nm). There are at most n operation left in

ntodo. For eachi of ntodo oneneedto find the minimum empty moving time from a

machine M(j) to M(pre(i)). (Note that ej,pre(i) refers to the empty moving time

between two machines and does not directly depend on the operations itself.)

Since there are at most m machines lvf(j) to check, this leads to a complexity

of O(nm). However, one can decreaseit to O(n log m) by ordering these empty

moving times ej,pre(i) in advanceby their durations for every machine lvI(pre(i)).

This initial sorting would havea complexity of O(m·m log m). (For every machine

the distancesto every other machine needto be sorted.) The last minimum empty

moving time min eipre(l) can also be calculated in O(logm).
iEOtodo '
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It follows that an overall lower bound for a machine Mk (k = 1, ... ,m) is

LBt: = LB~ + LBk + LBk (4.56)

and the overall machine depending lower bound is

LBM = max LBt:.
k=l, ...,m

(4.57)

For our example this leads to LBtt = 17 + 12 + 4 = 33, LBr = 21 + 12 + 4 = 37,

LBr = 0 + 2 + 2 = 4 and therefore LBM = 37.

The complexity of this bound is the sum over the complexities of all sub bounds which

is O(nlogm) plus an initial one-time cost of O(m . m log m) for sorting the empty

moving times.

Robot Dependent Bound

The robot can also be seen as a machine that can only process (transport) one job at

a time. Every job needs to be transported to its remaining machines. Thus, there is .

a minimum time of L:iEOtodo ti. After a transport operation, the robot either waits at

the machine or drives empty to another one. So, it at least needs the minimum time

between the processing time of i and the empty moving time to another (different)

machine for picking up a job, that still has to be processed. This is

. (min. )mm Pi , mm ei pre(j) .
jE1UOtodo '
M(j)i=M(i)

Finally, at the end of each cycle the robot needs to drive back to the input station,

which adds a time of min ei pre(l). Thus, the overall minimal time the robot needs to
iEOtodo '
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perform the leftover tasks is

( L i, + min (Pillill, min ei pre(j))) + min ei,pre(l)·
jEIUntodo ' iEntodo

"Entodo
" " M(j)#-M(i)

In our example, this bound would be LBR = 14 + 7 + 1 = 22.

The robot dependentbound hasthe samecomplexity asthe empty moving bound which

is O(nm).

Height Dependent Bound

If we have an overlapping operation this operation is partially processedat the begin-

ning and at the end of the cycle. Both parts belong to different repetitions of the same

job. In difference to a machine a job can have more than one overlapping operation.

If we have the situation that the maximum height has been reached for a specific job

in Rdone then the remaining operations of this job have to be planned according to

their precedenceconstraints. Note that from this point on, scheduling the remaining

operations has to be done in the sameway as in a non-cyclic job-shop scheduling prob-

lem with makespanminimisation. All operations of the samejob have to be processed

in order of their precedenceconstraints and no additional operation is allowed to be

overlapping. There are also casesin which no additional operations of a job can be

overlapping anymore (and therefore has to be scheduledaccording to their precedence

constraints) even if the maximum height of a job Jj has not been reachedyet. This

caseoccurs when every machine Mk, on which the job has still to be processedon, had

already processedan operation at an earlier point in time.

In the following we only calculate the height dependent bound for jobs Jj for which

all values Ii with J(i) = Jj are known at this point. This means that for operations i

of these jobs with Ti E Rdone the value for Ii E {a, I} is known and for all remaining
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operations i with Ti E Rtodo it holds '"'Ii = O. Note again that we exclude the casesin

which we do not know whether i is overlappingor not.

The height dependentbound LBy is calculated individually for eachof suchjobs Jj.

The basic idea is as follows. For a non-cyclic problem a bound for eachjob is given

by the sum of all processingtimes plus the correspondingtransport moves,since all

operationshaveto bedoneaccordingto their precedenceconstraints. For the cyclic case

assumethat operation if is the only overlapping operation of Jj and Qi (respectively

~) indicates the first (respectively last) operation of Jj. Then in the current cycle

• all operations from Qi to if have to be processedin order of their precedence

constraints and

• all operation from suc( if) to ~ have to be processedin order of their precedence

constraints.

Eachof thosetwo sequencesbuilds a lowerbound for the minimal completion time of the

. b Th fi t .. b ",pre(i') (t min) t (min (8 t 0)
JO. e rs one IS given y wk=oi k +Pk + i' +max Pi' - suc(i') - suc(i),

whereasthe secondone is given by (8suc(i') - tsuc(i)) + EZ~SUC(i')(tk +prin). Thereby

the parts

max (Pvin
- (8suc(i') - tsuc(i)), 0) and (8suc(i') - tsuc(i))

indicate the two partial processingsof operation if at the end and at the beginning of

the cycle.

In casea job has more than one overlapping operation, there are more than two se-

quenceswhereeachbuilds a lower bound for the completion time of the job. Therefore,

we calculate those lower bounds for each sequenceand finally take the maximum as

the final height dependentbound LBy of job Jj•

Procedure 4.2.2 showshow such a bound can be calculated. We start with setting

LBy and a variable LBtempfor a temporary bound to O. In the for-loop (lines 4-19)
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Procedure 4.2.2 Calculates the height dependent lower bound for a job Jj

1: procedure Cal.cul.at.elle ight.Boundf.Jr)
2: LBH = 0

1
3: ur=» = 0
4: for i = first operation of ./j to pre(~) do

if E Rdone . 1 . - 1 th1 Ti, Tsuc(i) ane "It - en

LBH - , (LBll' min (S t))j - max j ,Pi - suc(i) - suc(i)

end if
if _,-.E Rdone T . E Rtodo and "Y' = 0 thenIt, suc(t) n.

LBtemp = pflin - (LBdone - Si)

end if
if Ti, T.mc(i) E Rtodo and "Ii = 0 then

t.e=» = LBtemp + ti + prill

end if
if 'T E Rtodo T . E Rdone and "Y' = 1 thent , suc(t) c n

t.s=» - t.e=»+ t· + ( min - (S . - t . ) 0)
- l max Pi suc(t) suc(t),

LBH = max (LBIl LBtemp)
J J '

ur=» = 0
end if

5:

6:

7:

8:

9:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19: end for
20: if T*j E Rtodo then
21: t.n=» = t.n=» + t*j

22: LBH = max (LBH LBtemp)
J J '

23: end if
24: return LBy
25: end procedure

we consider all operations of Jj in order of their precedence constraints. We add the

processing and transport times of every sequence to t.e=» until an overlapping oper-

ation (or the last operation) has been reached and then continue with a new sequence.

In particular for every operation i five different casescan occur.

1. Ti, Tsuc(i) E Rdoneand i is overlapping (line 5): This case is the same as in (4.49).

Thus we update LBy by the maximum of itself and pinin - (Ssuc(i) - tsUC(i))'

2. Ti E Rdone, Tsuc(i) E Rtodo and i is not overlapping (line 8): This case is the

same as in (4.50). Thus we set the temporary bound LBtemp to prill - (t.e=«:
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Si). Note that after operation i has beenfinished the succeedingoperations

suc(i), suc(suc(i)), ... ,~ of i have to be processedas well. If none of these

operationsis anoverlappingone(rememberthat weknowthis at this point) then

all operationshaveto be executedone after eachother in the remainingcycle.

Therefore,westorethe current lowerbound in LBtemp and wewill increasethis

value(cf. Case3) until wehavereachedanotheroverlappingoperation (cf. Case

4) or the last operationof the job (cf. Case5).

3. Ti, Tsuc(i) E Rtodo and i is not overlapping(line 11): In this case,we are in the

middle of a sequenceand know that i is completelyprocessedin the remaining

part of the cycleafter its predecessorhasbeenfinished.Thereforethe transport

time aswellasthe minimal processingtime canbeaddedto the temporarybound

(LBtemp = t.e=» + ti +prill).

4. Ti E Rtodo, Tsuc(i) E Rdone and i is overlapping(line 14): Sincei is overlapping,

the sequenceof operationsprocessedafter eachother in the cyclewill finish at

operation i. Thus wecannotadd the completeminimal processingtime prill to

LBtemp but only the transport time and the remainingprocessingtime which is

ti + max(prill - (Ssuc(i) - tsuc(i)), 0). Again this is the samecaseas in (4.49).

Sinceprill - (Ssuc(i) - tsuc(i)) can be negativewe usethe maximumof it and O.

Becausei hasbeenthe last operationin a sequenceof operationsprocessedone

aftereachother in the cycle,the succeedingoperationsof i (suc( i), suc(suc(i)), ...)

do not start after i in this cycle. Thus, theseoperation cannot influencethe

temporary lowerbound t.s=» which know builds the bound for onecomplete

sequence.Hence,weupdatethe bestlowerboundLBf by the maximumof itself

and LBtemp and resetLBtemp to 0 againto possiblycalculateanotherboundfor

a sequenceof operationsthat haveto be processedaccordingto their precedence

constraintsin the remainingcycle. Note that after this case,either Case1 or 2
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will occur.

5. T*j E Rtodo (line 20): If the last operation ~ of Jj has been reached we add

its transport time t*j to the current temporary lower bound LBtemp and update

LBfi as before.

N
The overall bound for the height is given by max LB)H.

)=1

Considering our example the following holds:

Case 2 Case 3 Case 4

Case :3 Case 4

and therefore LBH = 22.

The complexity of this bound is as follows. Every operation of a job is considered in

the for loop of Procedure 4.2.2. The if-statements are all checked in constant time.

Since there are n operations to be checkedthe bound can be calculated in O(n) time.

Summarising, a lower bound for the complete PRC is given by

(4.58)

which in our caseis LB = 11+ max(37, 15,22) = 48.

The efficiency of each of these these bounds is mostly depending on the problem in-

stance. The robot dependent bound for example is not of much use if the travel times

of the robot are very small compared to the processing times. That means the robot

would not be a bottleneck in the production process. On the other hand, if the moving

171



4. THE GENERAL CJSPTB

times are largecomparedto the processingtimes and the fact that betweeneachtwo

operationsa transport movehasto bedone,this boundhasa lot moreinfluenceon the

overall lowerbound.

The height dependentbound is only of any use,if the maximumheight is relatively

small (or will be reachedfast), sincethen the lowerboundwill be not just dependent

on the chainsof operationson eachmachine,but alsoon the chainof processingtimes

of the operationsof eachjob.

For the instanceswehaveconsidered,onecan in generalsaythat the machinedepen-

dent bound is the most dominant one. This holdsespeciallyat the beginningof the

constructionphase.

4.2.3 SearchStrategy

In branchandboundmethodsthe solvingtime andsolutionquality significantlydepend

on the strategywith which the branchingtree is explored.On the onehand,wewant

a goodquality solutionand,on the other handweneedsolutionsfast enoughto make

the boundingmoreefficient.

The strategy we havechosenfor our approachworks as follows. To every PRG we

assigna score,whichgivesan indication of the potential quality of a completeresulting

robotic cycle. Obviously,the quality of the solution dependson the extra time each

operationstayson its machine(Pi - prin) and the machineidle times (the time the

machinesare empty). For example,let us examinetwo extremecases. Considera

solution, whereall jobs are sequentiallyperformedafter eachother. The order of the

operationsfor eachjob is the sameas the order of the precedenceconstraints. This

meansthat there is at most one machineloadedat any time during the production

processand all other machinesareempty at this time. The robot is alwayswaiting at

a machinewhile a job is processedandonly performsempty movesfrom the output to
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the input station. Furthermore, each job stays on a machine exactly for its minimal

processing time. Note that such a solution is always feasible. However, the machine

utilisation is the worst possible one (assuming that the cycle time is minimised) which

means, that the machines have long idle times.

On the other hand, if we try to keep the machine idle time very low, by reloading a

machine as soon as it has been unloaded, the possibility to get an infeasible PRG is very

high since many machines are blocked. Also, the jobs on a machine might stay there

for longer than needed. E.g. if a set of machines is loaded with jobs whose successors

have all to be processed on the same machine Mk, then they obviously have to visit lvh

one after each other. This means that a part of this machine set will be blocked for a

(most likely) longer time than needed since the jobs cannot be unloaded. Furthermore,

no other job can go on those machines in the meantime, which also increases the cycle

time.

Based on this, we assume that a schedule with short cycle time has less idle time and

less operation waiting time than a schedule with a long cycle time. Therefore, we

define the overall waiting time w of a partial robotic cycle as the sum of the machine

idle times and the operation waiting times in Rdone. The smaller this time is, the

potentially better the final solution will be.

The order in which the partial robotic cycles are explored during the search is based

on a priority rule. It depends on the waiting time wand the lower bound LBdone of

every PRe. The later a PRG appears in the search tree, the more likely it is to have

a high waiting time, since more operations have been scheduled already. Therefore, we

want to relativise the waiting time of a PRG to its depth in the tree. A simple way of

doing this is to set it in relation to the lower bound LBdone. The deeper a PRG is in

the tree, the higher this value gets. Therefore, the priority rule is based on a scoring
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function that is givenby
w

LBdone'

After everyiteration, webranchon the nodecontainingthe PRC with the lowestscore.

If two PRCs havethe samescorethan the onewith the smallestlowerboundis chosen

next.

An advantageof the searchprocedureis, that it hasgreat potential to be parallelised.

Different partial robotic cyclescan be updated by different threads,wherethe only

variablesto be synchronisedare the best global solution and the global lowerbound.

Sincemulti corecomputersarevery commonthosedaysandconcurrentcontainersare

availablein moststandardlibrariesof commonprogramminglanguageslike Java,C++

or Python, parallelcomputingbecomesan important factor in modernalgorithms.
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4.3 A Heuristic Approach

In the areaof operational researchheuristics refer to algorithms which deliver acceptable

solutions to a problem. They are usually based on a 'rule of thumb' or a set of rules

derived from some experience or insight into the problem by an expert. Although,

tending to work well in practice heuristics do not give any guarantee to the quality of

obtained solutions. There are two main types of heuristics: constructing and improving

ones. A constructive heuristic builds solutions from scratch and comparesthem against

eachother, while improving heuristics (or local search methods) take an existing solution

and try to find a better solution by perturbing a previous one. The construction method

for robotic cycles in Section 4.2.1 can be seenas a constructing heuristic. However, in

the remaining part of this section we will consider a local searchmethod (more precisely,

a tabu searchheuristic) for the CJSPTB. A detailed overview about heuristics in general

can be found in Michalewicz and Fogel (2004) and Burke and Kendall (2005).

4.3.1 Neighbourhoods

As before, solutions are presented as robotic cycles, which means our search space

is the set of all feasible robotic cycles. A very important component of local search

methods is the neighbourhood function. For a given solution the neighbourhood function

determines a set of different solutions (neighbours) that have been derived from the

original one. From this set of neighbours one solution (often one with a good objective

value) is chosenas the current one. Then the neighbours of this current solution are

calculated and evaluated. One selects a solution within these neighbours as the new

current one and continues.

Since the CJSPTB can be regarded as a permutation problem one can move from

a given robotic cycle R to another one, by swapping two transport moves in R, for
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instance. Commonchangesfor the non-cyclic job-shop problem with transport and no

blocking (JSPT) are to

• moveall operations of onejob to the end of the schedule(job shift),

• swapthe order of two successivetransport operations by the robot (robot swap)

or

• swapthe order of two successiveoperationsprocessedon the samemachine (ma-

chine swap). '

In the following we are going to adapt these neighbourhood movesto the CJSPTB.

However,by randomly swappingthe position of two transport movesin R, the resulting

neighbourmight be an infeasiblerobotic cycle. Thus, we haveto be a bit more 'careful'

by choosingwhich transport operations are being moved or swapped. Since we are

aiming to generate feasible neighbours, we always have to check whether they are

blocking-feasibleand fulfill the height restriction. In our case,the blocking feasibility is

the more restricting property and, therefore,we will discussthis part more intensively.

The height of a blocking-feasiblerobotic cyclecan easilybe calculatedby keepingtrack

of the individual repetition numbersduring the different neighbourhoodmoves.

Job Shift

For the non-cyclic job-shop problem with transportation and blocking one can always

move from a given feasiblesolution to another feasibleone, by shifting all operations

of onejob to the end of the schedulein order of their precedenceconstraints. We can

usethis idea for the CJSPTB as well. Let Jj be the job to be shifted to the end of the

schedule.The pseudocodeof sucha shift is shownin Procedure4.3.1.

In the first step, we removeall transport movesbelonging Jj from the robotic cycle

(cf. line 2). Note that the remaining robotic cycle R' is still feasible. Firstly, the
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Procedure 4.3.1 Performing a job shift

1: procedure JobShift(Jj)

2: remove transport movesof job Jj from R
3: let R' be the remaining robotic cycle
4: consider Mj <;;;; M of all blocking machines on which Jj is processedon
5: while there exists lEn with M(l) EMj and Tsuc([) --+ T[ in R' do
6: move Tsuc(i) to the last position of R'
7: end while
8: reinsert operations of Jj at the end of R' in order of precedenceconstraints
9: return R'

10: end procedure

height will not be increased by removing a job. And secondly, for every removed

transport move Ti its successorTsuc(i) will also be removed (if it exists) and therefore

with Lemma 4.2.1 (page 148) the robotic cycle is still blocking-feasible. Before we can

add the eliminated transport moves of Jj at the end of the R', we have to make sure

that this would not violate the conditions of Lemma 4.2.1. In particular, we have to

make sure that for all machines lvh, job Jj is going to be processedon, the following

holds. Consider an operation l r;. Jj with M(l) = Mi: If the order of T[ and its

successorin R' is T[ --+ Tsuc(l) then inserting Ti, Tsuc(i) with J(i) = Jj and M(i) = Mk

at the end of R' would lead to T[ --+ Tsuc([) --+ Ti --+ T.mc(i). This would be blocking-

feasible on lvh according to Lemma 4.2.1. On the other hand, if the order in R' is

Tsuc([) --+ T[ then inserting Ti, Tsuc(i) in order of their precedenceconstraints would lead

to Tsuc(l) --+ T[ --+ Ti --+ Tsuc(i) which cannot lead to a blocking-feasible robotic cycle.

Hence, for all those transport moves T[ one has to make sure that its successorappears

in front of Ti. This can be done by moving the successorof T[ to the end of R' (cf. line

6). However, by moving a transport move Tsuc(l) to the end of the robotic cycle it can

happen that R' contains the order T,mc(suc([)) --+ Tsuc(l) and M(suc(l)) is a machine

where Jj has to be processedon. Thus, TSllc(suc([)) also has to be moved to the end of

R'. In the worst casethis is done for all succeedingtransport movesof a job. Finally

the transport movesof Jj are inserted at the end of R'.
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h:,o = 2
et = 58

Mo

o 10 20 30 40 50 60 time

Figure 4.3: Gantt-chart for Example4.3.1with robotic cycle R

We will demonstrate the job shift with an example.

Example 4.3.1. Consider the following data of a CJSPTB with 4 jobs and 4 machines.

Job

Operation 1 2 3 4 5 6 7 8 9 10

Processing time 5 3 6 5 4 5 6 6 8 5

Machine s« M2 M3 M2 M4 M3 M2 M4 Ml M2

The transport times are ti = 2 for all i E D* and the empty moving times between any

two different machines are 1. Figure 4.3 shows a feasible schedulefor the problem. The

robotic cycle in this solution is

(The corresponding machine is written above each transport move to help the reader

identifying possible blocking situation in the next steps.) We now want to perform a

job shift for J4 in this solution. We start with removing transport moves Tg, Tg, TlO, T*4

from the robotic cycle. This leaves a remaining robotic cycle
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The machines Js has to beprocessed on are M4 = {MI' M2, M4}. Considering machine

M4 we have the situation that T5 with M(5) = M4 is done after T*2 in R'. If we would

insert T8,Tg at the end of R' in its current state then the order T*2 --+ T5 --+ T8 --+

tg would violate the conditions in Lemma 4.2.1 for machine !v14. According to our

procedure we move T*2 to the end of R' and then insert the transport moves of .14. The

resulting feasible robotic cycle is

Note that all jobs are processed one after each other and there are no overlapping

operations. However, this is not necessarily the case. If we apply a job shift to h in

R, the resulting robotic cycle would be

MI M* M4 M2 !vh M3 M* M2 M* M2 M4 M3 !vh M*

Rill = Tl, T*2, T8, T2, T9, T:~, T*I, TID, T*4, T4, T5, T6, 'T7, T*3.

The correspotulinq schedule for both robotic cycles are shown in Figure 4.4. In Figure

4.4(a) we omit the repetition numbers since they are all identical.

Robot Swap

For a given robotic cycle R = Tcr(1)'Tcr(2)'" ., Tcr(k),Tcr(k+l)' ... , Tcr(N+n)a robot swap

betweentransport movesTcr(k)and Ta(k+l) leads to the neighbour robotic cycle

Formally, we swap the transport movesat position k and k + 1. Note that we only swap

transport movesthat are direct successorsof eachother. In other words, Ti is swapped

with TsucR(i)' In casek = N + n is the last position in the robotic cycle, we cannot
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h:,o = 1

Cl' = 85
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o 20 40 60 80 time

h:,o = 2
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Figure 4.4: Gantt-charts for Example 4.3.1 after job shift

swap it with its "right hand neighbour". Becauseof the cyclic property the right hand

neighbour of Ta(N+n) would be Ta(l)' Since we have fixed the robotic cycle to start

with transport move Ta(l) = T1, we cannot just swap these two moves,but also have to

readjust the robotic cycle, so that. it starts with T1 again. Hence,swapping transport

movesTa(l) and Ta(N+n) in the previously given robotic cycle R would lead to the new

robotic cycle

RI!
= Ta(l)' Ta(N+n)' ra(2),"" Ta(N+n-1)'

However, not every robot swap provides a feasibleneighbour. Let us recall that a fea-

sible robotic cycle needsto be blocking-feasibleand has to fulfill the height restriction

(cf. Section 3.2). We are now going to discuss in which casesa swap will lead to a

feasibleor infeasible robotic cycle.
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We start with the height restriction. We know that the actual height h:,o dependson

the different job repetitions processedat a time. A solution can only becomeinfeasible

if a job .fi with repetition number r will finish after another job with repetition number

r + h*,o has already started processing. Thus we simply need to keep track of the

repetition numbers during the neighbourhood moves.

To ensure that the neighbour is blocking-feasible, for any two operation i, j E 0 with

JvJ(i) = M(j) the cyclic order Ti ---t TS1Lc(i) ---t Tj ---t TS1Lc(j) must be preserved in a

robotic cycle (cf. Lemma 4.2.1). Thus, we can conclude the following.

Corollary 4.3.1. Consider a blocking-feasible robotic cycle R containing Ti, Tj with

M(i) = JvJ(j) of M*. Then swapping any two transport moves in

Ti ---t TSlLC(i) ---t Tj ---t TSlLC(j)

leads to an infeasible robotic cycle.

Due to Corollary 4.3.1 in the following casesa swap between Tk and Tk+l leads to a

blocking-infeasible sequenceif for M(i) = 1I1(j) one of the following casesoccurs:

CaseA: TA: = Ti and Tk+l = TSlLC(i), or

CaseB: TA: = Ts1Lc(i) and Tk+l = "i- or

CaseC: Tk = Tj and Tk+l = TSlLC(j), or

CaseD: TA: = TS1Lc(j) and Tk+l = Ti.

Assuming that R was blocking-feasible before, the resulting robotic cycle R' will be

blocking-feasible after a robot swap if none of the casesabovewill occur. We will again

usean example to illustrate a robot swap.
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h:,o = 2
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Figure 4.5: Gantt-chart for Example 4.3.2 with robotic cycle Rill

Example 4.3.2. We will use the same data as in Example 4.3.1 and start with the

same feasible solution given by

and shown in Figure 4.3. We want to shift transport move T6 asfar to the left as possible

by using robot swaps. Operation 6 is processedon M3. The first swap is betweenT6 and

TlO, where operation 10 is processedon M2. This swap is feasible. The next swap would

be with T*l. However, *1 is the direct successor of operation 3 which is also processed

on M3 (cf. Case B). Thus, a swap would lead to an infeasible sequence

T3 --+ T6 --+ Tsuc(3) --+ Tsuc(6)'

Hence, a the resulting robotic cycle after swapping T6 to the left is given by

The corresponding schedule is shown in Figure 4.5. In the same way, one can obviously

also shift a transport move to the right in a robotic cycle. Moreover, for every transport

move Ti there is an interval of transport moves Ti can be shifted in using some robot
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swaps.

Machine Swap

Another common swap in job-shop scheduling is to changethe order of two operations

processedon the same machine. While this swap is rather trivial for the general job-

shop problem, it is not that obvious how to retrieve a feasible robotic cycle for the

CJSPTB after a machine swap.

Assume that Ti appears before Tj in R where M(i) = M(j). Instead of swapping Ti

and Tj we move J(i) immediately after T,mc(i) (seesteps 1, 2 below). Usually this leads

to a robotic cycle that is not blocking-feasible. Therefor we need to repair the robotic

cycle which is described in Steps 3 and 4 of the following.

1. Remove all operations of J (i) from the robotic cycle. The remaining partial

robotic cycle is still feasible.

2. Insert all transport moves of J (i) after TSILC(j) in order of their precedencecon-

straints. We denote the resulting (most likely infeasible) robotic cycle with R'.

3. Let TiD resp. Ti* be the first resp. last transport move of J(i). Shift all transport

movesTsuc(jl) belonging to J(j) with Ti* - --t Tsuc(jl) in front of TiD by keeping the

original order between themselves, if they fulfill the following conditions:

• J(i) has to be processedon Jvl(j/),

• R' contains the order Tjl ---t TiO.

4. Consider a transport moveTk neither belonging to J(i) nor J(j). After Steps2 and

3 have beenexecuted operation k can collide with another operation l on machine

lvl(k) = M(l) such that the current robotic cycle is infeasible (the first time l

belongs to either J(i) or J(j)). To correct this, we shift Tsuc(k) as far to the left as
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neededuntil the there is a blocking-feasibleorder Tk --+ Tsuc(k) --+ t: --+ Tsuc(l)

on M(k) = M(l). During this shift, there could occur new collisions on some

machines. We continue with this correction until the robotic cycle is blocking-

feasible (cf. explanation below).

Step 1 is the sameas in the job shift. Step 2 is similar to the job shift, exceptjob J( i)

will inserted immediately after Tsuc(j) rather than at the end of the robotic cycle.

In Step 3, we make sure that all operations belonging to J(j), that collide with J(i)

on any machine in the current scheduleare finished before J(i) starts. Assumethat

i' and j' are operations belonging to J(i) and J(j), respectively that are processedon

the samemachineM(i') = M(j'). After reinserting the operation of J(i) we know that

the resulting robotic cycle R' contains the sequenceTio, ... , Tpre(i'), Ti', Tsuc(i'),' .. , Ti*.

Togetherwith the two transport movesTj' and Tsuc(j') the following cyclic orderscould

be possiblein R':

Tj'--+TiO, ... ,Ti* --+Tsuc(j') or Tj'--+Tsuc(j') --+Tio, ... ,Ti*'

The latter casewould be feasible for machine M(i') = M(j'), whereasthe first case

would be infeasible. However,we can make this robotic cycle blocking-feasiblefor this

machineby moving Tsuc(j') in front of TiD to retrieve the situation in the latter case.In

the most extreme casethe completejob J(j) will be finished before J(i) starts. Note

that the order betweenthe movedtransport moveswill remain the sameas before. If

we would removeall other transport movesnot belongingto J(i) or J(j) the remaining

robotic cycle would be feasible. However,there could be other transport movesTk not

belonging to J(i) or J(j) which are now in conflict with transport movesof J(i) or

J(j).

In step 4 let Tk be such a transport move. The following two casescan occur between

184



4.3 A Heuristic Approach

Tk and Tl and their successorswith M(k) = lvf(l):

Tk ---+ Tt ---+ Tsuc(k) ---+ Tsuc(l) or Tk ---+ Tl ---+ Tsuc(l) ---+ Tsuc(k)'

We shift the successorTsuc(k) to the left such that the resulting order in the robotic cycle

is Tk ---+ Tsuc(k) ---+ Tl ---+ Tsuc(l) with M(k) = M(l). We repeat this procedure until R'

is blocking-feasible. Note that this method will eventually lead to a blocking-feasible

robotic cycle. Any shift of a transport move Tsuc(k) will, in the worst case, result in

the order ... , Tk, Tsuc(k), ... in R'. If every operation of J(k) is colliding with another

operation on a machine then the final sequenceof all transport moves belonging to

J(k) in R' would be TkO,"" TA:,Tsur(k),"" Tk* which means all operations of the job

are processedone after each other. If this case happens for all jobs except J( i) and

J(j) the result would be a blocking-feasible robotic cycle in which all jobs are processed

directly one after each other.

Sincethis moveprovides a lot of diversification betweenthe original robotic cycle and its

resulting neighbour many repetition numbers can change. Hence the height restriction

needsto be checkedagain.

Example 4.3.3. We again will use the same data as in Example 4.3.1. The given

robotic cycle is R = TI,T*2,Ts,T2,Tg,T3,T*1,TlO,T6,T*4,T7,T*3,T1,T5. We are going to

swap operations 8 and 5 {resp, TS and T5) that are both processed on M4. The swap

can be done as follows

1. We remove the transport moves belonging to J2 (T4' T5, T*2) from the robotic cycle.

The route of the remaining par-tial robotic cycle is

Nh M4 M2 lvh ]\;[3 M* M2 M3 M* M2 M*

R' = TI, TS, T2, Tg, T;{, T*l, T1O, T6, T*4, T7, T*3.

2. We r-einsert the transport moves of h after Tsuc(S)= Tg in order of their precedence
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h:,o = 1
ex = 57

u;
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Figure 4.6: Gantt-chart for Example 4.3.3 with robotic cycle Rill

constraints. The resulting robotic cycle is

MI M4 M2 MI M2 M4 M* M3 M* M2 M3 M* M2 M*

R" = TI, TS, T2, Tg, 74, 75, 7*2, T3, T*l, TIO, T6, T*4, T7, T*3.

3. Job J(5) = h is processed on machine M2 and M4 and J(8) = J4 on M4, MI

and M2. The only non-dummy transport move belonging to h scheduled after T*2

in R' is TW. However the predecessor of operation 10 is processedon MI which is

not in the set of machine h is processedon. Formally said, there are no transport

moves Tsuc(j) with MU) E {M2' M4} of J4 that appear after T*2 in R'.

4. The remaining transport move not belonging to J4 is T3. Note that for M2 we

have the order T2 --+ T4 --+ T5 --+ T3 which is infeasible according to Lemma

4.2.1.Thus we move T3 to the first position such that the order on M2 is blocking-

feasible again. This position is in front of T4, since T2 --+ T3 --+ T4 --+ T5 is

a blocking-feasible order for M2. After that, there is no blocking-infeasibility on

any machine. Thus, the final blocking-feasible robotic cycle is given by

The corresponding schedule can befound in Figure 4.6.
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The presented neighbourhood moves can now be used to explore the search space.

As mentioned before, there are various strategies of how this could be done. In the

following section we will present a tabu searchstrategy to solve the CJSPTB.

4.3.2 A Tabu Search

The possible simplest way of a local searchmethod is hill climbing. For a given feasible

solution, one calculates all its neighbours and choosethe one with the best objective

value as the new solution. One continues until no further improvement can be made.

A disadvantage of this method is that it will usually stuck in a local optimum. There

are different ways of escaping such a local optimum. A common one is to accept the

best solution of all neighbours as the new solution, even if it is not better than the

best one found so far (global optimum), which will be stored separately. In addition

to that a quite promising method is the tabu search (cf. Glover (1997)). Briefly said,

it is a hill climber with memory. There is a list of fixed length I in which the last I

previously visited 'states' of the searchare stored. If during the search, a state will be

reached, that is in the tabu list, one will ignore it. Even then it will be ignored if the

resulting neighbour is the best of the current set of neighbours. This will avoid going

in short cycles and possibly escapelocal optimas. In addition to this one can also use

an aspiration criteria. This means, we will accept solutions if they are better than the

global optimum, even if they are tabu.

The next step is to decide, which neighbours are calculated for a current solution.

Of course, one could calculate all possible neighbours, using the neighbourhood moves

provided. However, this might take et long time. Sincethe aim is to improve the current

solution, it is manifest to apply those neighbourhood moves that might improve the

current solution. The objective value does not necessarilydepend on all operations in

a solution. Moreover, it is dominated by those operations that build the bottlenecks
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in the current solution. The property of those operations is that the solution cannot

be improved if none of the bottleneck operations will be moved. Thus we restrict

the neighbourhood search, to only swap and shift those transport moves, where the

corresponding operations builds a bottleneck for the current solution.

The last important point is the tabu list. One has to decide, what is going to be stored

in it, and how long the list should be. The simplest elements to store in the list are

complete solutions, in our casethis would be a robotic cycle. However, checking whether

the current neighbour is contained in the list could take up some time, depending how

long the list is. Therefore, instead of this, we store the previous positions of the swapped

or shifted transport moves. For our approach we chose three different tabu lists T LJ,

T LR and T LM, each defined for the three different neighbourhood moves.

• T LJ stores the jobs that have been moved last to the end of the schedule after a

job shift.

• TLR stores the pairs of transport moves that have been swapped in a robot swap.

• TLM stores the pairs of jobs that have been swapped in a machine swap.

The search strategy is as follows. We start with a feasible robotic cycle R, which in

our case is simply all jobs are processed one after each other in ascending order of their

indices. This robotic cycle is then evaluated and defines the current best global solution.

Then, the operations on the critical path(s) are calculated. For every operation i on a

critical path, the following neighbours are calculated and evaluated.

• J(i) is shifted to the end of the schedule (this is at most done once for every job).

• Ti is swapped with the transport moves left and right of it in R.

• i is swapped with the preceding and the succeeding operation on M(i) (if it

exists).
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All neighbours are evaluated and the best neighbour, that is not tabu, is stored as

the best local solution and added to the corresponding tabu list. In case there are

neighbours with the sameobjective value, we choosethe one that has been calculated

first during our search. Note that this keepsthe method purely deterministic, which is

good for reproducing the results. However,a random choiceof the neighbour could act

as a good tiebreaker and might influence the final solution in either a good or bad way.

If the current solution is better than the best one found so far (global optimum), then

we replace this solution by the current one. Note that we also store a solution that

actually was tabu, if it is better than the global optimum. The searchstops, if after a

specific number of iterations no improving solution could be found, or a time limit has

been reached. (We will specify these values in Section 4.5.)
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4.4 GeneratingProblem Instances

For the cyclic job-shop problem with one transport robot, there are, as far as we

knowno standardbenchmarksavailable.Most authorshaveconsideredstandardjob-

shopbenchmarksand haverandomlyaddedadditional timesfor transportation. To be

ableto test anyalgorithmon differentclassesof probleminstances(especiallydifferent

ratiosbetweenprocessingtimesandtransport times),wedevelopedaproblemgenerator

(Bruckeret al. (2009)).

The underlyingpseudorandomnumbergenerator(PRNG) is basedon Park andMiller

(1988). Thus, everyprobleminstancecan be reproducedif the programis run with

the sameparameters.The input parametersare the numberof jobs N, the number

of machinesm (including an input and output machine)and a seednumber for the

PRNG. For everyjob, the generatorrandomly assignsa machineto eachoperation.

Furthermore,onecansetminimal andmaximalvaluesfor the processing,setup,empty

movingandtransport time. A reasonableassumptionis that the transport time cannot

be smaller than the correspondingempty moving time betweenthe samemachines.

Therefore,weaddarandomvaluebetweenaminimal andmaximaladditionaltransport

time to the correspondingempty movingtime.

The processingtimesarecalculatedasfollows.Thereis a lowerboundfor the smallest

minimal processingtime and an upperboundfor the largestmaximalprocessingtime.

Additionally, a minimal distancebetweenminimal and maximal processingtime can

be set (processingtime window).

Sincethe triangle inequality hasto hold, wedeterminethe distancesbetweenthe ma-

chinesin the followingway. We createa 2-dimensionalquadratic areawith diameter

equal to the differencebetweenminimum and maximumempty moving time. Then,

werandomlyplaceall machineson this area,calculatetheir euclidiandistancesto each
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other and add the minimal empty moving time. This guaranteesa distance between

the machinesaccording to the given limits. We assumethat every job starts at input

machine Mo and finishes at the output machine M* = Mm-I. In our case,the mini-

mal processingand setup times of the output machine are set to 0 and the maximum

processingtime to a big enough number.

Here is an example of a small problem instance with 2 jobs and 5 machines.

*SEED 212121

*MIN,MAX_PROCESSING_TIME 10,99

*MIN_PROCESSING_TIME_WINDOW 20

*MIN,MAX_TRANSPORT_TIME 1,4

*MIN,MAX_EMPTY_MOVE_TIME 1,8

*MIN,MAX_SETUP_TIME 4,8

*The first line represents the numbers of jobs (2) followed by the number

*of machines (5). Each of the next 2 line(s) represent all operations of one job.

*Each operation has assigned 5 values which are in the following order:

*Machine I minProcessingTime I maxProcessingTime I transportTime I setupTime

*The other lines representing the time distance

*between the machines are of the form:

*machine-A I machine-B I distance

2 5 II #jobs #machines

3 42 74 6 8 2 75 97 9 6 1 73 95 8 740 9999 5 0 II operations job 1

2 27 56 5 7 3 25 68 7 8 1 48 94 8 5 4 0 9999 5 0 II operations job 2
000

015

024

035

045

110

1 2 6

135

147

220

233

242

330

344

440

II empty moving times
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4.5 Computational Results

In this sectionwedescribesomeimplementation details and report somecomputational

results. All approacheshavebeentestedon an Intel Xeon E54723.0GHzcomputer with

16GB memory,single threaded, running Linux 64bit. The mathematical programming

modelshave beensolvedwith CPLEX 12.2using the default parameters. The branch

and bound method (Section 4.2) and the tabu search (Section 4.3) have been imple-

mented in C++ using the Intel compiler version 11.1.

We will start with presenting the test data used for our experiments. Afterwards,

the MIP-model from the literature (Section 4.1.1) is compared with our new MIP-

formulation (Section 4.1.2). In addition to the best solutions, we will also provide the

lower bounds found during the searchand the memory usedby the solver, sincethis is

an important criteria, what problem sizesthe solver can handle. Afterwards, we will

compare the best solutions and bounds of the two MIP-models with our branch and

bound method. Finally, wewill presentthe best resultsout of all methodsand compare

it with the tabu searchheuristic. To model the cyclic constraint, we have chosenthe

cyclic job-shop model with height h*,o. The reasonfor this is, that the model with job-

chain repetition doesnot havemuchvariation in the solution for different heightsfor our

problem instances.This is, becausein our instances(and alsothe onesin the literature

for problemswithout transportation) every job is processedon every machine. Hence,

evenfor a small number of jobs, everyjob usually overlapsat most once. Thus, there is

no real point in testing different parametersfor the height, sincethe optimal solutions

stay the same. For the complexity of solving the problem it alsodoesnot make much

of a difference. All three modelshaveconstraints that restrict a specificrepetition of a

job to start before another one has finished. They do not changeanything substantial

in the overall problem formulation. The parametersfor the height are set to h*,o = 1

and h*,o = 2. We have also done all experimentswith a maximum height of h*,o = 3
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(and even higher where possible), but the optimal results kept the same, in case we

could find it.

The time limit that every method had to solve each problem instance was set to 3600

seconds,which is also a standard value in the literature.

4.5.1 Test Data

The problem instances used in the experiments are generated with the problem gener-

ator proposed in Section 4.4. We have generated 27 instances of various sizes that are

shown in Table 4.2. The complete data of the instances can be found in Brucker et al.

(2009).

Instance I #Jobs I #Machines I #Operations

5x5-1 5 5 20
5x5-2 5 5 20
5x5-3 5 5 20

5x10-1 5 10 45
5x1O-2 5 10 45
5x10-3 5 10 45
6x6-1 6 6 30
6x6-2 6 6 30
6x6-3 6 6 30
7x7-1 7 7 42
7x7-2 7 7 42
7x7-3 7 7 42
8x8-1 8 8 56
8x8-2 8 8 56
8x8-3 8 8 56
9x9-1 9 9 72
9x9-2 9 9 72
9x9-3 9 9 72

1Ox5-1 10 5 40
10x5-2 10 5 40
lOx5-3 10 5 40

10x10-1 10 10 90
10x10-2 10 10 90
10x1O-3 10 10 90
15x15-1 15 15 210
15x15-2 15 15 210
15x15-3 15 15 210

Table 4.2: Data sets
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4.5.2 MIP-Models

In this part, we comparethe mixed integer programming formulation from the litera-

ture, presentedin Section 4.1.1, to the new developedone presentedin Section 4.1.2.

The results can be found in Tables 4.3 and 4.4. The first two columns contain the

problem instance and the correspondingheight h*,o. The first set of columns contains

the results for the model from the literature (CJSPT-MIP-LIT) and the secondset

(CJSPT-MIP-OO) those from the newly developedmodel presentedwithin this work.

The minimal cycle time obtained by CPLEX ('a') is given in the next column, followed

by the lowerbound ('LB') and the correspondinggap ('GAP'). The last column ('Mem-

ory') contains the spacein megabytefor storing the tree in casethe problem could not

be solvedto optimality when the time limit hasbeenreached.If no value for a specific

column could be obtained (e.g. no solution has beenfound) we write 'inf'.

As wecansee,our newmodelmostly outperforms the model from the literature. It finds

a better solution for 16instancesand a better lower bound in 21cases.The model from

the literature on the other hand finds a better solution valuefor 2 instancesand a better

lower bound for 11 instances. Furthermore, the differencesin the memory neededfor

the branching trees are enormous. The averagememory neededfor the CJSPT-MIP-

LIT model is 2751MB, not taking into account instancessolvedto optimality, whereas

the CJSPT-MIP-OO model only usesan averageof 289MB per unsolved instance.

This new formulation especiallybenefitsscenarios,wherecomputerswith lessmemory

or 32Bit operating systemsare used. However,for large instance with more than 200

operations, none of the models was able to find any feasiblesolution. One can also

notice, that the problem seemsto becomemore complicated,when the height hasbeen

increased.Obviously, the main reasonis that the searchspacehas beenincreased.
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Instance
CJSPT-MIP-OO

LB Gap Memory
CJSPT-MIP-LIT I

LB Gap Memory

5x5-1 519
508

519 0.0%
508 0.0%

1
2

519
508

519 0.0% - I
508 0.0%

5x5-2 1
2

446
432

446 0.0% - I
432 0.0%

446
432

446 0.0%
432 0.0%

519
482

519 0.0%
482 0.0%

5x5-3 1
2

519
482

519 0.0% - I
482 0.0%

694 0.0%
558 0.0%

5xlO-1 1
2

694
560

691 0.0% - I
512 9.4%

694
558

765
558

765 0.0%
461 15.5% 178

5xl0-2 1
2

765
545

765 0.0% - I
545 0.0%

696
524

696 0.0%
524 0.0%

5xlO-3 1
2

696
524

696 0.0% 665- I
504 4.0%

6x6-1 616
575

616 0.0%
575 0.0%

1
2

616
575

616 0.0%
575 0.0%

fix6-2 1
2

605
548

605 0.0%
548 0.0%

605
548

605 0.0%
548 0.0%

559
532

559 0.0%
532 0.0%

fixfi-3 1
2

559 559 0.0%
532 532 0.0%

7x7-1 683 0.0%
620 0.0%

1
2

683 682.7 0.0%
623 532 17.1% 1242

683
620

7x7-2 1
2

735 735 0.0%
644 612 5.2% 339

735
634

735 0.0%
634 0.0%

7x7-3 1 676 676 0.0%
2 621 539 15.2%

676 676 0.0%
1350 618 618 0.0%

327
8x8-1 1 948 947 0.1%

2 880 572 53.8%
3 948 948 0.0%

3540 865 611 29.4%

8x8-2 1 887 792 12.0%
2 811 634 27.9%

400 884 884 0.0%
1818 804 649 19.3% 456

8x8-3 1 852 802 6.2%
2 800 524 52.7%

1665 852 852 0.0%
3337 796 487 38.9% 427

9x9-1 1 1175 722 62.7%
2 inf 498 inf

3839 1050 1033 1.6%
4387 inf 656 inf

418
494

453
387

9x9-2 1 1188 728 fi;3.2%
2 inf 501 inf

3867 1034 714 30.9%
4463 inf 480 inf

9x9-3
408

1 1119 764 46.5%
2 1272 665 91.3%

3808 1097 1097 0.0%
3582 inf 525 inf

lOx5-1 1 819 819 0.0%
2 779 649 20.0%

819 819 0.0%
373 779 779 0.0%

lOx5-2 1 818 818 0.0%
2 810 551 47.0%

841
798

818 818 0.0%
1350 808 808 0.0%

844
798

lOx5-3 1
2

844 0.0%
572 39.5% 1597

844
798

0.0%
0.0%

Table 4.3: Results for MIP modelspart 1
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CJSPT-MIP-LIT I CJSPT-MIP-OO
Instance h*,o a LB Gap Memory a LB Gap Memory

lOxlO-I 1 1403 803 42.8% 5749 1 1389 803 42.2% 93
2 inf 446 inf 2910 inf 346 inf 270

IOxl0-2 1 inf 822 inf 5367
1

1444 800 44.6% 54
2 inf 362 inf 967 inf 383 inf 297

IOx10-3 1 inf 720 inf 6572 1441 777 46.1% 521
2 inf 310 inf 3863 inf 318 inf 391

15x15-1 1 inf 953 inf 2979 inf 927 inf 85
2 inf 722 inf 3122 inf 289 inf 201

15xl5-2 1 inf 942 inf 3099 I inf 959 inf 89
2 inf 483 inf 4322 inf 330 inf 209

15x15-3 1 inf 830 inf 2255 I inf 860 inf 100
2 inf 401 inf 5204 inf 295 inf 209

Table 4.4: Results for MIP models part 2

4.5.3 Branchand Bound

In this section,we haveapplied the branch and bound method from Section4.2 to

solvethe probleminstances.For comparison,wehaveusedthe bestsolutionsand best

boundsfound in the previousexperiments.The resultsarepresentedin Tables4.5and

4.6.

As we can seefrom the results, our method is competitive with CPLEX. For large

instances,we wereable to find (non trivial) solutionswereCPLEX wasnot able to

find any solution. Moreover,we could also find better solutionsfor someinstances.

Even by changingthe parameterof CPLEX to find feasibleinsteadof optimal solu-

tion (CPXpARAMMIPEMPHASIS) the overall result did not changemuch. It in

fact becameworsethan the current one that usesthe default parameter. Moreover,

by studying the final schedules,we could seethat our solutions (especiallyfor large

instances)arealsonot trivial ones,whichin this casemeansthey arenot of the type in

whichthe jobs areprocessedoneat a time. However,CPLEX outperformsour method

in the bounding. Onereasonfor that is definitely that CPLEX exploresthe tree more

in its breadth, wherewe are moreconcentratedon the depth to find more solutions.

Another indicator for this is the memoryusedby the algorithm. As wehaveseenin the
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4.5 Computational Results

CJSPT-NIIP-Best Branch and Bound
Instance h*,o 0' LB Gap 0' LB Gap

5x5-1 1 519 519 0.0% 519 519 0.0%
2 508 508 0.0% 508 508 0.0%

5x5-2 1 446 446 0.0% 446 446 0.0%
2 432 432 0.0% 432 432 0.0%

5x5-3 1 519 519 0.0% 519 519 0.0%
2 482 482 0.0% 482 482 0.0%

5xlO-1 1 694 694 0.0% 694 694 0.0%
2 558 558 0.0% 558 558 0.0%

5xlO-2 1 765 765 0.0% 765 765 0.0%
2 545 545 0.0% 558 461 17.3%

5xl0-:3 1 69{j 696 0.0% 696 696 0.0%
2 524 524 0.0% 524 524 0.0%

6x6-1 1 616 616 0.0% 616 616 0.0%
2 575 575 0.0% 575 575 0.0%

6x6-2 1 605 605 0.0% 605 605 0.0%
2 548 548 0.0% 548 548 0.0%

6x6-3 1 559 559 0.0% 559 559 0.0%
2 532 532 0.0% 532 530 0.4%

7x7-1 1 68:3 683 0.0% 683 683 0.0%
2 620 620 0.0% 629 363 42.3%

7x7-2 1 735 735 0.0% 735 608 17.3%
2 634 634 0.0% 634 538 15.1%

7x7-3 1 676 676 0.0% 676 454 32.8%
2 618 618 0.0% 621 377 :39.3%

8x8-I 1 948 948 0.0% 948 823 13.1%
2 865 611 29,4% 884 415 53.1%

8x8-2 1 884 884 0.0% 884 702 20.6%
2 804 649 19.3% 837 521 37.8%

8x8-3 1 852 852 0.0% 852 504 40.8%
2 796 524 3/1.2% 906 349 61.5%

9x9-I 1 1050 1033 1.6% I 1050 613 41.6%
2 inf 656 inf 1109 316 71.5%

9x9-2 1 1034 728 30.9% I 1034 589 43.0%
2 inf 501 inf 1028 480 53.3%

9x9-3 1 1097 1097 0.0% 1097 619 43.6%
2 1272 665 91.3% 1268 386 62.5%

lOx5-1 1 819 819 0.0% 819 640 21.9%
2 779 779 0.0% 779 464 17.1%

10x5-2 1 818 818 0.0% 818 570 30.3%
2 808 808 0.0% 808 439 46.7%

10x5-3 1 844 844 0.0% 844 539 39.0%
2 798 798 0.0% 798 507 36.5%

Table4.5: Results for best MIP model and branch and bound part 1
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CJSPT-MIP-Best I Branch and Bound
Instance h*,o Q LB Gap Q LB Gap

lOxlO-l 1 1389 803 42.2% I 1291 511 60.4%
2 inf 446 inf 1396 346 75.2%

lOxl0-2 1 1444 822 43.1% I 1224 515 57.9%
2 inf 383 inf 1788 228 87.7%

lOxl0-3 1 1441 777 46.1% I 1208 509 57.9%
2 inf 318 inf 1665 288 82.7%

15x15-1 1 inf 953 inf I 10681 599 94.4%
2 inf 722 inf 7763 458 94.1%

15xl5-2 1 inf 959 inf I 10543 589 94.4%
2 inf 483 inf 7489 296 96.0%

15x15-3 1 inf 860 inf I 7254 602 91.7%
2 inf 401 inf 5428 351 93.5%

Table 4.6: Results for best MIP model and branch and bound part 2

previoussection, the CJSPT-MIP-OO formulation had and averagetree sizeof 289MB

after the time limit hasbeenreached,whereasthe branch and bound method usedless

than 20MB.
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4.5.4 Tabu Search

The last method to test is the tabu search presented in Section 4.3. An important

variable for such a heuristic is the length of the tabu list, or in our casethe lengths of

the three lists T L J, T L Rand T L M. A too short tabu list could lead to getting stuck

in the area of a local optimum, whereas a too long tabu list more likely leaves out

the neighbours that would lead to an optimal solution. (Note that we are not storing

complete solutions, but only the last neighbourhood moves.) We have tested various

sizesfor the lengths lTL of the tabu lists. In particular:

• length of TL;: lTLJ = N· k,

• length of TL;: lTLR = n . k;

• length of TL;: lTLM = m· N· k;

where k E {0.1,0.15,0.2,0.25,0.3} was used as a scaling factor. The quality of the

results was varying for different values of k, Also, there was not a specific value for k

that led to the best solution for every instance. However, to get a fair comparison, and

not choosing the best parameter for each instance, we have chosen k = 0.15, since it

on averagegave the best solutions.

In Table 4.7 we compare our tabu searchmethod with the best results from all previous

methods.

The results clearly show that the tabu search is outperforming all previously applied

exact methods, on the data setswe have tested them on. Especially for larger instances

where CPLEX and our branch and bound procedure start to struggle. Only the branch

and bound method wins on instance 15x15-3 for height 2. However, we do not know

anything about the quality of the solution, by just using a heuristic, since no lower

bounding is done during the search. Ouly for the small instances, that the exact

methods also solve, we know that the solution is optimal.
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Best previous 1 Tabu search Best previous Tabu search
Instance h*,o solution solution Instance h*,o solution solution

5x5-1 1 519 519 9x9-1 1 1050 1050
2 508 508 2 1109 947

5x5-2 1 446 446 9x9-2 1 1034 1034
2 432 432 2 1268 953

5x5-3 1 519 519 9x9-3 1 1097 1097
2 482 482 2 1268 931

5xlO-l 1 694
1

694 10x5-1 1 819 819
2 558 558 2 779 779

5xlO-2 1 765
1

765 lOx5-2 1 818 818
2 545 545 2 808 808

5xl0-3 1 696
1

696 10x5-3 1 844 844
2 524 524 2 798 798

6x6-1 1 616 1 616 lOxlO-1 1 1291 1172
2 575 575 2 1396 1163

6x6-2 1 605
1

605 lOxl0-2 1 1224 1177
2 548 548 2 1788 1101

6x6-3 1 559 1 559 lOxlO-3 1 1208 1143
2 532 532 2 1665 1252

7x7-1 1 683 1 683 15x15-1 1 10681 2447
2 620 620 2 7763 2440

7x7-2 1 735
1

735 15x15-2 1 10543 2391
2 634 634 2 7489 2547

7x7-3 1 676 1 676 15xl5-3 1 7254 3641
2 618 618 2 5428 5803

8x8-1 1 948
1

948
2 865 865

8x8-2 1 884 1 884
2 804 804

8x8-3 1 852
1

852
2 769 769

Table 4.7: Comparison tabu search and best known solution
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Chapter 5

Concluding Remarks

In this thesis, we have studied the cyclic job-shop problem with blocking and one

transport robot. We started with presenting the classical non-cyclic job-shop problem,

showedhow additional constraints like blocking and transportation can be added and

finally ended with describing the main problem of the thesis. In the literature review

we have seen,that the problem is not well studied by other researchers,which was one

reason why we have chosenit for this thesis. Since even evaluating the cycle time for

a feasible solution is not a trivial problem, we presented in Chapter 3 two algorithms

from the literature and additionally proposed a new algorithm, that outperforms the

existing onesin theoretical complexity (except for somespecial cases)aswell asin actual

running times on various tested benchmarks. As we have mentioned before the strength

of this algorithms seemsto be the separation between solving a relaxed problem very

fast and correcting the solution if necessary,whereas the correction phase is hardly

reached. In our case,the algorithm itself seemsto be more complicated (especially the

correction parts) and the proof of correctness also is a lot more complex compared to

the PCP, for instance. However, it finally seemsto payoff. Since the correction phase

only applies so rarely, it would be interesting to find out, whether those casescan be
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characterised.With this information, onecould try to adjust the algorithm in a way

suchthat thosecasesare alreadycapturedduring the insertion of the arc pairs and

thereforesavethe time for corrections.

Anotherquestionwouldbe,what otherproblemscouldbepresentedwith sucha graph?

Or, if therearesimilar representations,howcanoneadjust the algorithm to be applied

to other graphs?Additionally, wehavestudiedsomepropertiesof the problem. One

parameter,that probablyis the mostcharacteristiconefor cyclicschedulingproblemis

the "height". In Section3.1, different interpretationsof variousheight modelsaswell

astheir influencesin feasiblesolutionshavebeendiscussed.An interestingpoint would

be to find the minimum height for a problemwith a givencycletime. The height is

a very interestingparameter,which hasa great rangeof interpretation. Especially,in

connectionwith the flow time of the jobs, it builds an important factor for practical

purposes.

In Chapter4, weinvestigatedsolutionmethodsfor the CJSPTB.For comparativerea-

sons,wehaveusedan existingmixed integerprogrammingmodelfor cyclicscheduling

problemsfrom the literature and adaptedit to modelandsolvethe CJSPTB.Further-

more,wehavedevelopedthree other solution methods:anotherintegerprogramming

model,a branchand bound procedureand a tabu searchheuristic. All of them have

beenappliedto the samedata setsand the solutionshavebeencompared.

The computationalresultshaveshown,that our developedmethodsare able to solve

reasonablylarge instancesof the CJSPTB. However,everyapproachhas advantages

and disadvantages.The integerprogrammingmodelhasbeensolvedwith a powerful

software(CPLEX). Although, for larger instances(around 10jobs and 10machines),

CPLEX wassometimesnot ableto find anysolutionand if, this couldhavetakensome

time. Therefore,it is not appropriatefor the case,that a solution is neededvery fast.

It alsoshouldnot be forgotten that CPLEX is a quite expensivepieceof software.
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One possible future direction, would be the definition of cutting planes for the problem.

There are many examples in the literature, where sophisticated cutting planes could

enormously improve the solving process. A good overview is given in Marchand et a1.

(2002) .

The advantage of branch and bound methods in general is, that they provide a (lower)

bound and therefore can prove whether a final solution is optimal or not. However, the

bounding part of our method is rather poor compared to CPLEX, for instance. It would

be interesting to see, how the search strategy for the can be modified, such that the

lower bounds become better and at the same time avoid loosing the ability of finding

good solutions. An idea would be to incorporate the searchstrategy of our branch and

bound algorithm into CPLEX. This would turn its general "black box behaviour" into

a more sophisticated search strategy and could also make use of the computational

power of CPLEX.

Out of all tested methods it is fair to say that the heuristic performed best on the

given problem instances. However, there is still room for improvement. A promising

adjustment could be the introduction of randomness,which has been shown to work as

a good tiebreaker during the local search. Furthermore, it would be interesting to see,

how different start solutions influence the performance of the heuristic. A constructive

heuristic to create an initial starting solution, for instance, could be developed or even

used from the non-cyclic version of the problem.

Even if we have presented three different approaches to solve the CJSPTB there are

still many other possibilities to tackle the problem. Since we have been inspired by

approachesfor non-cyclic scheduling problems, one could try to adapt more existing

techniques, which have already performed well for other problems. Constraint propa-

gation, for instance, has shown to be a powerful tool which is used in connection with

various solution methods for scheduling problems. It has been successfully applied to
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the RCPSPand machineschedulingproblems(cf. Brucker (2002)). One could also

think of incorporatingthe presentedneighbourhoodmovesfrom Section4.3 into other

metaheuristicssuchassimulatedannealing.

Anotherpoint is the generalmodelandthe theoreticalbackground.Wehaverestricted

ourselvesto the cyclicjob-shopschedulingwith blockingandonetransport robot. The

problemis very specificand thereforeonly interestingfor a small audience.How does

the problemchange;whenthe blockingrestrictionchangesto (un)limited buffers?Can

our methodseasily be adjusted, or are they not of any use? What about flexible

job-shopsor evenopen-shopproblemsor parallel machines?Can we easily include

multiple robotsand what areadditional constraintsthat might comeup (e.g. physical

collisions)?Thoserobotsalsodo not needto be identical. They evencouldbe limited

to a fixed set of machinesthey could circulate between. It is alsopossiblethat the

jobs do not needtransportation after everyprocessingstep. Onecouldimagineseveral

working areaswith severalmachinesand conveyorbelts. The numberof variationsof

problemsseemsendless.

What about k-cyclicschedulingproblems?It is easyto seethat for a k-cyclicsolution

to a problemthere is a minimum of onek+1 cyclic solutionto the sameproblemthat

is at leastasgoodasthe other one(in the worst case,it is the k-cyclicsolution itself).

What is the trade off betweenincreasingk, potentially improving the solution and

increasingthe solvingtime?

Solution robustnessis also already an important factor for practical purposes.How

long doesis take to recovera production processafter a machinefailure? Especially,

if thosemachinebreakdownsare more likely, onemight prefera robust insteadof an

optimal solution. For real world applications,alsouncertainty plays a big rule. For

instance,the robot travel time betweentwo machinescan vary, due to wheelslipping
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or other external influences. The robust shortest path problem, for instance, dealswith

those circumstances.

One last important question for us is, whether there are other non-scheduling research

areasthat could benefit from this work. This tends to be a problem for many research

areas. The problems itself seemto be completely different and are based on various

backgrounds,but the underlying modelsand formulations can be very similar. However,

there are not many people that have such a comprehensivebackground to keepon top

of all the researchand finally seethe link between then.

Finally, we again want to point out that, even if the problem is not completely new, not

many people have worked on it. We hope to motivate other researcherswith our work

to look into this area and modify, improve or evenjust useour methods and solutions.
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Appendix A

Pseudo-code for E-Corrections

We start with Case A. The pseudo-codeof this correction can be found in Procedure

A.I. While the solution is not optimal we perform an E-correction. Therefore, we save

the arcs belonging to pairs that are critical on the left hand side of the graph (ending

in a node of Vd in list crit.List.X and the ones that are critical on the right hand side

(starting in a node of V2) in critListY. Since (0, j)lj,il and (i, n*)Ij,il are critical for sure

we initialise the lists as in line 4. In the next two lines we update the arc lengths of

(O,j)lj,il and (i, n*)Ij,il and store the multiplier of E in a variable k(i,n*). Since the length

of (u,n*) cannot be changed, we follow the alternating path along arc (i,n*)lj,il' We

store this current arc in a variable curArcY and loop through all arcs that are critical

with this arc, since their lengths have to be corrected (line 8). If any of these arcs is

critical with an arc from crit.Lisi X or a constant arc (0, c) then the solution is optimal

according to Theorem 3.5.2 and we return without any changes. If not, we update the

arc lengths as described in the second part of Section 3.5.2. We add all arcs that are

critical with cur ArcY to critListX and also their partner arcs to critListY in caseit is

itself critical. We repeat this procedure until either the solution is found to be optimal

or all critical arcs on the right hand side have been corrected. (This means we have
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reachedthe endof everyalternatingpath.) Nowwecancalculatethe bestvaluefor E

and updatethe graph. The lengthof the newcritical path is supposedto be E units

shorterthan the old length,whichwas

XU,il + CPj,n* = CPO,i + Ylj,il·

Thereforewe calculatethe maximal E such that every path through the corrected

arcsin critListX and critListY is at mostthe lengthof the newcritical path length

Xlj,il + CPj,n* - E. Weupdatethe graphan continueuntil the solutionis optimal.

The correctionfor CaseB is similar. Its pseudo-codecan be found in ProcedureA.2

and it worksin a comparablewayasProcedureA.I. The main differenceis, that we

start with at least two critical paths that can be changed(onethrough (O,j)U,il and

onethrough (i, n*)U,il) sowe haveto correctalongboth directionsof the alternating

path (line 26). If during this correctiononesideendsin a constantarc (0,c) or (c, n*)

wecontinuethe correctionwith ProcedureA.I, line 14.
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Procedure A.1 s-correction in case(0, j)lJ,il is critical with (u, n*)

1: procedure correctLengthsA(pair 1 j, i I)
2: given: (0, j)lj,il is critical with (u, n*)
3: while not optimal do
4: critListX = {(O,j)lJ,il}' crit.List.Y = {(i,n*)lj,il}

5: xlJ,i1 = Xlj,il - E, Ylj,il = Ylj,il + E

6: k(i,n*) = 1
7: cur ATCY = first element in critListY
8: for all arcs (0, t)lt,sl that are critical with CUTATCY do
9: if (s, n*)lt,sl is critical with an arc from critListX or an arc (0, c) then

10: E = 0
11:

12:

13:

14:

return
end if

k(s,n*) = kCUTATCY+ 1

Xlt,sl = Xlt,sl - k(s,n*) . E
Ylt,sl = Ylt,sl + k(s,n*) . E
ADD (0, t)lt,sl to crit List.X
ADD (8, n*)lt,sl to crit.Listv'
cur ATCY = next element in crii.List.Y

end for

for all arcs (0, t)lt,sl in crii.List.X and (s,n*)lt,sl in critListY do
calculate maximal E s.t.

------ -r-s.old
Xlt,sl(E) + CPt,n*(E) :s; CPO,n* - E
------ ------ 01d
CPO,s(E) + Ylt,sl(E) :s; CPO,n* - E

end for
UPDATE arc lengths

end while

15:

16:

17:

18:

19:

20:

21:

22:

23:

24:

25:

26:

27: end procedure
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Procedure A.2 s-correctionin case(0,j)lj,il is critical with (u, n*)lv,ul

1: procedure correctLengthsB(pair I j, i I)
2: given: (0,j)jj,il is critical with (s, n*)lt,sl' (i, n*) Ij,il is critical with (0,V)lv,ul
3: while not optimal do
4: critListX = {(O,j)jj,il' (0,V)lv,ul}' critListY = {(i, n*)jj,il' (s, n*)lt,sl}
5: Xlt,sl = Xlt,sl + c, Ylt,sl = Ylt,sl - c
6: k(i,n*) = °
7: cur ArcY = first element in critListY
8: for all arcs (0,t)lt,sl that are critical with cur ArcY do
9: if (s, n*)lt,sl is critical with an arc from critListX then

10: e = °
11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

24:

25:

26:

27:

28:

29:

30:

31:

32:

33:

return
end if
if (s, n*)lt,sl is critical with an arc (0,c) then

correctLengthsA(1 t,s I)
end if
k(s,n*) = kcurArcY + 1
Xlt,sl = Xlt,sl - k(s,n*) . c
Ylt,sl = Ylt,sl + k(s,n*) . c
ADD (0, t)lt,sl to critListX
ADD (s, n*)lt,sl to critListY
cur ArcY = next element in critListY

end for
xlv,ul = xlv,ul - c, Ylv,ul = Ylv,ul+ c
k(o,j) = °
cur ArcX = first element in critListX

repeat lines 5 - 25 symmetrically for (i, n*)lj,il and (0,v)lv,ul

for all arcs (0,t)lt,sl in critListX and (s, n*)lt,sl in critListY do
calculate maximal e s.t.

- -r-sold
Xlt,sl(c) + CPt,n*(c) ::; CPO,n* - e
- -r+-old
CPo,s(c) + Ylt,sl(c) ::; CPO,n* - e

end for
UPDATE arc lengths

end while
34: end procedure
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Glossary

Q cycle time, page 38

Mj Set of machines that Jj has to be processedon, page 179

A selection of directed disjunctive arcs, page 15

Acp arc set of critical arcs, page 106

arc set of arcs belonging to a pair

Si Starting time of operation i in a specific cycle, page 79

Tabu list storing jobs, page 199

Tabu list storing pairs of transport moves,page 199

f3ij binary variable defining if operation i is processedbefore j or not,

page 141

b( i) 8UC( i) if i is blocking and i else,page 49

length of the longest paths from j to i in c.; page 109

C, completion time of operation i, page 16

makespan of scheduleS, page 16

CPi,j length of longest critical path from node i to node j, page 101

D set of disjunctive arcs representing machine constraints, page 15

lenght of circuit It in graph G, page 87

time lag between operation i and j, page 19

(E U A)' set of arc associatedwith arc pairs in P, page 103
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--EuA Arc set of C, page 104

E set of arcs representing precedenceconstraints, page 14

E~ set of arcs corresponding to Pv, page 109

eij empty moving time from machine M(i) to machine M(j), page 21

<{Jj ••••••••••••••• flow time of job Jj, page 39

Ii binary variable defining if operation i is overlapping, page 140

c; relaxed graph basedon pairs in Pv, page 108

G a graph, page 14

h! 0 actual height of a problem in a feasible solution, page 72,

hj. actual height of job Jj in a feasible solution, page 72
J

actual height of machine Mk in a feasible solution, page 72

height of curcuit J.L in graph G, page 87

hij height of a constraint between i and j, page 40

(i; r) r-th repetition of operation i, page 37

i* last operation of a job, page 44

J(i) the job in h, ,IN operation i belongs to, page 13

Jj j-th job, page 13

J.L •••••••••••••••• circuit in a graph, page 87

m number of machines, page 13

M(i) the machine operation i has to be processedon, page 13

Mk the k-th machine, page 13

N number of jobs, page 13

n number of all non-dummy operations, page 13

nj number of operations job Jj has, page 13

o set of all non-dummy operations, page 13

w overall waiting time of a partial robotic cycle, page 173

0* 0 U {*1, ,*N}, page 21
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Ok number of overlapping operation of job Jk in a feasiblesolution of

the CJSPTB, page 73

Oij i-th operation of job Jj, page 13

pre( i) direct predecessorof operation i, page 13

preM (i) predeceasingoperation of i on M (i) , page 79

preR( i) operation transported directly before i by the robot, page 79

P set of arc pairs, page 103

Pi processingtime of operation i, page 13

piax maximum processingtime of operation i, page 18

piill minimal processingtime of operation i, page 18

P; subset of P, page 108

Pb(i) 0 if i is blocking and Pi else,page 50

R robot route or cycle depending on the problem, page 22

r repetition number, page37

suc(i) direct successorof operation i, page 13

sucM (i) succeedingoperation of i on M(i), page79

sucR(i) operation transported directly after i by the robot, page 79

~ dummy end activity of job Jj, page21

S a schedule,page 15

Si starting time of operation i, page 13

start processingof the r-th repetition of operation i, page 38

Ti transport move of operation i, page21

Ti(r) r-th repetition of transport move Ti, page52

Ti ---< Tj Ti precedesTj in R, page 79

()ij binary variable defining if i is transported after j or not, page 141

T; start of transport move Ti, page 23

ti time, the transport move Ti takes, page21
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Ti (r) start of the r- th repetition of transport move Ti, page 53

V set of nodes, page 14

V(IL) value of a circuit IL in graph G, page 87
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