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Abstract

The success of a product depends on the costs incurred through the entire process-
ing. Scheduling plays a very important role infecting the completion time, the work
in process, and resource utility. An efficient schedule can significantly reduce the total
costs. Most of the literature on scheduling assumes that machines are always available.
However, due to maintenance activities machines cannot operate continuously without
some unavailability periods. In general, maintenance activities can be classified into two
categories: preventive and corrective. This thesis deals with the scheduling hybrid flow
shop with maintenance constraints. From a theoretical point of view three directions
are investigated. The complexity of such problems are analyzed. We formulate dynamic
programming and branch and bound algorithms to solve such a problem optimally. The
performance of some heuristics are calculated to approximate the optimal solution. From
a practical point of view we describe an approach based on integrating simulation and
optimization in order to deal with additional constraints. We also propose a decision
support system which gives the possibility to compare many solution methods.
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Chapter 1

INTRODUCTION

1.1 Industrial and Economic Context

The rapid evolution and high competitive nature of today’s global markets confer to the
function Operation-Production a role of first importance in the global competitiveness
of companies. Nowadays manufacturers are facing an economy and an international
trade where competition is based on products of high quality and increasing changes
offered with lower prices while respecting the due dates of customers. In this context
the reduction of costs and the improvement of the quality of the products and service
became the principal concerns of the industrialists who seek to increase the performances
of their companies.

In the field of the industrial production, the current tendencies indicate that the pow-
erful manufacturing systems must be quickly adapted to the fluctuations of the market
(random requests) and to the internal disturbances (breakdowns of the machines). The
machines must be simultaneously able to manufacture several types of products in small
quantities. In such a context, the optimal planning of the production, the reduction of
the production cycle time and the control of these machines increasingly become the
main objectives both for the investors and the producers. Under these conditions, the

determination of the production rate, the maintenance policy and the scheduling rule



which minimize the operations costs of these systems is nowadays an important research

problem in the optimization of production systems area.

1.2 Motivation

Production management concerns the management of operational processes in such a
way that objectives with respect to flow time and due date reliability of the work orders
and with respect to resource utilization are achieved. Maintenance management concerns
the management of maintenance processes in such a way that objectives with respect to
availability of technical systems are achieved under economic constraints.

Production and maintenance are two important functions in any industrial process
and are interrelated problems. In the past, production and maintenance have been treated
as two separate functions. Nowadays because of the interdependence between them, there
is an increasing interest to develop optimization models that take into consideration the
integration of the two functions.

One area where integration between maintenance and production functions can be
advantageous is scheduling. Both production and maintenance scheduling must recognize
the realities of the other’s needs. A classic question is: under what circumstances does
production schedule around maintenance versus maintenance scheduling around produc-
tion? The integration of the two scheduling systems gives both functions the ability to
more productively accomplish their scheduling, leading to greater plant utilization.

Most of the literature on scheduling assumes that machines are available at all times.
However, due to maintenance activities machines cannot operate continuously without
some kind of unavailability periods. In general, maintenance activities can be classified
into two categories: preventive and corrective. For preventive maintenance the machine
is checked, repaired and re-calibrated before failure. Thus the system can be kept in an
appropriate condition. On the other hand, for corrective maintenance the machine is

repaired following any breakdown.
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In the case of preventive maintenance the question involved is whether the mainte-
nance decision was done separately or jointly with the job scheduling decision. If the
maintenance decision is made separately in advance, the non availability periods will
then become a given parameter or a constraint while we plan the job scheduling. That
is, while we are doing the job scheduling, the machine unavailability period is given. On
the other hand, if the maintenance decision is made jointly with the job scheduling. In
such a case, the machine non-availability interval is a decision variable. In the case of
corrective maintenance the question involved for a partial failure is whether we should
stop the machine now and repair it immediately or repair it later. If we do not repair
it, the machine can still operate yet at a less-efficient speed. On the other hand, for a
complete failure which can happen at any time the machine should be repaired to be

back to normal speed.

1.3 Contributions of This Research

Scheduling under maintenance constraints became a main direction for integrating the
two functions maintenance and production. It has attracted much attention recently.
The non-availability consideration adds complexity to any scheduling problem. In this
research we deal with the hybrid flow shop scheduling problem by supposing that the
decision of preventive is already made and the corrective action is made immediately
after the breakdown.

Three directions have always been very important in the investigation of scheduling
problems. The first one is the investigation of computational complexity. The second one
is the search for algorithms that give the optimal solution. If the time needed by these
algorithms is exorbitant the last direction is imposed. It consists on the use of heuristics
to give approximate solutions.

In this thesis we start to study the two machine flow shop scheduling problem to

minimize the makespan under availability constraints. The two machine flow shop with-
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out availability constraint is a polynomial problem. However if we consider only one
non-availability period either on the first machine or on the second machine the problem
becomes NP-hard. To solve this problem optimally we propose an improved dynamic
programming model, which is independent of the processing times of the jobs, if the
gap 1s on the first machine and an efficient combinatorial approach if the gap is on the
second machine. We discuss the optimality conditions and we analyze the performance
of Johnson’s rule.

A branch and bound algorithm is proposed in this thesis to solve a two stage hybrid
flow shop with only one machine on the first stage and m identical machines on the
second stage under availability constraints to minimize the makespan which is NP-hard
on the strong sense. The time required by this algorithm is still reasonable for a small size
instances. However for a large size instances we give the performance of three heuristics.

To reduce the gap between the theory and the real life industry, we deal with a generic
problem in term of constraints and objectives. Thus we deal with the k-stage hybrid flow
shop with both preventive maintenance and breakdowns to minimize criteria based on
flow time and due date. Furthermore cleaning, transportation and setup times are taken
into consideration. To tackle this problem which presents the double complexity algorith-
mic and functional-structural, we propose an approach based on the idea of integrating
simulation and optimization. Using this approach and applying some heuristics an ex-
perimental study reveals that the performance of heuristics applied to this problem is in
dependency with the level of breakdown time. Having the goal to give the researchers
and the industrialists a tool of comparison of different solution methods we propose and
describe an architecture of a decision support system to schedule an hybrid flow shop

under such constraints.
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1.4 Outline of The Thesis

All the material in this thesis is devoted to machine scheduling problems. It is presented
in nine chapters.

In chapter two basic aspects of scheduling problems classification used throughout
the thesis including assumptions, optimality criteria, representation are introduced.

In chapter three first we introduce the different notions and definitions in the compu-
tational complexity field in order to make the difference between polynomial and NP-hard
problems. After we discuss the well known the solution methods. They are presented
in two categories namely exact methods and approximate methods. In the first category
we list in detail the two methods dynamic programming and branch and bound because
they are the most widely used methods to solve scheduling problems optimally. In the
second category we give some useful definitions and we describe the two metaheuristiques
widely used in the literature simulated annealing and tabu search.

Chapter four focuses on the problem of scheduling under maintenance constraints
tackled throughout this research. First we describe the scheduling environment and then
we specify the maintenance constraints and the criteria to optimize. We illustrate this
problem by giving a semiconductor industrial application.

With respect to this problem we examine in chapter five the related state of the
art through the literature survey of hybrid flow shop scheduling and scheduling with
availability constraints.

Chapter six is concerned with the problem of scheduling two machine flow shop with
the objective of minimizing the makespan, when it is known that there shall be only one
interruption in machine availability either on the first machine or on the second machine
due to scheduled maintenance (deterministic case). We solve the problem optimally and
we focus on Johnson’s rule optimality conditions and performances.

In chapter seven we investigate the two stage hybrid flow shop scheduling problem
with only one machine on the first stage and m identical machines on the second stage

to minimize the makespan. We assume that each machine is subject to at most one
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unavailability period fixed in advance. We solve the problem optimally by a branch and
bound method and we give the performance of three heuristics.

In chapter eight we describe the approach of integrating simulation and optimiza-
tion to schedule k-stage hybrid flow shop problem with both preventive and corrective
maintenance taking into consideration cleaning, transportation and setup times to mini-
mize some criteria based on flow time and due date. We focus on the impact of breakdown
times level on the heuristic performances applied to this problem. An architecture of a
decision support system is described in this chapter to support the scheduling of hybrid

flow shop under such constraints.
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Chapter 2

SCHEDULING OVERVIEW AND
CLASSIFICATION

2.1 Introduction

Scheduling involves the efficient and effective allocation of limited resources to various
tasks to optimize a given measure of performance. It is a decision-making process that
can have a profound effect on the success of an organization. Therefore, developments in
scheduling theory are both important and essential [15].

In Parunak [19], scheduling problem was described, by asking what has to be done
where and when. A task (what) occupies a dedicated resource exclusively (where)
for some period of time (when). A set of tasks may form a complex relationship, in
which some of the tasks have to use resources in specific orders, thus the temporal order
of resource allocations may be restricted by these dependencies among the tasks. Any
combination of what, where and when can be said to be a schedule.

A basic problem in scheduling theory is the machine scheduling problem. This
occurs whenever jobs, each of which consists of a given sequence of operations, have to
be scheduled on one or more machines during a given period of time, such that a given

objective function is minimized. In the other words, the essence of scheduling problems
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gives rise to (1) allocation decisions and (2) sequencing decisions [2]. A scheduling prob-
lem is often modelled as an optimization problem where there is an objective function to
minimize under some assumptions or constraints to satisfy. Hence the optimal solution
of a scheduling problem is to find a processing order or sequence of jobs on each machine
so that some measure of performance achieves its optimal value.

In this chapter we deal with the definition and various formulation aspects of schedul-
ing problems. We discuss in the section 2.1 problem representation and introduce nota-
tion to designate several concepts involving jobs, operations and machines, and several
conditions such as restrictive assumptions or constraints on the jobs and machines are
examined. We also focus in the section 2.2 on the optimality criteria used on the schedul-
ing literature. Various job, machine and scheduling characteristics, are reflected by the

classification with format « | 5 | 7, are given in the section 2.3.

2.2 Assumptions (Restrictions)

We shall introduce a number of basic definitions which explain the structure of scheduling

problems. Here, we list assumptions for machines, job and other aspects of our problem.
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2.2.1 Assumptions about Machines

M1:
M2:

Ma3:
M4

Mb5:
M6:

MT:
MR:
MO9:

the number of machines is known and fixed.

all machines are available at the same instant and independent
of each other.

all machines remain available during an unlimited period of time.
each machine can be in one of three states : waiting for the next
job, operating on a job or having finished its last job.

all machines are equally important.

breakdown or preventive maintenance of any machine can occur
during the planning period.

any machine can process any job assigned to it.

each machine can process at most one job at the same time.

there is only one of each type of machine (no machine group).

17



2.2.2 Assumptions about Jobs

J1
J2

J3

J4

J5

J6
J7

The number of jobs is known and fixed.

All jobs are available at the same time and are independent.

However we shall face some situations where each job 1 has a

non-negative integer release date r; at which it becomes

available for processing.

Further situations arise when jobs are not independent,

i.e. precedence constraints among jobs exist.

Each job can be in one of three states: waiting for the next

machine, being operated on by a machine, or having passed its last machine.
Each job has the same degree of importance. In many cases this

assumption is dropped and to each job 1 is associated a non-negative integer w;
related to the importance of that job.

Each job is processed by all the machines assigned to it.

Each job can be processed by only one machine at the same time.

Any operation which has started is not interrupted by other operations and
is continued to its completion. This assumption is sometimes relaxed,

L.e, job splitting (preemption) is allowed.

2.2.3 Other Assumptions

e Fach processing time is known and fixed. If not mentioned otherwise, set-up times,

and transportation times of jobs between machines are assumed to be negligible.

o Any release date is known and fixed.

o All other quantities needed to define a particular problem are known and fixed, e.g.

transportation times of the jobs between the machines.
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2.3 Performance Measures (Optimality Criteria)

Before we can define performance measures in precise mathematical terms, we need some
definition and notation. Let n denote the number of jobs. Also, we define for each job 7

(1=1,...,n) from the set J of jobs:

r; . a release date at which job 7 become available for processing.
pij : a processing time of its j operation, j = 1,...,m;,
where m; is the number of operations on job 1.
d; . a due date of job 7, that is the time by which ideally we would
like to have completed job 1.

w; :  the weight of job i (relative importance).

We can compute for each jobi (i =1,...,n):

C;: the completion time of job 1 on the last machine
on which it requires processing.
F=Cy—r;: the flow time of job 1 which is the sum of

waiting and processing times.

Ly =C;—d;: the discrepancy (lateness) of job i.
T; = max(0, L;) : the tardiness of job i.

1i L; >0
U, = :  the tardiness indicator.

0 otherwise

E

= max(0, — L) : the earliness of job 1.

11 L; <0 ) o
V. = :  the earliness indicator.
0 otherwise

1

Scheduling may be attempted with respect of various objectives. Criteria can be based
on completion times, on due dates, on inventory costs and utilizations, or on combination

of previous parameters. The most treated criteria in scheduling area are:

e Makespan 0 Chax = max {C;} .
€
_ 2 G
e The Mean Completion Time o O="

19



o The Total Completion Time : Cy= e
o Maximum Tardiness i T = max {T;} .
e The Number of Tardy jobs : Ny = z;IUi
ic
_ > T
e The Mean Tardiness : = 5=
e The Total Weighted Tardiness : Tw = z;fwiTi
ic
o Maximum Earliness R D — max {E;} .
e The Number of Tardy jobs : N.=>V,
icJ
_ > E;
e The Mean Tardiness : b= =
e The Total Weighted Tardiness : Fy, = S w By
icJ

Here we note that there is classification of performance measures into those are regular
and those that are not. A regular measure f is simply one that is non-decreasing in the

completion times. Thus, a regular measure f is a function of (', ..., (), such that:

f(Chy o, Co) < J(C, -, C)

implies that C; < C} for at least one job 1.

2.4 Problem Representation

The first representation of scheduling problems was proposed by Conway, Maxwell and
Miller [11], and was extended by Lenstra [18]. It consists of five parameters A|B|C, D|E,
where A is the number of jobs, B is the number of resources, C' describes the type
of resource organization, ) indicates the possible assumptions or restrictions on the

organization, and I specifies the objective function to minimize. Another classification
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was proposed by Gragam et al. [14] and extended by Lawler et al. [17]. It is based on
three fields: « | 8 | v, where the field « is the machine environment, the field 5 describes
the job characteristics and the field v denotes the objective function.

Suppose that n jobs numbered 1, ..., n have to be processed on m machines M;, so as
to minimize some objective function (s). We represent a machine scheduling problem,
which involve well-defined set of jobs, machines and objective function (s), by the three
parameter notation « | 5 | 7.

We shall now describe the first field @ = ajas, the machine environment. If a; €
{1, P,Q, R}, each job i consists of a single operation that can be processed on any machine
M; with speed S;; ; the processing of job 7 on M; requires a total time EI?

(P) Identical machines:  All S;; are equal. In this case we may assume
that S;; = 1 for all 7 and j.

(Q) Uniform machines:  S;; = Sy, for all machines 4, and all jobs j and k.
In this case each machine 7 performs all the
jobs at the same speed S;.

(R) Unrelated machines: There is no particular relationship between the S;; values.
Hence we have:

a; =1: a single machine problem
oy = P: an m identical machine problem
oy = : an m uniform machine problem

a1 = R: an m unrelated machine problem

If oy € {O, F J}, each job i consists of a set of operations. Thus:

a1 = 0 : Open shop problem. There is no restriction on the order in which the
operations are executed.

ay = F': Flow shop problem. Each job has the same sequence of operations.

ay = J : Job shop problem. Fach job has specified sequence of operation which

may differ from the sequence of operation for other jobs.
The parameter «y denotes whether m is a constant or variable; if ay is a positive

integer then the number of machines is constant and equal to «y. If a9 is not specified,
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then m is variable.
The second field 8 = 3, ..., Bg describes job and resource characteristics. Parameter

£, € {9, pmin} indicates the possibility of task preemption:
B =9: no preemption is allowed.
B, =pmin: preemption is allowed.
Parameter 3, € {@,res} characterizes additional resources constraints:
By =@ : no additional resources constraints exist.

B, =res: there are specified resource constraints.

Parameter 345 € {9, prec,uan, tree, chains} represents the precedence constraints:

By =0: independent jobs.

B4 = prec: general precedence constraints.

By =uan : unconnected activity networks.

By =tree: precedence constraints forming a tree.

(33 = chains : precedence constraints forming a chains.

Parameter 3, € {@,7;} describes release dates:

B, = : all release dates are equal to zero.

B, =1 release dates differ per job.
Parameter 3, € {@,p; = p,p < p; <P} describes job processing times:

By =D : jobs have arbitrary processing times.
Bs=(pi=1p): all jobs have the same processing time equal to p.

Bs = (p<p; <Pp): jobs have processing times between p and p.
Parameter 34 € {@,d;} describes due dates:

Be = : due dates are not considered on the system.

Be =d; : due dates are imposed on the performance of a set of jobs.

Parameter 5, € {@,n; < k} describes the maximal number of operations per job in

case of job shop system.

B, =9 the number of operations is arbitrary.

B; = (n; <k): the number of operations for each job is not greater then k.

Parameter 5 € {@,n0— wait} describes a no-wait property in the case of scheduling

on dedicated machines.
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By =D : stocks of unlimited capacity are assumed.
B = no — wait :  stocks among machines are of zero capacity and
a job after finishing its processing on one machines

must immediately start on the consecutive machine.

The field v denotes the objective function or the optimality criterion (performance
measure), 1.e. ¥ € {Cuax, Tmax, 9, Ciy > 11, Y W,Cy, S WiT
To illustrate the «v | 8 | v representation we give some examples and in each example

we will describe the problem.

Example 1 P | prec;p; = 1| Ciax s the problem of scheduling jobs with unit processing
times and arbitrary precedence constraints on m identical parallel machines to minimize

the makepsan.

Example 2 1|r; pmin| C' is the problem of scheduling a single machine with release

dates to minimize the mean completion times.

Example 3 F2|no—wait|Cpay s the two machine no-wait flow shop scheduling problem

to minimize the makespan.
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Chapter 3

COMPUTATIONAL
COMPLEXITY AND SOLUTION
METHODS

3.1 Introduction

Recently, scheduling problems have received much intention. Two issues have always

been widely investigated in this area of problems, namely:
e The computational complexity of scheduling problems.

e The search for algorithms that determine the optimal sequence efficiently, preferably

in polynomial time.

Classifying scheduling problems according to their algorithmic complexity reveals
that some problems are easier to solve than others. If a problem is NP-hard (see section
3.2) then it is unlikely that it can be solved by a polynomial algorithm. If the optimal
solution is unattainable in reasonable time by exact methods (Dynamic Programming,
Branch and Bound. .. ) then it is reasonable to sacrifice optimality and settle for a “good”

feasible solution that can be computed efficiently. Of course, we would like to sacrifice as
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little optimality as possible, while gaining as much as possible in efficiency. Trading-off
optimality in favour of tractability is the paradigm of approximation algorithms.

In the section 3.2 of this chapter the theory of computational complexity related to
the scheduling area is discussed. We focus in the section 3.3 on the well-known methods

that have been used to solve machine scheduling problems.

3.2 Theory of Computational Complexity

Complexity theory is based on a mathematical framework developed by logicians and
computer scientists. This theory was developed to study the intrinsic difficulty of algo-
rithmic problems and has proven very useful for combinatorial optimization. In complex-
ity theory a distinction is made between optimization problem and decision problem. The
question raised in a decision problem requires either a yes or a no answer. With every
optimization problem one can associate a decision problem. If there exists a polynomial
time algorithm for a decision problem it exists also for an optimization problem and vice
versa [42]. The techniques of Cook [9] and Karp [27] have been applied extensively in this
area to locate the limit between P the class of problems for which a polynomial bounded,
good or efficient algorithm exists, and NP-complete, the class of problems for which the
existence of such algorithm is very unlikely [6]. Problem reduction is a fundamental no-

tion in complexity theory. To focus on this important field in the scheduling area we give

some definitions ([12] and [42]):

Definition 4 The class P contains all decision problems for which there exists a Turing
machine algorithm that leads to the right yes-no answer in a number of steps bounded by

a polynomial in the length of the encoding.

Definition 5 The class NP contains all decision problems for which the correct answer,
given a proper clue, can be verified by a Turing machine in a number of steps bounded by

a polynomial in the length of the encoding.
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The class P is, clearly, a subclass of the class NP. One of the most important issues

open in mathematical logic and combinatorial optimization is the question whether or

not P = NP.

Definition 6 Problem 7' is reduced to problem w (r'a ) if , for any instance (particular
case of a problem) of @', an instance of m can be constructed in polynomial bounded time
such that solving the instance of ™ will solve the instance of @ as well. The two problems

7 and m are equivalent if T ™ and T o 7.

When 7’a 7 and 7 € P, this implies that 7/ € P. Conversely, if 7’a 7 and 7’ ¢ P,
then 7 ¢ P.

Definition 7 A problem , either a decision problem or an optimization problem, is

called NP-hard if the entire class of NP problems polynomially reduces to 7.

If for example a problem can be solved in polynomial time as a function of the size
of the problem in unary encoding but not binary encoding we say that the problem is
NP-hard in the ordinary sense and the algorithms for this kind of problems are called
pseudo-polynomial. However if polynomial time algorithm does not exist under either
unary or binary encoding we say that the problem is NP-hard in the strong sense.

We illustrate all these concepts we give some scheduling example:

Example 8 Some Polynomially solvable problems
lripi=p| Y wlU; O(n") Baptiste [5]
1[prec; ;| Cax O(n?) Lawler [31]

Example 9 Some NP-hard on the ordinary sense problems

1 |21 (Lawler [32]); P2| |Cuax (Karp [27]);

Example 10 Some NP-hard on the strong sense problems
F3| |Crax (Garey et al. [15]) ; F2|prec|Chax  (Monma [38])
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An optimization problem is specified by a set & of inputs (or instances), by a set
SOL(T) of feasible solutions for every input I € &, and by an objective function ¢ that
specifies for every feasible solution ¢ in SOL(T) an objective value or cost ¢(o). Suppose
that we deal only with a minimization problem where the optimal solution is a feasible
solution with minimum possible cost. We denote the optimal objective value for instance
I by OPT(I). By || we denote the size of an instance I, i.e., the number of bits used
in writing down / in some fixed encoding. Now assume that we are dealing with an
NP — hard optimization problem where it is difficult to find an exact optimal solution
within polynomial time in |/| . At the expense of reducing the quality of the solution, we

can often get considerable speed-up in the time complexity. This motivates the following

definition ([45], [12], [44] and [23]).

Definition 11 Approximation algorithms
X be a minimization problem. Let ¢ > 0, and set p =1+ ¢ . An algorithm A is called
a p — approximation algorithm for problem X, if for all instances I of X it delivers a

feasible solution with objective value A(T) such that

|A(T) — OPT(I)| < ex OPT(I)

In this case, the value p is called the performance guarantee or the worst case ratio of the
approzimation algorithm A. The class APX consists of all minimization problems that

have a polynomial time approximation algorithm with some finite worst case ratio.

Definition 12 Approximation schemes

X be a minmimazation problem.

An approzimation scheme for problem X is a family of (1+¢€)—approximation algorithms
A, for problem X over all) < ¢ < 1.

A polynomial time approzimation scheme (PTAS) for problem X is an approximation
scheme whose time complexity is polynomial in the input size.

A fully polynomial time approzimation scheme (F'PTAS) for problem X is an approxi-
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NP

/ Pseudo-Polynomial \
Time

-
\

Figure 3-1: Relationships between some of the complexity classes.

mation scheme whose time complexity is polynomaal in the input size and also polynomial

in L.
€

Figure3-1 illustrates the relationships between the classes NP, APX, P, the class of
problems that are pseudo-polynomially solvable, and the classes of problems that have a

PTAS and FPTAS.

3.3 Methods of Solutions

Since a machine scheduling problem is a combinatorial optimization problem, the ob-

jective in this kind of problems is to find an optimal schedule from a finite number of

30



feasible schedules. To find one with the smallest value of the performance measure, we
can enumerate all the schedules. For example for one machine non-preemptive schedul-
ing problems, there exists n! possible solutions. Hence for the corresponding m-machines
problem, there are (n!)™ possible solutions. This number is very large even for relatively
small values of m and n. It is clear that in this case the enumerations of all possible
solutions is still not suitable even for problems of small size. In this section we present
two exact methods: Branch and Bound and Dynamic Programming based on the idea
of intelligently enumerating of all feasible solutions. We also focus on approximation

methods called also heuristics which give an approximate solution.

3.3.1 Dynamic Programming Method

Dynamic Programming is one of the more widely used techniques (Linear Programming,
Branch and Bound...) for dealing with combinatorial optimization problems. It is
an optimization approach that transforms a complex problem into a sequence of sim-
pler problems; its essential characteristic is the multi-stage nature of the optimization
procedure. It can be applied to problems solvable as well as problems not solvable in
polynomial time. Dynamic Programming is an approach developed to solve sequential,
or multi-stage, decision problems; hence, the name "dynamic" programming. Dynamic
Programming, like Branch and Bound approach, is a way of decomposing certain hard
to solve problems into equivalent formats that are more amenable to solution. Basically,
what Dynamic Programming approach does is that it solves a multi-variable problem by
solving a series of single variable problems. This is achieved by tandem projection onto
the space of each of the variables. In other words, we project first onto a subset of the
variables, then onto a subset of these, and so on. The essence of dynamic programming
is Richard Bellman’s Principle of Optimality [4]. This principle, even without rigorously

defining the terms, is intuitive:

Lemma 13 An optimal policy has the property that whatever the initial state and the

atial decisions are, the remaining decisions must constitute an optimal policy with regard

31



to the state resulting from the first decision.

Hence it determines the optimal solution for each subproblem and its contribution
to the objective function. At each iteration, it determines the optimal solution for a
subproblem, which is larger than all previously solved subproblems. It finds a solution
for the current subproblem by utilizing all the information obtained before in the solutions
of all the previous subproblems. Dynamic Programming is characterized by three types

of equations, namely:

e Initial conditions.
e A recursive relation.

e An optimal value function.

3.3.2 Branch and Bound Method

Branch and Bound method is enumeration technique used to combinatorial optimization
problems. It was developed and used by Eastman [11] for the traveling salesman problem
and by Land and Doig [30] for integer programming. It was first applied to scheduling
problems by Lomnicki (Lomnicki) and Ignall and Scharge [26]. In this method widely
used for scheduling problems we try to construct a proof that a solution is optimal, based
on successive partitioning of the solution space. The branch in Branch and Bound refers
to this portioning process; the bound refers to lower bounds that are used to construct a
proof of optimality without exhaustive search [41].

We calculate a lower bound (LB) on the value of each solution in a subset. Hence we
say that a node is active if the associated lower bound is the smallest lower bound. If
the associated lower bound of the node is larger than the upper bound (UB), this subset
is ignored. This upper bound UB is usually defined as the minimum of the values of
all feasible solutions currently found. Otherwise if no feasible solution is known, UB is

initially taken to be infinity until the first feasible solution is found. At each node from
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which to branch according to some search strategy the sequence is evaluated and if its
value is less than the current UB, this UB is reset to take that value. The procedure
is repeated until all subsets have been considered (i.e., lower bounds of all nodes in the
search tree are greater than the UB); a feasible solution with this UB is an optimal
solution [43].

The quality of the bound is the most important factor for the efficiency of the Branch
and Bound algorithm. One often has a choice between bounds that are relatively tight
but require relatively large computation time and bounds that are not so tight but can

be computed fast. The most bounding methods used in the literature are as follows:

e Relaxation of constraints.
e Lagrangian relaxation of constraints.
e Dynamic programming state-space relaxation.

e Relaxation of objective.

The branching procedure describes the method used to partition a set of solutions,
which is represented by a node, into possible subsets. Fach subset is represented by a
child of the original node. The most branching methods used in the literature are as

follows:

e Forwards branching : the jobs are sequenced one by one from the beginning.
e Backwards branching : the jobs are sequenced one by one from the end.

e A job can be sequenced either at the beginning or at the end according to an

heuristic method.

e A job can be sequenced first, last, directly before or directly after an other job

according to an heuristic method.
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The search strategy describes the method of choosing a node of the search tree to

explore. There are three most used techniques to choose this node:

e Branching from the node with smallest lower bound.
e Branching from the recently created node.

e Branching from a node with smallest lower bound amongst the recently created

nodes.

One can improve the computational time of the Branch and Bound algorithm by
adding dominance rules to specify whether a node can be eliminated before computing

1ts lower bound.

3.3.3 Heuristics and Approximation Algorithms

Approximation algorithms called also Heuristics have been developed in response to the
impossibility of solving a great variety of important optimization problems. Too fre-
quently, when attempting to get a solution for a problem, one is confronted with the
fact that the problem is NP-hard. For years NP-hard problems were treated with ex-
act methods like Dynamic Programming and Integer Programming tools or “heuristics”.
The first kind of tools are forms of implicit enumeration algorithms that combine efficient
derivations of lower and upper bounds with a hopeful search for an optimal solution. The
amount of time required to solve even a typical moderate-size optimization problem is
exorbitant. The point is that exact methods provide no guarantee. It is impossible to
tell if 5 additional minutes of running time would get you a significantly better solution,
or if 5 more days of running time would yield no improvement at all [23]. Approximation
algorithms address both the issue of guarantee and of making good feasible solutions
available.

One method of studying the performance or the quality of heuristics is to examine its

worst-case performance (see Section 3.2). This amount serves to establish the maximum
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relative deviation between the optimal and near optimal solutions. The first important
results on the worst-case performance of heuristics applied to scheduling problems were

given by Garey, Graham and Johnson [16].

Example 14 For the problem of minimizing makespan in m parallel machines (Pm]|

o CLPT il o L . . . .
|Cinax), we have Rypp = 72 < § — o= and this bound is tight. LPT is the longest

processing time rule (Graham [21]).

Local search techniques are widely used to obtain approximate solutions to combina-
torial optimization problems in general, and the scheduling problems in particular. T'wo
important categories of local search methods are neighborhood search and genetic algo-
rithms. As follows two neighborhood search algorithms: simulated annealing and tabu

search are widely used for scheduling problems:

Simulated Annealing (SA)

Simulated Annealing was proposed to solve combinatorial optimization problems by Kirk-
patrick, Gelatt and Vecchi [28]. SA is an iterative optimization technique that frees from
local optima with following method: a new solution that is accepted with a probability
called the acceptance function. This function is computed from the evolution of the op-
timized criteria and a control parameter called the temperature. This short description

of SA shows that the algorithm is fully defined with the following elements:

e the representation of the solution and the evaluation function. These two elements
are generally strongly connected to the problem but they have an effect on the

global behavior of the algorithm;

e the definition of the neighborhood, i.e the method used to choose a new solution

from the current solution;

e the outline of the acceptance function. This outline depends on the expression used
to compute the probability and it depends on the temperature from an iteration to

the next.
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Tabu Search (TS)

Tabu Search was originally proposed by Glover [19]. TS is an iterative improvement
approach designed for getting a global optimum solution for combinatorial optimization
problems. The idea of TS can be briefly described as follows. Starting from an initial
solution, TS iteratively moves from the current solution s to its best neighboring solution
s* , even if s* is worse than the current solution s, until a superimposed stopping criterion
becomes true. In order to avoid cycling to some extent, moves which would bring us back
to a recently visited solution should be forbidden or declared tabu for a certain number
of iterations. This is accomplished by keeping the attributes of the forbidden moves in a
list, called a tabu list. The size of the tabu list must be large enough to prevent cycling,
but small enough not to forbid too many moves. Additionally, an aspiration criterion is
defined to deal with the case in which an interesting move (such as a move that leads to
a new best solution) is tabu. If a current tabu move satisfies the aspiration criterion, its

tabu status 1s canceled and it becomes an allowable move.
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Chapter 4

PROBLEM STATEMENT

4.1 Introduction

A common manufacturing environment in many industries (such as the glass, steel paper,
textile and semiconductor) is an hybrid flow shop. This scheduling system is a mixture of
the serial shop organization and the parallel shop organization. In this thesis we deal with
hybrid flow shop scheduling problems assuming that machines may become unavailable
during certain periods. Indeed most of the literature that deal with scheduling problems
assume that the machines are always available during the scheduling period. However
in most real life industrial settings a machine can be unavailable for maintenance activ-
ities, such as unforeseen breakdowns (stochastic unavailability) or scheduled preventive
maintenance where the periods of unavailability (called also gaps) are known in advance
(deterministic unavailability). Under such circumstances, special consideration is needed
in order to obtain optimal solutions.

This chapter is organized as follows. A description of the hybrid flow shop envi-
ronment studied in this thesis is given in the section 4.1. The section 4.2 focuses on

maintenance constraints. A practical industrial case is illustrated in the section 4.3.
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m;,

Figure 4-1: Hybrid Flow Shop

4.2 Hybrid Flow Shop

A hybrid flow shop (HFS) called also flexible flow shop, is a multi-stage production
process which consists of a set of u stages with each stage k (1 < k < w) having my
parallel machines with the property that all jobs have to be processed through all the
stages on the same order: there are n jobs J; (1 < i < n), each job consisting of a chain of
u operations Oy, ..., Oy, that have to be executed on this order. In the classical flow shop
each stage contains only one machine. The design of a such environment is described in
the Figured-1.

At any time every job can be processed by at most one machine and every machine

can process at most one job. In scheduling hybrid flow shop organizations treated in this
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thesis, basic assumptions are as follows:

All N jobs to schedule are independent and available for processing at time ¢t = 0

(LeVi:r; =0).
Machines of a same stage can be identical, uniform or unrelated.

The processing time p; ;j of each job 7 on the machine j of stage k is known and

fixed.

Each job may have its own due date, d;, which represents the date the job is

promised to the customer.

Preemption and splitting of any particular job is not allowed: a job, once started

on a machine, continues in processing until it is completed.
Jobs are allowed to wait between two stages, and the storage is unlimited.

Setup, cleaning and transportation times are not negligible and not included in

processing times.

Four kinds of decision-making goals are prevalent in scheduling and considered in this

thesis:

Efficient utilization of resources: maximum completion time (or makespan) Cpax.

Rapid response to demands, or minimization of work in process: mean completion

time €', mean flow time F', or mean waiting time W.

Close conformance to prescribed deadlines: mean tardiness 7', maximum tardiness

Tnax, and the number of tardy jobs V.

Just in time based management: mean earliness /Y, maximum earliness [4,,,,, and

the number of early jobs N,.
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4.3 Maintenance Constraints

Most of the literature on scheduling assumes that machines are available at all times.
However, due to various reasons, machines may not be always available in many realistic
situations. Therefore, a more realistic scheduling model should take into account the

following associated machine maintenance activities:

e Preventive maintenance: where maintenance is performed on a scheduled basis
with scheduled intervals often based on manufacturers’ recommendations and past

experience with the equipment. This may involve replacement or repair, or both.

e Breakdown maintenance: Replacement or repair is performed only at the time
of failure. This may be the appropriate strategy in some cases, such as when
the hazard rate is constant and/or when the failure has no serious cost or safety

consequence or it is low on the priority list.

The problem of integrating production and preventive maintenance has been generally
approached in the literature in two different ways. Some authors approached this problem
by determining the optimal preventive maintenance schedule in the production system
and others by taking maintenance as a constraint to the production system ([6], [7] and
[8]). Thus the question involved here is whether the preventive scheduling decision was
done separately or jointly with the job scheduling decision. In this thesis and for the
preventive maintenance we deal only with the first approach (i.e we ensure that the
preventive maintenance for each machine is done in the specified window). However for
the breakdown maintenance the question does not arise in this case since the machine
breakdown can happen at any time.

In this thesis, we focus on problems in which job preemption is not allowed. There

are three types of machine unavailability ([23], [25] and [26]) discussed in the literature:

e Resuwmable : A machine is called resumable if a job that cannot be finished before a
down period of a machine can be continued without any penalty after the machine

becomes available again.
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e Non — Reswmable : A machine is called non-resumable if the job that cannot be
completed before a period of machine non-availability must be totally restarted

rather than continuing after the machine is brought back on line.

e Semi — Resumable : A machine is called semi-resumable if the non-finished job
before a period of machine non-availability must be partially restarted. There are
two-types of semi-resumability: In T'ype — I, in addition to processing the non-
finished part, the machine needs to process extra work that is proportional to the
finished part of that job. In T'ype—1I1T, if a job is not processed to completion before
the machine is stopped for maintenance, an additional setup is necessary when the
processing is resumed. Figure4-2 depicts the two types. In the upper figure, z is
the finished part of job I before the non-availability interval, d and 0 < o < 1. In

the lower figure, ¢ is the setup time of job 1.

4.4 Notations

In order to be able to refer the problem under study, we use a notation similar to the
three field notation « | 3 | v presented in the section 2.3 and modified by Kubiak [22]

and Lee [23] taking into account the availability constraints:

o F2(P),aj| v |Cmaz : Minimizing the makespan hybrid flowshop problem with
a resumable availability constraint and an arbitrary number of gaps (1) on each

machine (j) on each stage (k);

o F2(P),ayj;| nr |Cmaz : Minimizing the makespan in the two-machine flowshop
problem with a non-resumable availability constraint and an arbitrary number of

gaps (1) on each machine (j) on each stage (k);

o F2(P),ayj;| sr |Cmaz : Minimizing the makespan in the two-machine flowshop
problem with a semi-resumable availability constraint and an arbitrary number of

gaps (1) on each machine (j) on each stage (k);
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Figure 4-2: The semi-resumable case.
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For example F2(P),hiy| (m1 = 1,my = 2),nr |C'mazx represents the problem of
minimizing makespan in the two stages hybrid flow shop problem with one machine on
the first stage and two machines on the second stage under a non-resumable availability
constraint and with an arbitrary number of gaps on the first stage and no gaps on the
second stage.

For the classical two machine flow shop problem it is more easy to use the Lee’s

notation [23].

e F2|r — a|Cmazx : Minimizing the makespan in the two machine flow shop with a

resumable availability constraints.

o F2|nr — a(M;)|Cmaz : Minimizing the makespan in the two machine flow shop

with a non-resumable availability constraints on the machine A;.

4.5 Industrial Context

One of the motivations of this research is the industrial relevance of the hybrid flow shop
environment. HE'S is often found in many manufacturing systems. namely: the chemistry
industry [4], textile industry [11], the pharmaceutical industry [5], glass manufacturing
[27] and printed circuit board [21]. In this thesis we are interested by the production of
Integrated Circuits (IC) in the semiconductor industry.

ICs are constructed on a single-crystal silicon "wafer". This is known as the "sub-
strate". Photolithography is used to mark different areas of the substrate to be doped
or to have polysilicon or aluminum tracks sputtered on them. Each device is tested,
before packaging. The wafer is then diced into small rectangles called die. The die is
then connected into a package using gold or aluminum wires which are welded to "pads",
usually found around the edge of the die. After packaging, the devices go through fi-
nal test on very expensive automated testers, which account for over 25 percent of the
cost of fabrication. In the most advanced processes, the wafers exceed 30 centimeters in

diameter. Generally, the whole assembly process can be classified into two parts: front
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end and back end (Figure4-3). The front end includes the wafer mounting, wafer sawing,
die bounding processes anf the back end includes the molding, postmold curing, plating,
marking, dejunking and trimming & forming processes ([13], [L6] and [17]).

IC packaging scheduling environment is a hybrid flow shop (Figure4-4 and Figure4-5).
Multiple parallel machines are involved at each stage of production flow. The number of
machines on each stage can change between that stage and its adjacent stage from 1 to
m, m to 1 or my to my. The machines may be either identical or non-identical. Among

all the stages the wire bonding and molding are the most important stages.
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Chapter 5

LITERATURE REVIEW

5.1 Introduction

The hybrid flow shop is a non-trivial problem. Most of the works explore three different
issues: computational complexity, modeling criteria and constraints and solution meth-
ods. In terms of complexity hybrid flow shop scheduling problems can be roughly grouped
into three categories: (1) Two stage hybrid flow shop, (2) Three stage hybrid flow shop
and (3) k-stage hybrid flow shop. In the theoretical research most of the literature on
HEFS scheduling deal with single criterion problems. Among which, the minimization of
makespan is the most widely used criterion. Apart from the makespan, other objectives
in HF'S include the minimization of the maximum tardiness, the total flow time, the sum
of completion time. It is apparent that there is a gap between the literature of schedul-
ing and the real life industry. The hybrid flow shop scheduling problems generally are
considered with a simplistic way. For example researchers start to give more attention
for maintenance or availability constraints in a single machine, flow shop and parallel
machines problems but not yet in the hybrid flow shop problems with more than one
stage and more than one machine in each stage. In terms of solution methods to HE'S
scheduling problems, heuristics and Branch and Bound are the two mostly used. The

HES scheduling problems will be reviewed in section 5.2 from the point of view of com-
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plexity, exact methods and heuristics. The section 5.3 will focus on the scheduling with

availability constraints.

5.2 The Hybrid Flow Shop

5.2.1 Complexity

The most of the work in the hybrid flow shop scheduling literature in term of the com-
plexity is down on the single and two stage hybrid flow shop. While interesting results
have been obtained for these cases, there has been less work on the k-stage (K > 3).
For the single stage hybrid flow shop which is the parallel machine problem, Karp [59]
has proved that the problem with only two machines to minimize the makepsan with-
out preemption P2| |Cpha.y is NP-hard in the ordinary sense. The only variant of the
hybrid flow shop problem solved in polynomial time is the classical two machine flow
shop F2| .| Cpax solved by Johnson [58]. Garey et al [37] have shown that the problem
F3| .| Cax is NP-hard in the strong sense. It has been shown by Hoogveen [53] that the
problem F2(P)| .| Ciax is NP-hard in the strong sense even if there is only one machine
on the first stage and two machines on the second stage for both cases preemption and

non-preemption.

5.2.2 Exact Methods

The Branch and Bound methods have been widely used in hybrid flow shop for finding
an optimal solution. The B&B algorithm of Salvador [102], and Rajendran and Chaud-
huri [95] can be used to solve two-stage HFS in minimizing makespan with two parallel
identical machines on the first stage and only one machine the second stage. Brah and
Hunsucker (Brah) give B&B algorithm to solve k-stage (k > 3) HE'S problems. This algo-
rithm will be modified after by Portman et al. [93]. The B&B approaches have not been

tried in real world application because when the machine environment is complicated, it
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is difficult to apply a B&B algorithm to obtain optimal solution since its computational

time is moderate only for a small size instances.

5.2.3 Two Stage HFS

We will review works in the two stage hybrid flow shop literature according six categories.
The first category involves single machine on the first stage and parallel identical machines
on the second stage (my = 1,myy = m > 1). Several studies have been reported for the
second category with parallel identical machines on the first stage and one machine on
the second stage (mqy = m > 1,my = 1). The third category consists on one machine
on the first stage and non-identical machines on the second stage (my = 1,me = m > 1).
The forth category involves parallel non-identical machines on the first stage and only
one machine on the second stage (m; = m > 1,my = 1). In the fifth category we find
identical machines on both stages (1my(ry > 1, my() > 1). In the last category the problem
studied is to deal with non-identical machines on both stages (my > 1,mqy > 1).

In the first category Sriskandarajah and Sethi [106] deal with the problem of minimiz-
ing the makespan. They show that an arbitrary sequence has a worst case performance
(wepb) ratio of 3 — i They develop a heuristic based on Johnson’s rule and show that
its wepb 1s equal to 3 — % + # Gupta et al. [46] develop two heuristics to find an
acceptable solution to minimize the makespan. In the second category Chen [48] consid-
ered Gupta’s heuristics for the two stage hybrid flow shop with a single machine at the
second stage and determines its wepb to be of 3 — % Gupta [45] develops an efficient
heuristic algorithm for finding an approximate solution. He proposes using Johnson’s
rule to first sequence the jobs using only one machine at each stage, then assigning jobs
to the machines at the first stage in order to minimize the additional idle time incurred
on the second stage. His computational experiments are limited to only two machines at
the first stage. Chen [29] classifies the heuristics for this problem into three classes and
perform some empirical comparisons among selected heuristics in three classes.

In the third category Narasimhan et al [83] develop a heuristic solution procedure
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known as the Cumulative Minimum Deviation (CMD) rule. It is proved to be better than
SPT and LPT in decreasing the machine idle time and in-process waiting on the second
stage. In the forth category Elmaghraby and Soewandy [34] propose a new heuristic
based on viewing the second stage as sequencing jobs with ready times’ that are secured
from optimizing processing the jobs optimally on the first stage. Gupta [45] proposes
four heuristics. The two first heuristics H; and Hy have a wepb of 2, and the two last
heuristics have a wepb of 2 — i

Among works on the fifth category we can cite the work of Sriskandarajah and Sethi
[106]. They consider the problem when m; = msy.They show that Johnson’s sequence
has a wepb of 3 — i and their heuristic has an error bound between % — %1 and 3 — i
The contributions of Langston [62] may be summarized into three . First he shows that
if the sequence is randomly generated, then the wepb is bounded by 3 — i Second 1if
the jobs are sequenced according to the SPT rule with respect to p; 1, then the wepb is
bounded by 52’ Third he demonstrates that the wepb will be improved to 2 if the sequence
is arranged according to the SPT rule with respect to p;s. Lee and Vairaktarakis [65]
develop a heuristic H that has an error bound of 2 — m This bound extends a
recent bound for the case (m; = 1,my = m > 1) and significantly improves all other
results for some special cases of the two stage hybrid flow shop.

The general case of the last category involving many machines either different or
identical at both stages has been addressed by Narasimhan and Mangiameli [84] and
Paul [90]. Paul examines the production scheduling problems in glass container industry
in which there are four stages and several unrelated machines in each stage. The author
chooses the first two stages to develop the scheduling and formulates it as a job shop
problem. The objectives are to minimize the number of tardy jobs and the average
tardiness. To find a solution, a simulation method is adopted to test dispatching rules.

Narasimhan and Mangiameli [84] study a case where there are several identical machines

in the first stage and uniform machines in the second.
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5.2.4 Three Stage HFS

Adler et al [1] consider the problem of the three-stage problem with parallel non-identical
machines at stage 1, 2 and 3 (m; > 1,my > 1,m3 > 1) in Bagpak Production Scheduling
System (BPSS) which is a scheduling support system for plants that produce multiply
paper bags. The production process consists of three stages, but not all orders have to
go through all three stages. They try to solve the compromise among three objectives
to minimize: (i) the sum of tardiness; (ii) the sum of setup times; and (iii) the work-
in-process inventory. Riane et al. [98] focuses on a three stage hybrid flow shop to
minimize the makespan with one machine in each stage 1 and 3, and two machines
in the second stage. The two machines on the second stage are dedicated (i.e. It is
known beforehand on which of the two machines each job will be processed). They
propose two heuristics, one based on the dynamic programming and the second one on
the branch and bound algorithm. They evaluate the performance of these heuristics by
an experimental study. Jin et al [57] treat a three stage HE'S for the production of printed
circuit board. They propose a global procedure that utilizes genetic algorithm and three
subproblems to minimize the makepsan. The performance of the procedure is evaluated

via an experimentation study.

5.2.5 k-Stage HFS

The k-stage problem with parallel identical machines at each stage (mqyy > 1, moqy >
1,..,myqy > 1) is studied by Wittrock ([112] and [113]). He develops heuristics to
minimize makespan & amount of buffer space used and to minimize makespan & queuing
in the buffers respectively. On the other hand Zhou et al. consider the k-stage problem
with parallel non-identical machines at each stage (my > 1,mg > [,...;my, > 1). They
propose a concept of synthetic knowledge and a heuristic node-path intelligent search
method. The objective they use is to minimize the sum of all machines’ changeover
number. The most general heuristic for the k-stage HE'S problem with parallel identical
machines is provided by Lee and Vairaktarakis [65]. They show that the wepb r of their
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heuristic is:

1 1 1

< k— — — . — .
max{my,my} max{ms,my} max{my_1,my}

For some special cases of the k-stage HF'S problem, this bound improves significantly

all the previous results.

5.2.6 Approximation Scheme

Schuurman and Woeginger [105], Hochbaum and Shmoys [52], Hall [51] and Williamson
et al [114] investigate the new scheduling field called Approximation Scheme to determine
the approximability behavior of the problem F(P) | | C'mazx. Their known results on
the approximability of the hybrid flow shop problem are summarized in this table [105].

Number of machines per stage

=1 Constant | Arbitrary
k =1 Trivial FPTAS | PTAS
stages | =2 Polynomial | PTAS PTAS
Constant > 3 | PTAS PTAS Open
Arbitrary APTAS APTAS | APTAS

The single-stage flow shop is the ordinary multiprocessor scheduling problem P | |
Cmazx. In case the number of machines is constant, Sahni [101] proves that the prob-
lem possesses a pseudopolynomial solution algorithm that can be used to construct an
FPTAS. In case the number of machines is part of the input, the problem is strongly
NP-hard, and hence the PTAS of Hochbaum and Shmoys [52] is the best-possible ap-
proximation result unless P=NP. The two-stage flow shop can be solved in polynomial
time if m; = my = 1 [58]. For the cases where the number & of stages and the number
of machines per stage all are constants, Hall [51] constructs an PTAS. Schuurman and
Woeginger [105] construct an PTAS for the problem of two stages and an arbitrary num-
ber of machines per stage. Determining the approximability behavior of the k-stage HE'S

F(P) | | Cmaxz where k > 3 is a constant and where the number of machines is part
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of the input, is still an open [51] question in the area of hybrid flow shop. Finally, for
the case where the number of stages is part of the input, Williamson et al. [114] prove
that the existence of a polynomial time approximation algorithm with worst-case ratio

less than i would imply P = NP.

5.3 Scheduling with Availability Constraints

Generally the limited availability of machines are due to the maintenance constraints
(preventive and breakdowns). It may also result from other reasons. An example is the
case of preschedules which exist mainly because most of the real world resource planning
problems are dynamic. Thus The machines unavailability can happen when machines
continue to process unfinished jobs that were scheduled in the previous planning period.
Hence, the machine is not available at the beginning of the planning period. In this
section we review all works related to this area in general situations and according two
categories of problems: the first one contains deterministic problems which involve among
other applications the preventive maintenance and the second one contains stochastic
problems taking on consideration breakdowns.

The machine scheduling with availability constraints is an important topic in schedul-
ing (see, for example, Blazewicz [13] and Pinedo [92] ) and has attracted much attention
recently (see the surveys by Lee et al. [68] and Schmidt [103]). The non-availability

consideration adds complexity to any scheduling problem.

5.3.1 Deterministic Case
Fixed Non-Availability Intervals

Single Machine Problems

The Resumable Case Lee [66] deals with a single machine problem with different

performance measures assuming that there is only one non-availability interval. He shows
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that an arbitrary sequence is optimal for 1|r — a|Cpax, the SPT sequence is optimal for
1jr—a| " C;, and the EDD sequence solves 1|r—a|Cyax optimally. That is, the algorithms
are the same as those for the classical problems without availability constraints. For
1lr — a| > U, the Moore-Hodgson Algorithm with slight modification is still optimal.
However, for 1|r — a| > w;C;, the WSPT algorithm is not optimal unless there is one
job, J;, with a completion time equal to the starting time of the non-availability interval

(C; = s) in the WSPT solution. He demonstrates that this problem is NP-hard even if

F,(WSPT)

T can be arbitrarily large even if w; = p; for all 7, where

w; = p; for all 7, and
Fo(WSPT) is the weighted total completion time obtained by applying WSPT to the
problem and F}j is the optimal weighted total completion time. He develops a heuristic
approach to solve the problem with an error-bound analysis and proposes a Dynamic

Programming to solve the problem optimally and hence it was deemed NP-hard in the

ordinary sense.

The Non-Resumable Case For the non-resumable case, Adiri et al [2] and Lee
and Liman [64] show that 1|nr—a| > C; is NP-hard. Lee and Liman prove that applying
SPT to 1|nr — a| Y C; will have % < %, where Fspr is the total completion time by
applying SPT to the problem and /™ is the optimal total completion time. It is also shown
by Lee [66] that the problem 1|nr — a|Cpa.y is NP-hard. He establishes that the problem
becomes NP-hard in the strong sense if there are multiple non-availability intervals as
the problem can be transformed from the Three-Partition problem. Since 1|nr — a|Cpax
is NP-hard it implies that 1|nr —a| L., and 1|nr—a| > U; are also NP-hard. It is shown
that if we apply the Moore-Hodgson Algorithm to solve 1|nr—a| 3 U; then the maximum

deviation of the number of tardy from optimal is one. The error of applying EDD to solve

F,(WSPT)

1nr — a| Liyax 1s at most ppa.. It is clear that 1|nr —al Y w;C; is NP-hard and fn

can be arbitrarily large even if w; = p; for all i. Leon and Wu [77] study one machine
scheduling with multiple non-availability intervals with ready-time constraints on the

jobs to minimize the maximum lateness. A branch and bound algorithm is proposed to
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solve the problem optimally. Saddfi et al. [100] give a 7 —

the problem 1|nr —al| > C;.

approximation algorithm for

Parallel Machine Problems

The Resumable case The classical parallel machine scheduling problem without
an availability constraint, Pm/| |Cyax, is NP-hard. Hence Pm|r — a|Cypax and Pm|nr —
a|Chax are both NP-hard. The problem in which each machine has at most one non-

availability interval is considered by Lee [63]. He shows that if s; > 0 for all j then

Crpr

LEL can be arbitrarily large even for the two machine problem. This implies that no

polynomial approximation scheme exists unless P = NP. Lee [63] applies the following

two versions of LPT to the problem Pm|r — a|Cpay :
e LPT1: Assigning a job to the least loaded machine.

o LPT2: Assigning a job on the top of the list to a machine such that the finishing

time of that job is minimized.

He shows that QLCL;H can be arbitrarily large even if there two machines. However,

% < % — ﬁ7 if we assume that there is at least one machine always available. A
pseudo-polynomial dynamic programming algorithm is provided to solve P2|r—al Y w;C;

optimally since it is a NP-hard in the ordinary sense.

The Non-Resumable Case Lee (Lee) studies the problem Pm|nr — a|Cpax when
some machines may not be available at time zero. He shows that the performance wepb
of the LPT heuristic is of g — ﬁ Using the modified heuristic MLLPT, he shows that the
performance is bounded by %. Lee and Liman [64] study the problem P2|nr—al ) C; with

$1 = sy = oo (one machine is always available while the other one is not available from s,

to infinity). They show that the problem is NP-hard. They also provide an SPT-based

heuristic with ?’f < % Mosheviov [82] deals with the problem Pm|nr—a| ) C; assuming

that M; is available only in the interval [z;,y;] and shows that SPT is asymptotically
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optimal as the number of jobs approaches infinity. For Pm|nr — a|Cpax, Lee [63] shows
that %::3 < m under the assumption that at least one machine is always available (s; = oo
for some j), where LS denotes the List Scheduling, which is defined as "Given an arbitrary
order of jobs, assign the job to the machine such that the job can be finished as early as

possible. He also shows that the wepb of LPT is of mTH
Flow Shops Problems

The Resumable Case Lee (Lee) shows that both F2|r — a(M;)|Cpax and F2|r —
a(Ms)|Cpax are NP-hard, where r — a(M;) and r — a(Ms) indicate that there is only
one non-availability interval located in machine 1 and machine 2, respectively. If s; =
sy = 0 then Johnson’s algorithm is optimal for F2|r — a|Cpax. He also shows that for
F2|r — a(M;)|Chrax, the wepb of Johnson’s heuristic is equal to 2. He provides two
heuristics called H1 and H2 with respectively chfl < % and ch*m < %. He notes that the
problem is irreversible, an important characteristics that is distinct from the classical
flow shop problem. Cheng and Wang [30] provide an algorithm for F2|r — a(M;)|Cupax
with an improved performance, %EL < %. Kubiak et al. [61] show that no polynomial-
time algorithm with a fixed worst case performance ratio exists unless P = NP. They
construct a branch and bound algorithm to solve optimally the problem with multiple
non-availability intervals. Blazewicz et al. [16] use local search based heuristic algo-
rithms for the problem F2|r — a(M;)|Cpax. Braun et al. [19] derive sufficient conditions
for the optimality of Johnson’s permutation in the case of one or more non-availability
intervals. They show that usually Johnson’s permutation remains optimal in the case of

non-availability intervals.

The Non-Resumable and Semi-Resumable Cases Lee [71] studies F2|srl —
a|Chax where an availability constraint is imposed only on one machine as well as be-
ing imposed on both machines. The problem is clearly NP-hard because a special

case, 1|nr — a|Chay, is already NP-hard. Furthermore, the problem with multiple non-
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availability intervals strongly NP-hard as its special case, the one machine problem, is
already strongly NP-hard [66]. Tee [71] provides a pseudo-polynomial dynamic pro-
gramming algorithm to solve the problem F2|srl — a(M;)|Cpax optimally in which the
semi-resumable availability constraint is imposed on machine 1. He shows that wepb of
Johnson’s algorithm is equal to 2. Thus, both the resumable and non-resumable cases

have the same error bound and is independent of the value of a. On the other hand, if we

apply Johnson’s algorithm to the problem F2|srl—a(Ms)|Chpax then (’;{;“ < max{%, 1+a}
and the bound is tight. He develops an improved heuristic with wepb < % It is also
shown by Lee (Lee) that for the problem, where an availability constraint is imposed on

both machines, F2|sr1—a(My, Ms)|Chax, 1s NP-hard even if s1 = 55 = s, and t; = 15 = 1.

For such a special case, s; = sy = s, and t; = t9 =t we have (gf‘ <1+

Non-Availability Intervals as Decision Variables

Single Machine Problems If the starting of the non-availability interval is a decision
variable, 1.e., it is decided jointly with the job scheduling, Qi et al. [94] show that the
problem is NP-hard in the strong sense if there are multiple such intervals. They also
provide a branch and bound algorithm for solving the problem in the non-resumable
case. Graves and Lee [50] deal with the problem in the Type-II semi-resumable case.
They assume that the time period between two consecutive maintenance periods cannot
exceed a fixed number, say T. That is, the maintenance must be performed within a
fixed period, T, and the time for the maintenance is a decision variable. Graves and Lee
prove that there exists an optimal solution such that no more than 2m — 2 maintenance

periods are required in any 1|sr2 — a| problems with regular performance measures if
n

Z(qi + p;) < mT | for some positive integer m, where ¢; is the setup time of job
i=1

n
1. Hence, for any problem with z:(qz + pi) < 2T, there are at most two maintenance

i=1
periods required. For the two problems 1|sr2—a| >~ w;C; and 1|72 — a| L.y they studies

two scenarios concerning the planning horizon:
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e When the planning horizon is not short in relation to 7' : they show that both of
problems are NP-hard and they provide a pseudo-polynomial time dynamic pro-

gramming algorithms.

o When the planning horizon is short in relation to 7T’ : they show that the problem
of minimizing the total weighted completion times is NP-hard, while the SPT gives
the optimal solution to minimize the total completion time and EDD guaranties

the optimal solution for minimizing the maximum lateness.

Parallel Machine Problems TLee and Chen [72] study the problem of m parallel
machines. Their objective is to schedule jobs and maintenance activities so that the

total weighted completion time of jobs is minimized. T'wo cases of problems are studied:

e Pm|nr—a,ind| ) w;C; : there are sufficient resources such that different machines
can be maintained simultaneously if necessary. Hence, the machines are treated

independently.

e Pm|nr — a,ind| Y w;C; : only one machine can be maintained at any given time.

Hence machines are dependant.

They first show that, even when all the jobs have the same weight, both cases of
the problem are NP-hard. They provide a pseudo-polynomial algorithm to solve both
problems when the number of machines is fixed. Since the complexity is very high (even
though it is pseudo-polynomial), they propose branch and bound algorithms based on the
column generation approach for solving both cases of the problem. The algorithms are
capable of solving medium-size problems to optimality within a reasonable computational
time. Their approach can also solve the general problem when at most & machines can

be maintained simultaneously (k < m, and m is the total number of machines).
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5.3.2 Stochastic Case
Single Machine Problems

Glazebrook ([39], [40] and [41]) investigates a single-machine problem in which the ma-
chine breakdowns and formulated it as a cost-discounted Markov decision process. Li
and Cao [76] study the problem of scheduling a set of stochastic jobs on a single machine
which is subject to several types of breakdowns according to different probabilities. Af-
ter the machine fails, jobs’ processing time, uptime and repair time of the machine may
be different from the original period. They find the optimal nonpreemptive policies that
minimize the following objective functions: (1) the weighted sum of the completion times,
(2) the weighted number of late jobs having constant due dates, (3) the weighted number
of late jobs having random due dates. These results partly generalize the conclusions
obtained by Pinedo and Rammouz [91].

Lee and Leon [74] deal with the problem of scheduling jobs and a rate-modifying
activity on a single machine. A rate-modifying activity is an activity that changes the
production rate of the equipment under consideration. Hence the processing times of
jobs vary depending on whether the job is scheduled before or after the rate-modifying
activity. The decisions under consideration are when to schedule the rate-modifying
activity and the sequence of jobs to optimize some performance measure. In this paer
they develop polynomial algorithms for solving problems of minimizing makespan, and
total completion time respectively. they also develop pseudo-polynomial algorithms for
solving problems of total weighted completion time under the agreeable ratio assumption.
they prove that the problem of minimizing maximum lateness is NP-hard and also provide

a pseudo-polynomial time algorithm to solve it optimally.

Parallel Machine Problems

Albers and Schmidt [3] investigate an online version of a basic scheduling problem where

a set of jobs has to be scheduled on a number of identical machines so as to minimize the
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makespan such that new machines may be added as well. They first show that no online
algorithm can construct optimal schedules. They also show that no online algorithm can
achieve a bounded competitive ratio if there may be time intervals where no machine
is available. Then they present an online algorithm that constructs schedules with an
optimal makespan if a lookahead of one is given, i.e., the algorithm always knows the next
point in time when the set of available machines changes. Finally, they give an online
algorithm without lookahead that constructs schedules with a nearly optimal makespan
of COPT 4 ¢ for any e, if at any time at least one machine is available.

Cai and Zhou [22] deal with a stochastic scheduling on parallel machines subject
to random breakdowns to minimize expected costs for earliness and tardy Jobs. The
stochastic breakdowns are characterized by a Poisson process. The deadline is an expo-

nentially distributed random variable. They derive static and dynamic optimal policies

for some special cases of the problem.

Flow Shop Problems

Allahverdi and Mittenhal [6] address the problem of minimizing makespan in a two-
machine flowshop when the machines are subject to random breakdowns. They first show
that it is sufficient to consider the same sequence of the jobs on each machine. After
providing an elimination criterion for minimizing makespan with probability 1, they
show that under appropriate conditions Johnson’s algorithm stochastically minimizes
makespan.

Allahverdi and Mittenhal [5] consider a two-machine fowshop scheduling problem,
where machines suffer random breakdowns and processing times are constant, with re-
spect to both makespan and maximum lateness objective functions. They provide an
elimination criterion in a two machine flow shop when both machines are subject to
random breakdowns. They show that the LPT and SPT orders are optimal with re-
spect to both criteria in a two machine flow shop when the first or the second machine,

respectively, suffers stochastic breakdowns.
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Chapter 6

SCHEDULING TWO MACHINE
FLOW SHOP WITH
AVAILABILITY CONSTRAINTS

6.1 Introduction

This chapter is concerned with the problem of scheduling n immediately available jobs
in a flow shop composed of two machines in series with the objective of minimizing the
makespan, when it is known that there shall be only one interruption in machine avail-
ability either on the first machine or on the second machine due to scheduled maintenance
(deterministic case). For convenience we call the period of unavailability a gap.

The two machine flow shop (without a gap) with the objective of minimizing the
makespan is perhaps the first “multi machine” scenario ever treated by researchers in
the field. Its optimal solution is due to Johnson [7]. Since that date it has witnessed
several extensions and variations; see Lee [11] and [12] for a comprehensive review of
earlier contributions. Lee proves that the problem with one gap on only one machine is
NP hard in the ordinary sense.

The processing times of job ¢ are given by p;; and p; o on the first machine and
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Figure 6-1: The gap on the first machine in resumable case.

the second machines respectively. We refer to the interruption as the “gap” in machine
availability. The start time of the gap on machine j is denoted by s;, its duration by g,
and its termination by t; = s; + ¢g; ( j = 1,2).We assume that machine j, j = 1,2, is
unavailable during the period from s; to ¢; (0 < s; <1;). We assume that one machine
is always available. Hence we deal with two cases of unavailability. In the first case we
take only one gap in the first machine (section 6.3) and in the second case we take only
one gap in the second machine (section 6.4). We also consider two types of processing
: resumable and non-resumable (see in Figure6-1 an example if the gap is on the first
machine in resumable case).

The contributions of this chapter are three. We prescribe the problem instances in

which Johnson’s rule gives the optimum solution. This is most valuable since Johnson’s
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procedure is computationally most efficient. We propose an improved dynamic program-
ming model, which is independent of the processing times of the jobs, if the gap is on
the first machine and we propose an efficient combinatorial approach if the gap is on
the second machine. This reduces the computational burden of the search for optimality
drastically. Finally we give some worst-case error bound of Johnson’s rule on both cases

of resumable and non-resumable.

6.2 Notations

For simplicity, we refer to Johnson’s rule for optimizing the makespan in the absence of
the gap by JR, and to the order of jobs (the sequence) resulting from applying the rule
by JO. The presence of the gap may render the JO non-optimal. Still, we shall adopt
the JR as our heuristic so that in the sequel mention of “the heuristic H” refers to the
schedule following the JR.

Johnson’s rule (JR) : Divide the n-job set into two disjoint subsets, S; and S,
where S1 = {Ji: pi1 < pi2} and So = {J;: pi1 > pia}. Order the jobs in S; in the
nondecreasing order of p; ; and those jobs in S5 in the nonincreasing order of p; ». Sequence
jobs in Sifirst, followed by Sj.

We consider n jobs to be processed in two-machine flow shop and we adopt the

following notations.
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Q = =

Craas (0) -

max

cr (G):

max

Ci’j (Sk;) :
Nk; (B) :

DPij -

nr:

S

S

the set of jobs processed after the gap. A¥ denotes the
jobs in A when following heuristic H.

the set of jobs processed before the gap. B denotes the
jobs in B when following heuristic H.

refers to Johnson’s Rule (JR).

indicates the absence of the gap.

indicates the presence of a gap.

the makespan following H when there is no gap,

it is optimal CH_ (0) = C* . (D).

the makespan following H when there is a gap,

it may not be optimal.

the optimal makespan when there is a gap.

the completion time of job ¢ on machine j, ¢ € S.

the subset of k£ jobs that are to be scheduled before the gap;
with Ny (A) = N — N (B) denoting the subset of n — k jobs
that are to be scheduled after the gap.

the processing time of job ¢ on machine j, 7 =1, 2.

the start time of the gap on machine 3, j =1, 2.

the resumable case.

the nonresumable case.

the end of the gap, t; =s;+g, 7 =1,2.

{Ji+ pi1 <pia}.In JO the jobs in this set are

ordered in nondecreasing order of p; ;

{Ji 2 pia > pi2} - In JO the jobs in this set are

ordered in nonincreasing order of p; o

In order to be able to refer the problem under study, we use the notation proposed

by Lee [9] :

F2|r—a(m;)|Cmaz : Minimizing the makespan in the two machine flow shop problem
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with a resumable availability constraint on machine j.

F2|nr — a(m;)|C'maz : Minimizing the makespan in the two machine flow shop prob-
lem with a non-resumable availability constraint on machine j.

Lee proves in [9] an important lemma which gives a characteristic of the optimal

solution either when the gap is on the first machine or on the second machine.

Lemma 15 (Lee’s [9] Lemma 2, page 132.) There exists an optimal sequence such that
the jobs in the set B and the jobs in the set A are sequenced in JO.

Proof. This assertion is proved by switching the order of two jobs in either B or A.
Such a switch can only increase the makespan by the optimality of the JO of either sets.

6.3 The Gap on The First Machine

6.3.1 Optimality Conditions For The Johnson Order Optimal-
ity (F2|r,nr-a(M1)|C,.x)

In the two machine flow shop with availability constraints problem there are two kinds
of idle time. The first one is due to the sequence of jobs denoted by /g, and the second
one is due to the gap denoted by /4,,. The difference between the two kinds of idle time
is illustrated in the two figures: Figure 6-2 and Figure6-3.

It is shown that Johnson’s algorithm minimizes the sum > I (see [7]). Hence its
optimality for the problem of two machine flow shop with a gap depends if it minimizes
the second kind of idle time 7,4, or not.

Let J4, denote the first job completed after the gap on the first machine when the

jobs are sequenced in JO.

Proposition 16 If the completion time of the set BY on the second machine is larger

than ty +pya , then JO is optimal.
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Figure 6-2: The idle time due to the sequence when there is no gap.
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Figure 6-3: The two kinds of idle time when there is a gap on the first machine.
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Proof. The makespan under any sequence o is given by
Cma'x(o-) = me + Z [seq + [gap (61)

in which Y lwq s the sum of idle time on the second machine due to the sequence of
jobs, and 4, the idle time due to the gap. Therefore in order to minimize the makespan
one should find the sequence that minimizes the two of kinds of idle time. Now because
of the completion time of the set BY is larger than t, +pyathe sum lgop = 0. Since JO

minimizes the sum of idle time ) Iq then it is the optimal sequence.

Proposition 17 If the JO results in a set BY that terminates on the first machine

exactly at time sy then JO is optimal.

Proof. 'The Proposition is proved by contradiction using a pair-wise interchange
argument. Suppose any job j of A is inserted in BY replacing job 7 that is currently in
B which is placed in A and results in a smaller makespan. Since jobs i and j were
originally in JO then, by 15, job j must be placed last in B and job ¢ must be placed
first in A; see Fig.6-4. For feasibility we must have

Pi1 = Pit (6.2)
Since the original sequence was according to JO, it must be true that
(1) if 1€ Sl and j S Sl = Di1 < Pj1-

which contradicts (6.2) and job j will not fit before s;, which violates its inclusion in the
set B. Otherwise,
(2)if i€ S;and j €Sy,

then we must consider two eventualities. (a) p;1 < p,j1, in which case job j will again

contradict (6.2) and job j will not fit before s1; and (b) p;1 > pj1, in which case job
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M2

Interchange of i and j

Figure 6-4: The permutation of jobs 1 and j.
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j will fit before s; leaving idle time before s;. Job i replacing j will take longer on the
first machine, and p;; > p;j1 > pjo (the last inequality by virtue of j € S), whence the
completion of job 7 on the second machine can only be delayed, which can only delay the

makespan. Finally,
(3) if 4 S SQ and j < SQ, with Di,2 Z Pj2 (by JO>7

in which case again job i replacing j will take longer on both the first machine (by
(6.2)) and on the second machine, which would delay its completion and thus delay the
makespan. Hence if we permute the two jobs we can only delay the completion time of
the set A and consequently increase the the makespan, which contradicts its improved
performance.

The problem arises when Zie i Pii < 81 because then one is never sure if another

arrangement would not yield a better makespan.

6.3.2 A Dynamic Programming Model (F2|nr-a(M1)|Cmax)

It is easy to determine the maximal number of jobs that “fit” in the interval [0, s] :
Simply order the jobs in non-decreasing order of p; ; and select the first ny jobs for which
Sotipia < s but Z:L:lirl pia > s1. Then we know that no more than n; jobs can be
processed on the first machine before the gap. The issue now becomes: which jobs?
This may be answered in one of two ways. (It is this determination that gives this
problem its NP-hardness character.) One may solve a knapsack problem and enumerate
all its alternate optima, or one enumerates all subsets of cardinality < n, and there are
(TD + (Z) T (:) < 2" — Zfﬁ;l (:f) The inequality is because if nqy > n/2 then we
switch to consider the jobs allocated to the set A.

Consider a subset of & jobs, k& < ny that are to be scheduled before the gap. Denote the

subset by Ny, (B), and denote their processing time on the first machine by P (N (B)) .
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That is,
Py (N (B)) = Z Pi1-

i€ Ng(B)
Note that if Py (Vi (B)) > s1 then this subset of jobs is deleted since it is not eligible
as candidate. This implies that we may end up evaluating fewer subsets than the upper
bound given above. For the remainder of this discussion we assume that attention is
limited to subsets with Py (Vi (B)) < s7. Clearly, if the jobs in Ny (B) are the only jobs
executed before the gap, then the remaining jobs, denoted by Ny (A) = N — Nj, (B) must

start after the gap since

N = N, (B) + Ny (A).

By Lemma 15 there exists a minimal makespan schedule such that the jobs in Ny (B)
are ordered in JO and the jobs in N, (A) are also ordered in JO. Denote the makespan
as shown above by such ordering of the jobs by Chx (Vi (B)) . Clearly Chax (Vi (B)) is
an upper bound (u.b.) on the value of the optimum, since it is a feasible schedule. Let
Ci1 (Ng (B)) denote the completion time of job i on the first machine in subset Ny, (B);
and define C; 9 (Vg (B)) similarly on the second machine. Denote the completion time
of the jobs in N, (B) on the second machine by Cy (N, (B))!. Identify the first job after
the gap generically by j,. Its start time on the first machine is #;. Denote its start time
on the second machine by s; o > ¢ + pj,1. The notation is explained in Fig.6-5. In
the figure there is only one line representing the first machine, but there are two lines
representing the second machine, depending on the completion time of the jobs in Ny (B)
on the second machine relative to the completion time of job j, on the first machine. The
first line of the second machine depicts the case in which s;, 9 = ¢; + pj, 1. The second

line depicts the case in which s;, o is strictly > ¢; + p;_ 1.

Suppose that the set N, (B) is augmented by job h which is currently in the set

YThus Cy (N (B)) = Ca; (N (B)) where [ is the last job in the set B.
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Figure 6-5: Two cases of completion time of set Ny, (B) on the second machine.
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Ni; (A) so that we now have the set
N (B) = Ny (B)U {h)

that is supposed to be processed before s;. Job h is accepted as an augmentation to
Ny (B) if Py (Ngy1(B)) < sq; otherwise it is rejected. The issue is to relate the minimal
makespan Cpay (Nyi1 (B)) to the old makespan C.. (N (B)); which would enable us
to write the DP extremal equation. (Recall that to achieve the minimal makespan under
Nj; (B) for any k > 2 the jobs in Ny, (B) must be ordered in JO, and so are the jobs in
N (4))

Denote the job immediately preceding job h in Ny, (A) generically by h—1, and denote
the job immediately succeeding it in N, (A) generically by h + 1. It is easy to deduce
that if N, (B) is augmented by job h which is currently in the set Ny (A) then the gain

in the makespan, if any, is given by
v = sp41,2 (Vi (A)) — max {Cp_11 (Ni (A)) + Pri11, Caorp (Ni (A)) )
Let f (Nj (B)) denote the minimal makespan under set N, (B). Let
Ni-1(B) = Ny (B) — {h}.
Then the DP extremal equation is given by

JNeB) = min {7 (N (B) -}

he Ny (B)

Iteration is initiated at k = 1 (i.e., subsets containing exactly a single job, j) for which
the makespan is determined following JO for the jobs in N —{j}. Iteration is terminated

when all subsets of size n; have been considered. The unconditional optimum is secured
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as

min {f (Ni (B))} - (6.3)

k=1

The time complexity of this procedure is O (2™ + nlogn).

The advantage of this model over others is that it is independent of the processing
times {p;;}, j = 1,2. Therefore, if n = 50, and n; = 5, this model is of complexity
O (2° + 50 x log50) =~ O (120), which is ~ 10'® times smaller than the complexity of
Lee’s model (O(n x s1 X (3(pi1 + pi2)?) X Pmax1)) [9] for the same size problem when

the average processing time is 50 on either machine.

Example 18 Consider the following set of jobs.

Jobi|| 1 2 8 4 5 6

Pi2 - 1 7 3 3 1 5
s1=9 and g = 3.

JR would yield the sequence: 6,2,3,4,1,5 with makespan equal to 45. It is easy to deduce
ny = 2. We give in the following table the dynamic programming iterations. The set
of jobs which can be inserted before the gap is {1,2,4,6}. Observe that we enumerated
only (‘11) + (;1) =10 (< 2% = 64) subsets, and evaluated the makespan for only 8 subsets

because two were infeasible.

Stage | Set B in JO | Set A in JO | Chax
1 {1} {6,2,3,4,5} | 47
{2} {6,3,4,1,5} | 43

{4} {6,2,3,1,5} | 45

{6} {2,3,4,1,5} | 45

2 {2,1} {6,3,4,5} 41
{4,1} {6,2,3,5} 43

{6,1} {2,3,4,5} 43

{6,4} {2,3,1,5} 41

94



The makespan given by dynamic programming procedure is 41 and the oplimal sequences

are 2,1,6,3,4,5 or 6,4,2,1,3,5.

6.3.3 A Combinatorial Approach (F2|nr-a(M1)|Cmax)

This approach may be viewed as a “shortcut” for the DP formalism discussed above.
Observe that once the set Ny, (B) has been defined its optimal sequence is known, so is
the optimal sequence of the complementary set N (A). There is no need for optimiza-
tion!. The makespan is easily determined, and it is retained as the “best in hand” if it is
smaller than the last best in hand, else it is discarded.

A pertinent observation in this regard is that we are interested in “packing” as many
jobs as possible before the time s, whence enumeration of subsets should start from the
largest to the smallest. The superposition of simple elimination rule due to dominance

(as in the branch-and-bound approach) should speed up the calculations.

Example 19 Consider the pervious example. We knew that ny = 2 and that the set of
jobs which can be in B is {1,2,4,6}. Therefore we start with subsets of cardinality 2.
{2,1} | feasible | Cpax =41
{4,1} | feasible | Chax =43
{6,1} | feasible | Chax =43
{4,2} | infeasible X
{6,2} | infeasible X

{6,4} | feasible | Cpax =41
Hence the optimal solution given by this approach is the sequence 2,1,6,3,4,5 or 6,4,2,1,3,5

with makespan equal to 41, as secured above.

6.3.4 Johnson’s Rule As Heuristic (F2|r-a(IM1)|Cmax)

Recall that application of JR in the absence of a gap (case () ) is indeed optimal, C¥,_(() =
Cx . (0); easily secured in nlog(n) time. Interestingly enough, JR need not be optimal

max

95



in the case of problem F2|r — a(M1)|Cmaz. The following example illustrates this

contention.

Example 20 There are four jobs with the gap at sy = 3.5, of duration g = 1.9, And with

the following processing times:
Jobi| 1 2 3 4

pia || 1 11 1.2 14

Di2 1.2 1.3 1.4 3.0
JR would yield the sequence as gwen: 1,2,3,4, with makespan equal to 9.6. Yel the

optimal sequence is 1,4,2,3 for a minimal makespan of only 8. The start and completion

times of the jobs on the two m/c’s are shown in the following table;

Jobi| 1 2 38 4 Jobi| 1 4 2 38
JO:| sii | 0 1.0 21 33| Opt.:| s1 || 0 1 28 54
cho| 1.0 21 33 66 x| 1.0 24 54 66
Sia | 1.0 2.2 35 6.6 Sia | 1.0 24 54 6.6
cho| 22 25 49 96 Cr, | 22 54 67 8

Therefore JR is considered as a heuristic, denoted by H. Its wepb is denoted by r(H),

with L
r(H) = %, (6.4)

where the bar on the C indicates that it is the worst case (maximal).

It should be evident that if the gap 57 < min; {p;,} then JR is optimal. Henceforth

we shall assume that

S1 > mjn {pi,l} > 0. (65)

We are still concerned with the wepb for the two machines flow shop with a fized gap on

the first machine of duration g, finite and known a priori. The makespan in the presence
of the gap shall be denoted by co), (G), and in its absence by cl) @); p=“H” or

“*7_ We label the job that, in the case of the stop resume mode, would have started on
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the first machine before the gap and completed after it as the “straddling job”. Denote
by Ji the set of jobs that precede the straddling job, and by Jy the complement of J;.
Let

Pmax,1 = miaX {pi,l} y  Pmin,1 = miin {pi,l} (6.6)

and define ppyax 2 and Py, o similarly on the second machine. We also define

P = Zpi,la Py = me- (6-7>

We state two obvious inequalities,

pmax,l < Cgax (@) . (68)
C;;ax (G) Z max {Pl + g + Pmin,2; P2 + pmin,l} (69)
Z max {pma.x,l + g + Pmin,2; Pmax,2 + Pmin,1 + pmin,Q} (61())

Lemma 21 For problem F2|r — a(M1)|Cmaz,
Cﬁax (G) S Cgax (Q)) + g- (61]‘>

Proof. Denote the last job that completes on the first machine at or before time s;
by b, and write its completion times as Cj 5 (-) for simplicity. Denote the job immediately
preceding it on the first machine by b — 1 (with the understanding that it is the null job
if b is the first job) and denote the job immediately following it by b4 1. There are two

cases to consider:

1. Case 1:
CH(G) > i1 (G)
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then the presence of the gap will have no impact whatsoever on the makespan and

Crnax (G) = Cia (0) = €L (G) -

max max

2. Case 2:
Cyy (G) < Gl (G)

then the delay in the makespan is at most g.

Evidently,

max

cr (G >CE (). (6.12)

The following two propositions establish 2 as the bound on the error committed when

using JR.

Proposition 22 For problem F2|r — a(M1)|Cmaz, and under the assumption that g <
Cgax (Q)) ?

(r(H) |g < CE ) =1+ ﬁ@) <2. (6.13)

Proof. Follows immediately from Lemma 21 and inequality (6.12),

(r(H)] 9= Cru () <

IN
=
&

RGN

2 (by hypothesis).

IN

To prove that the bound is tight, consider the following instance. There are 2 jobs with

processing times as follows;

Job i Pii1 DPig2

1 1 1

2 2 8
81:27923

If the jobs are processed according to JR they shall be processed in the order 1,2 and the
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makespan is CH _(G) = 14. However, the optimal sequence is 2,1 and the makespan is

max

C# .. (G) = 11. In the absence of the gap the JR sequence is optimal with C#__ () = 11.

max

Then

14
H)=—.
r(H) =13
While the bound is
g 3 14
1 14 =2 ==
T T T

which demonstrates its tightness.
We now determine the bound in case the duration of the gap is larger than the optimal
makespan in absence of a gap. Let

A=g-—CHZ (0)>o0. (6.14)

max

Proposition 23 For problem F2|r — a(M1)|C'maz, and under the assumption that g >
Cgax (Q)) ?

. 208 (0)+ A
(M) 192 Cone ) = Gt 4 Ase < 2

where € = Py + Pmin2, and Py, pumin1 as defined in (6.6) and (6.7).

Proof. It is easy to see that
Pl + g +pmin,2 S C;mx (G) S Cﬁax (Q)) + g.

Then we have that

2C0H  (0) + A
P+ g+ Pming2
2CH (0) + A

<
- CH D)+ A+e

(r(H) 19 > Crax ()
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with the second inequality justified by (6.14).
To demonstrate the tightness of this bound, consider the following instance. There are

two jobs with processing times as follows:

Job 1 Pi1 Pi2

1 1 1

2 1.05 7
s1 =1.05, g =9.05

It is easy to verify that JR may yield the sequence 1,2 for a makespan CH _(() = 9.05,

max

whence /A = 0.9.We also have P; = 2.05; and ¢ = 3.05. The JR would sequence the jobs

in the order 1,2 which result in C'

max

in order 2,1 to yield Cf,. (G) = 13.0, whence r(H) = 13. The bound is % =

(G) = 19, while the optimum is to sequence the jobs

19

13> Which demonstrates its tightness.

We can conclude that in a Resumable case and under applicable cases (the duration
of the gap is a small fraction of the optimal makespan in the absence of a gap), the
bound given in this chapter can give tighter bounds. Hence in this case the bound can

be denoted by the function 1 4 € such as 0 < e << 1.

6.3.5 Johnson’s Rule As Heuristic F2|nr — a(M1)|Cmax

The following lemma asserts that the makespan under JR in the presence of a gap on the
first is no larger than the makespan under JR in the absence of the gap plus the duration
of the gap plus the difference between the start of gap and the completion time of the
last job finished before the gap under JR.

Let 0 denote this difference,

5281—051(G).

where b denotes the last job that completes on the first machine at or before time s;.
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Lemma 24

CH ()< CH _(0)+g+0. (6.15)

Proof. Denote the completion time of job b on the first machine by lel (G). Denote
the job immediately preceding it on the first machine by b — 1 (with the understanding
that it is null if b is the first job) and denote the job immediately following it by b + 1.

There are two cases:

1. Case 1:
CH(G) > i1 (@),

then the presence of the gap will have no impact whatsoever on the makespan and
2. Case 2:
CH (@) < Gl (@),

then the delay in the makespan is at most g + 9.
The following proposition establishes bounds on the error committed when using JR
under the assumption that the sum g + ¢ is no longer than the makespan in the absence

of the gap.

Proposition 25 (r(H) |g+6 < CE_(0)) =1+ gto o

max Crax(®) —

Proof. Follows immediately from Lemma 24 and inequality (?7),

c @) +g+0o
(] g+a< @) < 2Bl
cl @) +g+0o

= Ton )
B g+9
RSN

2 (by hypothesis).

IN

To prove that the bound is tight, consider the following instance. There are 2 jobs with
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processing times as follows;

Job 1 Pia1  Pi2

1 1 1
2 2 8
81:27923

If the jobs are processed according to JR they may be processed in the order 1,2 and the

makespan is CH _(G) = 15. However, the optimal sequence is 2,1 and the makespan is

max

Cr . (G) = 11. In the absence of the gap the JR sequence is optimal with C¥ () = 11,

max

Then, r (H) = % With 6 = 1, we have the bound equal to 1 + % =1+ % = %,

which demonstrates its tightness.

We consider the two examples 26 and 27 given bellow. The first example illustrates
the cases when the duration of the gap is more than the makespan in the absence of a
gap (g > C_(0)). However the second example illustrates the case when the duration
of the gap is a small fraction of the optimal makespan in the absence of a gap (g <<
CH (D). We can conclude that also in Non-Resumable case and under applicable cases
(the duration of the gap is a small fraction of the optimal makespan in the absence of a

gap), the bound given in this chapter can give tighter bounds. The bound can be denoted

by the function 1 4 € such as 0 < e << 1.

Example 26 Consider the 6 jobs with the following data:

Jobi||1 2 838 4 5 6

Pia - 2 4 5 8 9 11
pip: |7 5 8 1 6 8

The gap starts at sy = 10 and terminales at t| = 51, whence g = 41; and Py = 39. The
JO is 1,2,6,5,3,4 with makespan C__(() = 40. Therefore

max

11
r(H) =1+ =1275.
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For this example,

max
and
C *

max

(G) = 85,
whence JO is optimal!

Example 27 Consider the 15 jobs with the following data:

Jobi|| 1 2 3 4 &6 6 7 8 9 10 11 12 13 14 15

pi: |6 4 5 4 6 5 6 6 2 5 4 6 5 4 4
pu: |4 7 18 4 856 76 2 7 6 3 2

The gap starts at sy = 25 and terminates at t; = 28; whence g = 3.

9,2,10,18,12,8,7,5,1,6,4,14,11,15,3 with makespan C2_(0) = 73. We have,

25
r(H) =1+ =1342

The JO 1is

Therefore we can assert that the JO is within 34.2% from the optimum. After resolving

the problem with dynamic programming (or the combinatorial approach), the optimal

solution is the sequence 2,1,5,4,6,10,13,128,7,14,11,15,3 with C7 .. = 76. The makespan

giwen by JO is CH_(G) =79. Then,

r(H) = % =1.039,

which is well within the bound of 34.2% of the optimum.
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Figure 6-6: Idle times due to the sequence and the gap.

6.4 The Gap on The Second Machine

6.4.1 Optimality Conditions For The Johnson Order (F2|r,nr-
a(M2)|Cax)

We first illustrate in the Figure6-6 the two kinds of idle time and after we give some

optimality conditions of Johnson’s rule if the gap is on the second machine.

Proposition 28 If the idle time due to the gap in Johnson’s order is equal to zero then
it is optimal.

Proof. The makespan under any sequence o is given by

104



Cmax(o-) = me + Z [seq + [gap + g (616>

in which ) Isq s the sum of idle time on m/c2 due to the sequence of jobs, and I,,, the
tdle time due to the gap. Therefore in order to minimize the makespan one should find
the sequence thal minimizes the two of kinds of idle time. Now if the sum I, = 0 and

since JO minimizes the sum of idle time ) Iq then it is the optimal sequence.

Example 29 This example (see Figure6-7) illustrates the case when there exists a job b
started on the first machine before the gap and finished after the gap (i.e Cpq1 > t9) and
Cha = Spo. In this case the idle time due to the gap denoted by 1,4, is equal to zero hence

the Johnson’s Order is the optimal solution.

Example 30 The example of the Figure6-8 focuses on the case when there exists a job
b such that Cy1 = sy and sp 9 = to. In this case also l,,, = 0 then Johnson’s Order is the

optimal solution.

Example 31 When there exists a job b such that Cyo = sy and sp119 = ta (b+1 indicates
here the job sequenced after the job b), Johnson's Order is the optimal solution. This case

18 tllustrated by the Figure6-9.

6.4.2 A Combinatorial Approach (F2|r,nr-a(M2)|Cmax)

The lower bound on the makepsan if the gap is on the second machine (Lb.) is secured

as

lb = max {Pl —|— mjn {pQ,i} 5 P2 —|— mjn {pl,i} —|— g, } . (617)

And the upper bound (u.b.) may be secured by applying any heuristic (such as JR). Let
T denote the Hypothesized makespan; then

.. <T < u.b.
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Figure 6-7: The first condition.
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Figure 6-8: The second condition.
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Figure 6-9: The third condition.
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In this approach one may proceed by enumerating over the feasible values of 1. Better
still, one may use dichotomous search between the lower bound (1.b) and the upper bound
(u.b) to pinpoint the smallest T" for which a feasible schedule can be obtained by solving
at each time the following knapsack problem. This determines the optimal makespan
and the optimal sequence.

At the iteration 7 of the dichotomous search, the knapsack problem can be written

as:

max z = g T

i€A
s.t. me X xy <15 — 1y
i€ A

T, is the makespan at the iteration r in the dichotomous search.

Example 32 Consider 5 jobs with the following data:

Jobi|1 2 8 4 5

Pia - 1 3 9 10 5

Pi2 - 6 8 7 4 2
Sy =13 and g = 3.

The lower bound on makespan 1.b. = max {28 42,27+ 1} = 30. The upper bound is
derived from the schedule that results from using JR : u.b. = 37. Suppose we use dichoto-

mous search,

Finish at 33 Sum Py(A) <33 —16 =17

Solving the knapsack problem:

max 2z = g T

s.t. 6x1 + 8xg + Txs + 4xy + 225 < 17
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yields the resull z* = 3 with the alternale oplima:

X" = {gi=1=a}=21}}
X = {gi=1=a5=2a}}
X = {gi=1=a5=1}}
X* = {ai=1=u}=a})
X = {ah=1=uz}=1a}}
X = {gy=1=a}=2a}}

X™ = {gy=1=a,=1a}}.

It is easy to verify that XY, X?* are infeasible because their corresponding completion

time on m/c2 is > sy. X** is feasible:

A=1{1,3,4}: feasible; B =1{2,5}: pia+poatpas=13=5

The corresponding Gantt chart may be constructed from the following table:

Job || start on m/c1 end on m/cl start on m/c2 end on m/c2
2 0 3 3 11
5 3 8 11 13
1 8 9 16 22
3 9 18 22 29
4 18 24 29 99

We forfeit analyzing the other solutions because we know that the new u.b. is 33. The
search space narrows down to the interval [30,32| . Is 32 feasible? We solve the knapsack

problem:
max 2z = Z T
s.t. 6x1 + 8xy + Tx3 +4z4 + 225 < 16
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which has z* = 3 and the allernative optima:

X" = {ai=1l=a5 =213}

2% * T R 1
X" = {ai=1=za=uz
3x * ok ok
X {zi=1=z,==2
- 1 - ¥4 7 5
X" = {gf=1=a =2z
- 2 - ¥4 7 %5

)(5* _ {*_ ok %
- Ly = =Ty = Ty

We have already established that X'* and X?* are infeasible. It is easy to verify that
X3 X* and X5 are also infeasible. Therefore the optimal sequence is 2,5,1,3,4 with

makespan C* = 33.

max

The time complexity of this procedure is O (n x (ub — Ib) x (ub — t3)) . If we compare
the time of this procedure with the time of Lee’s model (O(n x so X (O (pi1 + p¢,2)2) X
Pmax,2)) [10] applying to this example we can conclude that our procedure’s complexity

is 102 less than the complexity of Lee’s model.

6.4.3 Johnson’s Rule As Heuristic F2|r-a(M2)|Cmax

It should be evident that if the gap occurs earlier than the minimal processing time on

the first machine; i.e., if

S9 < miin {pi1}

then JR is optimal. Henceforth we shall assume that
S9 > mjn {pi,l} . (618)

The following lemma asserts that the makespan under JR in the presence of a gap
on the second machine is no larger than the makespan under JR in the absence of the

gap plus the duration of the gap plus the maximum of the processing times on the first
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machine.

Lemma 33

CH (G < CE (0)+g. (6.19)

Proof. Denote the last job that completes on the first machine at or before time sy by
iy, and we write its completion times as Cj, () for simplicity. Denote the job immediately
preceding it on the first machine shall be denoted by 4, 1 (with the understanding that it is
the null job if b = 1), and denote the job immediately following it by ;1. The latter either
straddles the gap (it completes on the first machine at or after time s, + g; i.e. ;Clﬁl,l >
Sy + g), or it completes processing on the first machine before the end of gap on the
second machine; sy < C’blim < 89 + g. There are three cases:

1. Case 1:
(maX {lel) 0151,2} + Dpo < 32) N (Czﬁm > s+ 9)

then the presence of the gap will have no impact whatsoever on the makespan and
Cgax(G) = Cgax (Q)) °
2. Case 2:

(max {le,{b CIELQ} +pb,2 < 82) M (82 < Cblil,l < 59+ g)

then job i, + 1 will start processing on the second machine immediately following the
gap, and the delay in the makespan is at most g.
3. Case 3:

H  ~H
max {Cb,la bel,Q} + Po2 > 52,

then job b will start processing on the second machine immediately following the gap,
and the delay in the makespan is at most g.
Hence CH_(G) would be delayed by at most g as was to be shown. =

max

The following inequality is obvious

cr (G >CE (). (6.20)

max
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The following propositions establishes bounds on the error committed when using JR
under the assumption that the gap is of duration no longer than the half of makespan in

the absence of the gap.

Proposition 34 <7"(H) lg < CH2 ((D)) =1+ CH#(@ <3,

max

Proof. Follows immediately from Lemma 33 and inequality (6.20),

(v 1y < GO < G

I ()
. g
RGN

3

2

IN

The next proposition establishes a bound when the gap occurrs ‘late’; in particular
when s, is no less than the larger of one half the makespan in the absence of a gap and

the duration of the gap.

Proposition 35 (a) If CZ_(0) /2 < sy < g.then v (H) =1+ cHSiQ((a) < g
) If s, > max{g, CL_(0)/2Vthen r(H) = Cu=ts -

to —

N oo

Proof.

(a) By Lee’s lemma [9]

Crax (G) + 53 > CL_(G)
We have that
Crax (G) + 52
(r(H) /] CEL(0)/2<s,<g) < ~C Q)
S9 3
_ 1 < _
o ) =2
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(b)By hypothesis,
lo =53+ g > 2g.

It is easy to see that

(r (1) fs2 2 max {9, Oty ()}) < —o S

IN

6.5 Conclusion

We have studied the “resumable” and the “non-resumable” modes of the two machine
flow shop problem with an availability constraint period (a gap) fixed either on the first
machine or on the second machine, with the view of establishing improved optimization
procedures and evaluating the performance of Johnson’s Rule. We have focused on
Johnson’s Rule because of its simplicity and its common knowledge. We have specified
the conditions under which Johnson’s Rule gives the optimum if the gap is either on the
first machine or on the second machine. We have proposed a dynamic program if the gap
is on the first machine, and a combinatorial approach if the gap is on the second machine
which are for some instances of the problem more efficient than currently available models,
albeit still computationally demanding if the number of jobs is large and the gap occurs
near the middle of the optimal sequence in the absence of the gap. We have demonstrated
that under “normal” conditions (the duration of the gap is a small fraction of the optimal
makespan in the absence of a gap) Johnson’s Rule can give tighter bounds which are more
better than the value of 2. One of our future research shall be directed towards the study
of more general configurations of machine unavailability, such as more than one gap on

either machine or gaps on both machines.
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Chapter 7

SCHEDULING TWO STAGE
HYBRID FLOW SHOP WITH
AVAILABILITY CONSTRAINTS

7.1 Introduction

In this chapter we investigate the two-stage hybrid flow shop scheduling problem (see
Figure7-1) with only one machine on the first stage and m identical machines on the
second stage to minimize the makespan. At any time, every job can be processed by at
most one machine and every machine can process at most one job. Jobs can wait between
the two stages in unlimited storage. We assume that each machine is subject to at most
one unavailability period. The start time and the end time of each period are known in
advance (deterministic case) and only the non-resumable case is studied. This problem
will be denoted as F2(P)|(my = 1,my = m),nr — a|Cpax.

The chapter is organized as follows: Section 7.3 discusses the complexity of the
problem. The purpose of section 7.5 is to formulate a branch and bound algorithm to
minimize the makespan in nonresumable case. This problem is reduced to two steps of

taking decisions, the first is how to sequence jobs on the first stage and the second is how
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Figure 7-1: The two stage hybrid flow shop.
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to assign jobs to machines on the second stage. Furthermore even if jobs are assigned to
machines on the second stage, jobs should be started as early as possible in the optimal
solution. Finally in the section 7.6 we calculate the error bounds of the LIST algorithm,
LPT algorithm and H heuristic proposed by Lee [15] for the hybrid flow shop problem

without availability constraints.

7.2 Notations

We adopt the following notations.
Ji Jobii=1, ... n.
M; :  Machine j on the second stage, 7 =1,...,m.
pin s Processing time of J; on the first stage.

pia:  Processing time of J; on the second stage.

MS1: The sum of processing time on the first stage (Z Di1)-
i=1

MS2: The sum of processing time on the second stage (Z Di2)-
i=1

C;1:  The completion time of J; on the first stage.
Ci9:  The completion time of J; on the second stage.
Cmax :  The makespan.
s1:  The start time of the gap on machine in the first stage.
tq: The finish time of the gap on machine in the first stage.
sj2:  The start time of the gap on M; in the second stage.
tjo:  The finish time of the gap on M; in the second stage.

7.3 Complexity Analysis

The only variant of the flow shop problem solved in polynomial time is the two machine
flow shop F2| .| Cpax (see Johnson[10]). The problem F3| .| Cpax is NP-hard in the
strong sense (see Gary[6]). The problem F2(P)| .| Cpax is NP-hard in the strong sense
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even if there is only one machine on the first stage and two machines on the second stage
(see Hoogveen[9]).

Thus this proposition stands obviously.

Proposition 36 The problem F2(P)|(m; = 1,my = m),nr — a|Cpax i NP-hard in the

strong sense.

Lee(see Lee[12]) studies the problem Pm| |Cpay in which each machine has at most

one gap and shows that if there is no machine which is always available then %’%f’? can

max

be arbitrarily large even for the two machine problem. This implies that no polynomial
approximation scheme exists unless P = NP. We can show this result for the two stage

hybrid flow shop problem even if we consider the same assumption for the second stage.

Proposition 37 No polynomial approximation scheme exists unless P = NP for the
problem F2(P)|(m1 = 1,my = m),nr — a|Cnax even if there is no machine on the second

stage which 1s always available.

Proof. Consider a problem with the following instance:

Job 1 2 3

pin L 2 3 m=28=1t=0,85==30n="7,1l12=1=n.

pi2 3 2 1
The sequence given by LPT is (3,2,1) with CL'T = n + 3. However the optimal
sequence is (1,2,3) or (2,1,3) with C%_ = 7. Hence % = ”—;“3 which can be arbitrarily

large as n approaches infinity. m
Therefore we assume in the following that there is at least one machine at the second

stage which is always available.

7.4 Particularity of This Problem

In the classical hybrid flow shop without availability constraint, if machines on each stage

are identical then we can reduce some enumerations. Let us illustrate this property by a
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Figure 7-2: Without availability constraints.

simple example. We consider a two stage hybrid flow shop with one machine on the first

stage and two machines on the second stage with tree jobs:

Stagel Stage2

J1 2 4
Jo 2 2
Js 2 2

We can see in the figure bellow (see Figure 7-2) that the two configurations (i.e. J;
and J3 on the first machine and .J3 on the second machine on the second stage or the
inverse) are similar because the makespan stills unchanged which is equal to 8:

Now we will see that it is not generally the case if we take on consideration the

unavailability constraint. Let us illustrate this particularity by the previous instance but
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Configuration 2 10

Figure 7-3: With availability constraints.

this time we consider that the second machine on the second stage is subject to one gap
(see Figure 7-3) such that s, =6 and ty5 = 8.

The two makespans on the two configurations are different, then we should enumerate
the two possibilities. In this case machines are identical on term of the speed and the
capacity but not on term of the availability. Thus the total number of all feasible schedules
will be n!m™ such that n is the number of jobs and m is the number of machines on the

second stage.
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7.5 Branch and Bound Algorithm

To solve the k — stage hybrid flow shop scheduling problems, the only exact method
used is a branch and bound of Brah and Hunsucker (see Brah[4]). In this chapter we use
their concept of this approach to resolve the two stage hybrid flow shop with availability
constraints such that there is only one machine on the first stage and m machines on the
second stage. The branch and bound algorithm consists of three steps: the calculation

of bounds, the branching procedure and node elimination.

7.5.1 Determination of lower bounds

We will use the same Brah and Hunssucker’s approach to calculate a lower bound for the
branch and bound. Thus our contribution is to update their bounds by integrating the

availability constraints to calculations in order to have tight bounds.

Completion times

Before starting we introduce this notation needed to formulate the equations:

N : A subset of all jobs

S A subset of some jobs such that S C N
S A subset of all jobs on S and an other job J,
such that J, ¢ S (8" =SU{J,})
o1(5) : The partial schedule of the subset jobs S on the first stage
a(5) : The partial schedule of the subset jobs S on the second stage

01(5)) : The completion time of the partial schedule 01(S) on the first stage
(02(S)) :  The completion time of the partial schedule o4(5)

on machine M; (j =1,...,m) on the second stage
Thus the partial schedule 0, (S") (k = 1,2) is obtained by adding the job .J, to the

partial schedule 0 (5). The makespan can be expressed as:

Chax = max Cj(g2(N)) (7.1)

1<j<m
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Now we give the equations involving the completion times on the first stage and on every

machine on the second stage:

, 1+ Py it (Co(o1(9)) < s1 < Co(01(5)) + pg1)

Co(o1(5)) =

Co(o1(S) + pg1  otherwise

(7.2)
)
Ci(o2(9)) if J, is not assigned to M,
fin+ it (Maz(Cy(oo(S)) . Color(S) < s,

O (oa(S) = g2t pge i (Maz(Ci(o2(5)) , Co(01(5"))) < sj9

< Maz(Cj(a2(5)) ; Co(01(5"))) + Py otherwise
Maz(Ci(o9(S)) , Co(o1(5"))) + pg2 otherwise

(7.3

Machine based bounds

We use the unprocessed work load at the any of the two stages to give a lower bound for
minimizing the makespan at that stage. For any given partial schedule o1(5’) we denote

the maximum completion time for this partial schedule on the first stage by:
MCT(01(S5")) = Co(o1(S")) (7.4)

And the average completion time and processing requirement for this partial schedule on

the first stage by:
ACT(O’l(S/)) = 00(0'1(5/)) + Z Pi (75)

1eEN-S'

For the second stage, the two amounts will be expressed as:

MCT(o3(5)) = %gg(@(@(s’))) (7.6)
D Cilaa(S) Y pis
ACT(0q(8")) = = — + == (7.7)
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For the problem studied in this chapter, we have only one machine on the first stage,
then the following relation is always verified as we can conclude from the two equations
7.4 and 7.5:

MCT(01(5") < ACT(01(5")) (7.8)

Then the machine based lower bound for the branching node for the first stage can be

given as:

,
ACT(on($)) +  Min {pia} it

LBM[o1(5)] = { (Co(a1(57) > t1) V (Co(an(S)) + D pin) < 51) (7.9)

ieN-S5'
ACT(O'l(S/)) + (tl — 81) + Emin + ]%Z’l’é {pi’Q} otherwise
ieN-8' J

\

The amount e, is given at each node by resolving the knapsack problem:

Max (Y = Z Zi X Pin)

ieEN-5'

Such that : Cp(01(5") +Y < s
1 if J; is assigned before the gap

Xy =
0 otherwise

Then

*
Emin = S1 -Y

The complexity of the calculations at each node can be at most O(card(N — 5") x (s; —
Co(01(5")))). Thus it is a compromise to find between the time of calculations and the
quality of bounds.

For the second stage the lower bound for the branching node is:

LBM|[o5(S")] = Maz(MCT(05(S")), ACT(05(S))) (7.10)
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The effect of the availability constraint is introduced in the calculations of Cj(02(5")).

Job based bounds

The calculations for a job based bound focuses on the remaining processing required of
each unscheduled job at each stage k (kK = 1,2). The job based bound for a hybrid flow
shop can not be strong since there are alternate routes for the other jobs on the set which
is not the case in the classical flow shop. It is easy to see that the job based lower bound

on the first stage is given by:
LBJ[1(S")] = Co(a1(S") + ié%‘f@, {pi1 + pia} (7.11)
And the job lower bound on the second stage is given by:

LBJ[oy(5")] = ]\4jz’n(0j(02(5’))) + Maz {p;2} (7.12)

iEN- S
Thus the composite lower bound for the two stage hybrid flow shop with availability

constraints for the branching node at stage k(k = 1,2) is as follows:

LBC[ow(S")] = Maz {LBM|o(S")], LBJ|o(S")]} (7.13)

7.5.2 The branching strategy

Since we take on consideration the availability constraints on machines, we propose a
new branching strategy for the two stage hybrid flow shop problem which is different of
the branching approach proposed by Brah and Hunssucker. Thus on the first stage the
decision activity is the sequence of jobs and on the second stage is the assignment of jobs
to a specific machine j among m parallel machines. The branching procedure will be

presented by a tree. Two types of nodes will be used:

e The first following node (see Figure 7-4) means that the job J; is sequenced on the
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Figure 7-4: The square node.

Figure 7-5: The circle node.

position 7 on the first stage.

e The second following node (see Figure 7-5) means that the job J; is affected to

machine M; on the second stage.

In order to develop the algorithm of this branching strategy we give the necessary

rules to follow:
1. The first level after the dummy node concerns a sequencing decision.

2. On the branching tree we use two types of levels. The first one is the level of
sequencing decision and the second one is the level of assignment decision. Thus
we use the notation L.; to distinguish each level. If the nodes concern the first
stage (i.e sequencing decision) d = 1. However if the nodes concern the second
stage (i.e assignment decision) d = 2. The number of the level in the branching

tree if d = 1 or d = 2 is indicated by e such that 1 <e < n.

3. At every time a sequencing decision is followed by an assignment decision, that
means that we can not find a path in the branching tree with two successive nodes

of the same kind of decision (i.e sequencing or assignment).

4. The number of nodes at the level L, is at most equal to n — e+ 1, and at the level

Leo 1s at most equal to m.
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5. No path can be considered as a feasible solution if the number of square nodes or

circle nodes is less than the number of jobs n.
Adding to the decision taken, each node is represented by these three elements:

e The partial schedule o1(5”) for the square nodes and 04(5’) for the circle nodes

such that S’ is the subset of jobs.
e The adding job g after each decision. It is the left number on each node.

e The composite lower bound LBC|o,(5")] (k= 1,2).

Example 38 1o illustrate this example we consider this example of two stage hybrid flow
shop with one machine on the first stage and two machines on the second stage. Three

jobs have to be scheduled to minimize the makepsan.
Jobi|| 1 2 3

Pi1 - 1 2 8

Pi2 - 10 4 5
(81 =2 andt1 = 5), (81’1 =8 andtlyl = 14)

the Figure7-6 we present the search tree of the branch and bound algorithm described above
applied to this instance, with the value of the composite bound for each node. According
to the next section the makespan given by the heuristic H is equal to 18. Hence we can
take the ub = 18. The branch and bound procedure gives two oplimal solutions with a
makespan equal to 18. In one of these two solutions jobs are sequenced on the first stage
on the order 1,3,2. Job 2 is affected to the first machine on the second stage and jobs 1

and 3 are affected to the second machine.

7.6 Heuristics Worst Case Performance

7.6.1 List scheduling heuristic (LS)

Given an arbitrary order of jobs, assign the job to the machine such that the job can be

finished as early as possible.
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Figure 7-6: The branch and bound search tree.
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Proposition 39 % < 24m, where m is the number of machines on the second stage.

max

Proof. Let us apply separately the list algorithm to n jobs in the first stage according
to {pi1} and in the second stage according to {p;1}. We denote the makespan on the

first stage by C'!  and the makespan on the second stage by C?_ . Cpay will denote the

max

makespan resulted by applying the list algorithm to our problem. It should be clear that:

Crpax < CL +C2 . (7.14)
Cl. < t+MS1. (7.15)
Now we have two cases:
i. C1 < spin this case it is obvious that:
cl. . =MS1<Cx . (7.16)
ii. C1 > s in this case we have:
Crox = h. (7.17)
cro > (ty—s1)+ MST. (7.18)
From Lee et al. (see Lee[12]), we have:
02
% < m. (7.19)

02* —

max

Where C?*_ is the optimal finish time if we schedule jobs on the second stage.

max

We have also:

cr.. > C* (7.20)

max — max
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Using inequalities 7.14 we have:

Cma.x < C}ila.x + C]zlax
Cr o Cx

max

Using 7.15, 7.16, 7.17 and 7.18 we have:

1

C
—E L2 21
Cnas (7.21)

max

From 7.19, 7.20 and 7.21 we have:

.S
Crax _ Cmax

* - *
Cma.x Cma.x

<24m

7.6.2 LPT heuristic

In this heuristic we sort the set of jobs according to the processing time on the first stage

in non-increasing order, then we use list scheduling algorithm.

LPT
Proposition 40 CC’E:A < 245, where m is the number of machines on the second stage.

Proof. Like the previous proof we have here also two cases:

i. Cl < s in this case it is obvious that:

(7.22)

max*

cl =MS1L<C

iil. C1 > s, let us denote the set of jobs before the gap by B and the set of jobs

after the gap by A. In this case we have:

Crax = b+ Zpi,l =51+ (t; —s1) + MS1 — me (7.23)
i€A ieB
< s — me +Cr . because C7 > (t; — s1) + MS1. (7.24)
i€B
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In the first case we have:

Cnax cl. . +C?

< max max
C;;lax - Cﬁla.x
02
< L+
Cma.x

From Lee et al.(see Lee[12]) we have:

? m-+1
max . 7.25
=2 729
Then:
Chax m+1
< 1 —_—
G = TR
m
< 24—
< 2+ 2

In the second case and from 7.23 and 7.25 we have:

Cnax Crox +C2

< max max
C]ilax o Cﬁla.x
_ ; ok
51 gB:p ,1 + max 9
< 7 _|_ max
S1 — sz‘ 1
< e g mAl
- C 2

max

We consider that the first job after the gap, on the first stage in the sequence given
by LPT is in position f , then it is clear that:
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S1 — Zpi’l < Pim (726)

icB
Then we have:
Clinax 1
< Pon g mEl
Chax — Pt + P10 2
According to LPT order we have:
P < P (7.27)
From 7.26 and 7.27 we conclude that:
Clax 1 m+1
< —41 _—
o S gt
< o4
- 2

7.6.3 H heuristic

Lee et al. (see Lee[15]) develop a heuristics based on Johnson algorithm and LBM rule

for the problem of a two stage hybrid flow shop with m; machines on the first stage and

my machines on the second stage (mq, my > 2). They show that gga" <2- % . We will

max

use the same heuristic for our problem which is a particular case on term of the number
of machines on the first stage (m; = 1) and more general case on term of availability

constraints.

LBM rule

Step 1. Set ty ;=T for k=1,...,m.
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Step 2. Let j be the last unscheduled job of S and m a machine with largest
ti.Schedule job 7 on machine £ to finish at time 7.

Step 3. Set t, :==t, —p; and S:= S5 — {j}. If S # @ then goto Step 2 else Stop.

Heuristic H adapted to our problem

Step 1. Apply J A on the first stage tasks with respect to the processing times {((p;1), (ipm)),
i=1,...,n}. Let S be the resulting sequence.

Step 2. Apply the LBM rule on the second stage tasks of the sequence S.

Step 3. On each stage 2 machine k, reorder the tasks assigned to k (during step 3)
according to nonincreasing completion times of the corresponding

stagel tasks. Let S be the resulting order for £ =1, ...,m.

Step 4. On each stage 2 machine m,schedule the tasks in S, in this order, as soon as
possible.

The next lemma will help us to find the error bound of the heuristic H. For this lemma
we introduce an auxiliary problem AP. This problem will be a classic two machine flow
shop with only one gap on the first machine. The processing time on the first machine

of J; is p; 1 and the processing time on the second machine of J; is i Di1-

Example 41 Consider 5 jobs to schedule on two stage hybrid flow shop (F2(P)|(my =
1,me = m),nr — a|Chrax ) with the following data:

Jobi| 1 2 38 4 5

Pia - 1 2 3 4 6

(81 =2 andt1 = 5), (81’1 =8 andtlyl = 14)

sequence given by JR is (1,2,3,4,5). Hence jobs are sequenced in this order on the single
machine of the first stage. Applying LBM rule to the second stage tasks, jobs 2 and 5
should be affected to the first machine on the second stage and jobs 1,3 and 4 to the second
machine. The Gantt chart of this example is given in Figure7-7.
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Figure 7-7: The Gantt chart of an application of H.
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Lemma 42 Let CAL be the makespan resulted by applying JA to the AP. Then we have,

AP < oCH |

max

Proof. TLet us denote S* as the optimal solution of our problem and S the set of
jobs ordered in nondecreasing order of completion times of the stage 1 tasks in S*. And
consider a partial schedule consisting of the first 1 stage 1 tasks of S and the last n-i41
stage 2 tasks of S. Then we have:

Crox = ij,l + - ijg for every 1 <i <n. (7.28)

j=1 j=i
Let us apply the jobs according to the sequence S to the problem AP, then the

makespan resulted C's will be:

i0 1 n
Cs = ij,1 + o ij,Q (7.29)
j=1

J=io
Where J;, is the last job whose start on stage 2 exactly at its finish time on the first
stage.
Then from 7.28 and 7.29 we have Cy < C* . According to Lee([11]), for the flow
shop scheduling problem with only one gap on the first machine in semiresumable case
(The error bound of JA is 2) we have:

CAP

2 < (<G L (7.30)

max

Where C* is the optimal solution of the problem AP. Then from 7.30 we have C4AI <
207 - ™

H
Proposition 43 % <4- %, where m 1s the number of machines on the second stage.

max

Proof. Let us those notations:
—A;: denotes the set of jobs whose are processed after the gap on the first stage.

— Bjy: denotes the set of jobs whose are processed before the gap on the first stage.
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—Ay: denotes the set of jobs whose are processed after any gap on the second stage.
— Bjy: denotes the set of jobs whose are processed before any gap on the second stage.
The completion time of each .J; on the first stage according to the step 1 can be given

by:

o< Z N 0 if J;e€B; (CONDI1) (7:31)
i > DPia :
=1 ’ Pmax,1 + th—s1 i Je Ay (CONDQ)

At step 2 of H, suppose that the LBM rule is applied on the stage 2 tasks with respect
toT = (4 — %)C’;lax Let D; denote the starting time of J; on the second stage upon
completion of step 2. We will show that C; < D, for all 1. Because of using LBM rule in
step 2 we have for all J; :

T— 23 po—mlp, if J€B, (CONDS3)
Jj=i

D; > (7.32)

T—LN po—"tpy—g if JieAd, (CONDA)
j=i

Such that g, is the duration of the gap which is on the machine where J; is processed
(J; is processed after this gap).
In all configurations whose depend on the position of jobs (i.e before or after gaps)

and from 7.31 and 7.32 we have:

0 if CONDI and COND3
Pmax,1 + (t1 — s1) if COND2 and COND3
gi if CONDI and COND4
[ Pmax,1 + (ti —s1) + ¢g; if COND2 and COND4

Note that :
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i 1o * |
ij,l + - ijg < AP <ocr  forevery 1<i<n
Jj=1 J=i
mod < e
m

Pmax1 + (1 —s1) < Cr.. if COND2 and COND3

g < Cr . if CONDI and COND4

Pmax1 + (1 —s1)+¢ < Cr,.. if COND2and COND4

Then
D;—C;>0

Hence C,, can not be more than (4 — L)Cr ..

max

Remark 44 The heuristic H qives better than LPT heuristic if and only if m > 4.

Proof. Suppose that (4 — 1) > 2+ % hence (m —2)* > 2, 1.e, m > V242 then

4
m

m > 4.

7.7 Conclusion

In this chapter we have studied the non-resumable regime of the two stage hybrid flow
shop with one machine on the first stage and m identical machines on the second stage
(m > 1) problem under availability constraints, with the view of establishing improved
optimization procedure and evaluating the performance of some heuristics. We have con-
sidered the problem of minimizing the makespan. First we have analyzed the complexity
of this problem. To solve optimally the small size problems we have proposed the branch
and bound algorithm. For large size problems the performance of three heuristics were
given: List Algorithm (LS), LPT heuristic and H heuristic. We have proved that the

heuristic H gives better than the LPT heuristic if and only if the number of machines
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on the second stage is more than or equal to four machines. Our future research shall
be directed towards the heuristics based on branch and bound or dynamic programming
and the comparison of their performance with the performance of the three heuristics
proposed in this chapter. In the next chapter we intend to apply metaheuristics such as
the simulated annealing to the general hybrid flow shop taking on consideration both of

preventive maintenance and breakdowns.
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Chapter 8

SCHEDULING K-STAGE HYBRID
FLOW SHOP WITH
MAINTENANCE CONSTRAINTS

8.1 Introduction

It is apparent that there is a gap between the literature of scheduling and the real life
industry. The scheduling problems generally are considered with a simplistic way. For
instance machines are assumed always to be available during the scheduling horizon.
However this chapter is proposed to deal with a practical and stochastic problem. The
stochastic character of this problem is represented by taking on consideration the ma-
chine breakdowns. We try to optimize several scheduling criteria such as the makespan,
the delays and the advances under the constraints of maintenance, cleaning, setup and
transportation in an hybrid flow shop. This environment of scheduling is a generic model
which can be used to model production systems with serial workshops such as the semi-
conductor manufacturing systems.

The main objectives of this chapter are three. The first one (section 8.2) is to show

how we can integrate simulation using RAO simulator and optimization using a simulated
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annealing heuristic combined with some dispatching rules to tackle to the double com-
plexity (algorithmic complexity-structural and functional complexity ) of this practical
problem. The second one (section 8.5) is to illustrate that the performance of heuristics
applied to this problem can be infected by the level of breakdown times. The third one
(section 8.6) is to propose an architecture of a Decision Support System (DSS) which

gives and compares solutions to schedule complex systems in a reasonable time.

8.2 Integrating Optimization and Simulation

Generally the real life manufacturing systems present two kinds of complexity, an algo-
rithmic complexity and a structural and functional complexity [11] (see Figure8-1).
Although the processing complexity is a major direction of development, it is clearly
shown in the literature review that the most of the work is on the 2-stage problems. While
interesting results have been obtained for these cases, there has been less work done on the
k-stage (k > 3) ones (see Linn[16]). As it was established by Gupta (see Gupta[l2]) the
two stage hybrid flow shop is NP-hard on the strong sense. The algorithmic complexity
would increase significantly as it extends to three or higher number of stages which is the
case for the problem treated in this chapter. To deal with this inconvenient we propose
to use a simulated annealing heuristic combined with some dispatching rules like SPT,
LPT and EDD. On the other hand additional constraints and objectives of real life
industry problems are difficult to express and to take into account by the mathematical
modelling. Therefore in order to tackle to the structural and functional complexity of the
problem studied in this chapter we propose to use the RAO simulator which comprises
a powerful specialized language for simulating complex discrete systems. In order to
deal with the double complexity we use a method based on the integration of simulation
and simulated annealing (SA) heuristic combined with the dispatching rules cited above
for solving this stochastic problem. Such an approach uses SA to guide the simulation.

Indeed, the simulation module evaluates the solutions generated by the heuristic module
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Figure 8-2: Integrating simulation and optimization approach.

(see Figure8-2). In our implementation a solution is a sequence of jobs and which are
assigned to machines according to the FAM rule (the first available machine). The
dispatching rules module is used to compute initial solutions for the simulated annealing
heuristic. Heuristic and dispatching rules are implemented with DELHI programming

tool.

8.3 The Simulation Model

For many complex stochastic systems, deterministic numerical methods of analysis have
extremely limited utility. By making it feasible to analyze the performance of such

systems, simulation has become one of the most widely applied tool of operations research
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(see Avramidis[6]). We propose a model for a generic hybrid flow shop which serves two
goals: (1) to evaluate the schedule obtained by the scheduling module, taking into account
the additional constraints neglected while scheduling, or (2) to construct a schedule
taking into account all constraints, assignment rules and objectives of the scheduler. The
generic model we propose admits a flexible view capable of capturing hybrid flow shop
manufacturing data, materials, process and decisions, providing a highly structured view
of the system, from either a data, a process or a decision-making perspective. The model
is supported by the RAO simulator (ressource-actions-operations) which is based RAO
method for presenting knowledge about complex discrete systems and processes (see
Artiba[5]). The system’s resources set is the data base (DB) for that production system
while the system’s knowledge base (KB) consists of the set of operations (actions) fulfilled
by the resources and described by the modified production rules (If (conditions) Then
(action 1) Wait (time interval) Then (action 2)). The generic hybrid flow shop model is
described using the ressources-actions-operations approach which requires the definition
of the following objects: jobs, machine tools, stocks and transport facilities as depicted
in Figure&-3.

The model simulates, among others, the following operations: allocation of jobs to

machines, setup, transporting, processing, cleaning, preventive maintenance, stochastic

breakdowns.

e Setup time is calculated in accordance with a setup matrix, depending in general
case on the current job 1, the precedent job j and the considered machine of the
current stage. The setup times are represented in the simulation model as a function

(see the example bellow with two machines and tree jobs):

$Function F_Setup_time_table : real
$Type = table
$Parameters

machine Number : integer [1..2]
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Figure 8-3: A schema of the process simulated.
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job_to: integer [1..3]

job_from : integer [1..3]

$Body
01 01 01
02 02 02
03 03 03
01 01 01
02 02 02
03 03 03

$End

e A matrix in the model gives the number of the group of transport facilities for each
job, each process stage and each machine tool. Transportation and cleaning times
are also represented by matrixes used in the simulation model. For example the
matrix giving the number of transport facilities for each job to each machine is

illustrated in this example:

$Function F_Transp number to : integer
$Type = table

$Parameters

machine Number : integer [1..3]

job Number : integer [1..3]

$Body

1 2 1
2 4 2
1 2 1
$End

e The preventive maintenance is represented in the simulation model by two parame-

ters the duration and the periodicity. Each of them is given by a matrix depending
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in general case on the considered machine and the type of preventive maintenance
(see the example bellow representing the function of duration for tree machines and

fore types of preventive maintenance):

$Function Start Preventive time : real
$Type = table
$Parameters
Preventive  Number : integer [1..4]
Machine Number : integer [1..3]
$Body
0.1 0.2 0.3 0.4
0.1 0.2 0.3 0.4
0.1 0.2 0.3 0.4
$End

e The breakdowns are represented in the simulation model by two random variables
the duration of down time (we suppose that down time = repair time) and the start
time (see in the example bellow representing the start time of breakdowns by an

exponential random variable:

$Sequence Start Breakdown _time

$Type = exponential

$End

The job enters the hybrid flow shop and waits in a stock to be allocated for the first
stage according to an order S (for the other stages a job is affected to a machine such that
it can be finished as early as possible). Once the job is allocated, two actions are started:
set-up and transportation. Set-up time is given by the set-up matrix. Transportation
can only start if there is a free transport vehicle in the correspondent group of transport
facilities for each job, each process stage and each machine tool. Transportation time is

also given by a matrix. Furthermore a machine can be subject to a preventive period
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during or not during the processing of a job. However a machine can be subject to a
random breakdown only during the processing operation of a job. The model is adaptable
to any particular industrial case if one can easily describe all the resources of the real
system (machine tools, transport facilities and stocks), the set of jobs and their charac-
teristics and all the matrix determining times of preventive maintenance, breakdowns,

setup, processing, etc.

8.4 Optimization Approach to HFS Scheduling

In the HF'S scheduling literature, heuristics and B&B are the two mostly employed. When
we are confronted with the fact that the problem is NP-hard and the optimal solution is
unattainable in reasonable time by exact methods which is the case of our problem then
it is reasonable to sacrifice optimality and settle for a “good” feasible solution that can be
computed efficiently. Of course, we would like to sacrifice as little optimality as possible,
while gaining as much as possible in efficiency. In this chapter we propose to use the
simulated annealing (SA). SA is an iterative optimization technique that frees from local
optima with following method: a new solution that is accepted with a probability called
the acceptance function. This function is computed from the evolution of the optimized
criteria and a control parameter called the temperature. This short description of SA

shows that the algorithm is fully defined with the following elements:

e The representation of the solution and the evaluation function. These two elements
are generally strongly connected to the problem but they have an effect on the global
behavior of the algorithm;

e The definition of the neighborhood, i.e. the method used to choose a new solution

from the current solution;

e The outline of the acceptance function. This outline depends on the expression used

to compute the probability and it depends on the temperature from an iteration to
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the next.

In the scheduling problem of concern to us, the objective is to minimize a func-

tion:

H:X—R

S — H(S)

Where S is a permutation of the jobs {1,...,n} and X is the associate space with
a finite but exponentially large of points. We define a topology on X as follows: given
a solution S = {m(1),...,7(n)}, its neighbors might be all sequences generated by in-
terchanging two jobs randomly chosen. The pseudo code of the SA algorithm is given

bellow:

e Set the control parameters (To, Thmaxi, NDiter) and initialize T = Tpaxs;

S =INITIAL SOLUTION;

Evaluate the objective function H(S);

Best _Solution = S;

While T" > Ty do

e Repeat Nbye, times
{
S/ = NEIGHBOR(S);
eEvaluate objective func H(S7) and let AH = H(S") — H(S)
oIf /7(S') — H(S) < 0 accept S,
o If H(S") < H(Best_Solution) then Best Solution = 5;
oFlse:

152



A
e [valuate p = ¢ ) and generate r, a random

number uniformly distributed between 0 and 1.
o If p > r, accept the new solution S’ otherwise
reject S7 and retain the previous solution S.

}
e DECREASE (T);

}

Because of the stochastic character of this problem 30 separate problems are gen-
erated for each of the problem size. For each randomly generated case and at each
evaluation of the objective function H(S) which can be one of the criteria cited above,
the procedure Evaluate objective func executes the RAO simulator and then recu-
perates the result of the simulation. For each randomly generated instance the initial
solution INITTAL SOLUTION is given by either SPT, LPT or EDD dispatching rule.
If the initial solution is given by the rule R we denote the heuristic by SA(R). For each of
the 30 randomly generated instances we evaluate the final solution given by the heuristic.

Then we calculate the average of the 30 simulations.

8.5 Experimental Study

According to the literature review presented in this paper, the problem of scheduling a
k-stage hybrid flow shop with such constraints has never been studied before. In this
paper although heuristics are applied in a simplistic way to assign jobs to machines,
but in order to illustrate the important role of our approach of integrating optimization
and simulation to deal with a such complex system we evaluate in this section by an
experimental study the three heuristics based on the three widely used dispatching rules
LPT, SPT and EDD and the simulated annealing.

For our experimentations several runs of the simulation model are needed since we

deal with a stochastic problem (breakdowns) and heuristics are stochastic (based on

153



simulated annealing). The aim of this experimental study is to evaluate the impact of one
of breakdown parameters which is the percentage of repair time F,, on the performances
of the heuristics SA(SPT), SA(LPT) and SA(EDD) with respect to the criteria Cpay, F,
T, Tax, and Ny, according to the two processing cases resumable (r) and non-resumable
(nr).

We fix the number of jobs to 50, the number of stages to 4 and the maximum number
of machines per stage to 5. The parameters of the simulated annealing except the initial
solution are also fixed. The number of iterations to 100, the maximum of temperature to
100, the minimum of temperature to 0.1 and the cooling factor to 0.9. All other instance
parameters (preventive, cleaning, setup and transportation) are fixed. Our approach of
integrating simulation and optimization with the listed data runs in about 30 min on a
Pentium IV 1.5 GHz. The percentage of repair time P, takes either 0%, 3% or 5%. All
calculations are given by using WEIBULL distribution of random breakdowns. For each
heuristic, each column shows the mean value reached for the corresponding criterion.

The mean is computed over the 30 randomly generated instances.

8.5.1 Resumable case

Table 1 presents the different criteria Chpax, C, Tiax, I and N, for the three heuristics
SA(LPT), SA(SPT) and SA(EDD), in dependence of the percentage of the repair
time P, in resumable case. For minimizing the Chay, the heuristic SA(LPT) is the best
heuristic and its performance is not infected by the percentage of the factor F,.. We can
also conclude that the heuristic SA(SPT) minimizes the C objective and its performance
is not in dependence of P..

Tablel: The criteria in dependence of F, in resumable case.
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Heuristic P, Cpax C Twox 1T N,
SA(LPT) 0% 83511 531.25 5232 33.26 11
3% 847.25 591.97 54.8%8 3545 11
5% 942.16 731.50 61.08 36.94 12
SA(SPT) 0% 841.4 52524 49.76 25.15 &
3% 861.06 545.62 51.48 26.15 8
5% 951.72 725.53 59.60 33.21 12
SA(EDD) 0% 892.20 52893 1564 9.36 3
3% 914.96 568.19 19.32 12.88 6

5% 954.28 728.06 56.21 31.75 12
However for the criteria Tyax, 1 and N; the SA(EDD) is significantly the best solution

for the two values P, = 0% and P, = 3%. For the value P, = 5% the heuristic SA(EDD)

gives almost or the same thing of the other two heuristics (see the example of T in
Figure8-4). We can conclude that, in resumable case, the performance of heuristics can
be infected by the percentage of repair time only when we deal with criteria based on

the tardiness.

8.5.2 Non-Resumable case

Table 2 presents the different criteria Chax, C, Tiax, I and N, for the three heuristics
SA(LPT), SA(SPT) and SA(EDD), in dependence of the percentage of the repair time
P, in non-resumable case.

Table2: The criteria in dependence of P, in non-resumable case.
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Heuristic P,  Chax C Toax 1 N,
SA(LPT) 0% 872.68 544.31 53.60 34.78 11
3% 911.53  591.25 5876 41.39 11
5% 120176 82526 72.62 52.27 14
SA(SPT) 0% 875.12 527.89 51.20 27.43 8
3% 905.11  572.62 55.61 34.15 8
5% 121521 830.97 69.32 50.91 14
SA(EDD) 0% 895.25 53852 17.04 10.11 3
3% 923.23 587.34 21.32 15.63 6

5% 1232.56 833.63 65.45 49.84 14
For minimizing the makepan Cp., and for the two values P, = 0% and P, = 5%

the heuristic SA(LPT) is the best solution. However for the value P. = 3% the best
solution is the heuristic SA(SPT).Hence we can conclude that, in non-resumable case,
the performance of heuristics can be infected by the repair time percentage when we deal
with the Cp,, criterion, (see Figure8-5).

To minimize the mean flow time C' in non-resumable case the heuristic SA(SPT) is
always the best solution except for the value P, = 5% where the heuristic SA(LPT) is
the optimal solution. The performance of heuristics can also be infected by the factor
P,. Finally like the resumable case the performance of heuristics are in dependence of P,

for minimizing criteria based on tardiness.

8.6 A Decision Support System

Dealing with the real life production planning and scheduling problems, the main ob-
jective is to find a good schedule which minimizes the cost and the time of production
and to respect deadlines with a good high machine and labour utilization. To meet this
objective a decision support system for a general hybrid flow shop scheduling system

is developed for entering and validating the scheduling problem data, building various
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solutions schedules, and evaluating their performance.

The goal was to design and develop an interactive flexible scheduling system that
can be easily adapted to many different manufacturing environments. It was decided to
start with supporting an Hybrid Flow Shop environment with some Heuristics and Meta-
heuristics, but the system is implemented to be flexible to add other environments and
algorithms. An other advantage of this system is that it integrates practical constraints
such as maintenance activities, setup, transportation and cleaning.

Our system is implemented to deal with stochastic and deterministic data. Hence it
is built around four major modules (see Figure8-6 and Figure8-7): a database module to
deal with deterministic data, a stochastic data module to deal with stochastic data such
as stochastic processing times or breakdown times, scheduling module to optimize some
criteria in the environment described in database or stochastic data module, and tools

module which give us the possibility to show and analyze system performances.

8.6.1 The interface module

First the interface module gives the users the possibility to introduce the necessary inputs
to describe the instance of the hybrid flow shop scheduling problem (See Figure8-8). Thus
the number of stages, the number of jobs and the processing case should be introduced.

After the scheduling environment, the constraints of the problem and the criteria to

optimize may be described by introducing:

e Data of the hybrid flow shop environment and scheduling constraints. That means
that the user can introduce the number of stages in the hybrid flow shop, the num-
ber of machines in each stage. Concerning the constraints, users can for example
describe preventive maintenance activities by introducing the number of gaps on

each machine which should be fixed and known in advance (See Figure8-9).

e Data giving the set of jobs to schedule. In other term the user can introduce for

example, the number of jobs and the processing time of each job (See Figure8-10).
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Figure 8-7: The DSS user interface.
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e The choice of criteria to minimize (See Figure8-11). After using one of solution
methods proposed in this DSS the performances of this method can be posted by

choosing “Performances” in Tools module (see Figure8-12).

8.6.2 The database module

The database is basically organized into two parts: job data and parkmachine (or the
workspace) data. The handling of the job data is the domain of the job manager (See
Figure8-13). The parkmachine data are handled by the environment manager. For each
specific scheduling problem, a set of files are created to define the layout of the stages

and machines as well as the set of jobs to be scheduled.

8.6.3 The scheduling module

The scheduling module consists of five submodules (See Figure8-14). The first one con-
tains some simple dispatching rules like SPT, LPT and EDD. The second one contains
some heuristics which are known to give good performances for an hybrid flow shop prob-
lem like CDS. The third one contains two metaheuristics, simulated annealing and tabu
search. The metaheuristics require from the user to introduce parameters like the number
of iterations, the temperature for simulated annealing and aspiration factor for a tabu
search (See Figure8-15). If the complexity of the problem provides the use of simulation,
the fourth submodule “SimOpt” proposes the approach of integrating optimization and
simulation illustrated in section 8.2. Some solution methods can be applied to any in-
stance of an hybrid flow shop problem and others can be applied only for some particular
instances. The last one will give the possibility to introduce a manual scheduling by the

users.
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8.7 Conclusion

In this chapter we have investigated the problem of scheduling a general hybrid flow shop
to minimize flow time and due date based criteria under maintenance constraints. Setup,
cleaning and transportation times are considered. Because of the higher algorithmic
and functionnal-structural complexity of this problem we have investigated the approach
of integrating the simulation and the optimization to deal with. In such scheduling
environment we have illustrated that in resumable case the performance of heuristics
can be infected by the percentage of repair time only when we deal with due date based
criteria. However in non-resumable case both flow time and due date based criteria are
in dependence of this factor. A decision support system tool is proposed to enable users
to compare many solution methods applied to any instance of an hybrid flow shop. Many
other additional developments are required to finalize this tool in order to validate it with

real life industry applications.
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Figure 8-15: Simulated annealing parameters
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Chapter 9

CONCLUSION

9.1 Summary

Motivated by the idea of integrating the two functions production and maintenance, and
by a scheduling environment commonly found in many industrial applications which is
the hybrid flow shop, this thesis studied the hybrid flow shop scheduling with mainte-
nance constraints. The problem of machine scheduling with availability constraints has
attracted much attention in the scheduling field recently.

In this thesis we have presented a detailed survey of problems treated on the two fields
hybrid flow shop and scheduling with availability constraints. The problem of scheduling
hybrid flow shop with maintenance constraints was investigated in this thesis on two
categories namely the two stage and k-stage hybrid flow shop. On the first category two
problems are studied, the two machine flow shop problem and the two stage hybrid flow
shop problem with only one machine on the first stage and m machines on the second
stage.

In chapter six we have studied the resumable and the non-resumable modes of the two-
machine flow shop problem with an availability constraint either on the first machine or on
the second machine to minimize the makespan, with the view of establishing improved

optimization procedures and evaluating the performance of Johnson’s Rule. We have
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focused on Johnson’s Rule because of its simplicity and its common knowledge. We
have specified the conditions under which Johnson’s Rule gives the optimum. We have
proposed a dynamic programming if the gap is on the first machine and a combinatorial
approach if the gap is on the second machine. Both algorithms are more efficient than
currently available algorithms if the number of jobs is large and the gap occurs near the
middle of the optimal sequence in the absence of the gap. We have demonstrated that
the performance bound of Johnson’s Rule can be more better than 2 under “normal”
conditions (the duration of the gap is a small fraction of the optimal makespan in the
absence of a gap).

The two stage hybrid flow shop with one machine on the first stage and m machines
on the second stage (m > 1) problem under availability constraints, was investigated
in chapter seven. We have considered the problem of minimizing the makespan. First
we have analyzed the complexity of this problem. To solve optimally the small size
problems we have proposed the branch and bound algorithm. For the large size problems
the performance of three heuristics were given: List Algorithm (LS), LPT heuristic and
H heuristic. We have proved that the heuristic H gives better than the LPT heuristic if
and only if the number of machines on the second stage is more than or equal to four
machines.

In chapter eight we have investigated the problem of scheduling a k-stage hybrid flow
shop to minimize flow time and due date based criteria under maintenance constraints.
Setup, cleaning and transportation times are considered. We have presented the approach
of integrating the simulation and the optimization to deal with this problem. Three
dispatching rules LPT, SPT and EDD, the simulated annealing (SA) heuristic and a
flexible simulation model are used in this approach. The results of the experimental
study reveal that in resumable case the performance of heuristics can be infected by the
percentage of repair time only when we deal with due date based criteria. However in
non-resumable case both flow time and due date based criteria are in dependence of this

factor.
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9.2 Outlook Of The Future Research

Scheduling is an exciting and challenging area. Because of their huge complexity some
problems were not or not well studied. The research contained within this thesis may be

extended in a number of directions. Some of these are:

e To deal with more general configurations of a two machine flow shop problem with
availability constraints. For example to consider multiple gaps on the two machines.
Other criteria can be studied for this problem based for example on due date or

release date.

e For the two stage hybrid flow shop, one possible direction is to develop heuristics
based on branch and bound and dynamic programming algorithms and compare
their performances with those of heuristics studied in this thesis and methaheuris-

tics 1n both cases resumable and non-resumable.

o A multi-criteria study can be detailed to optimize a k-stage hybrid flow shop prob-
lem investigated in this thesis using the approach of integrating simulation and

optimization in both cases resumable and non-resumable.

e The decision support system proposed shall be validated with industrial applica-

tions.

e It will be very interesting to study the problem to have the decision of maintenance

and the decision of job-scheduling made jointly.

Constraint Logic Programming (CLP) has been established as a practical tool for solv-
ing combinatorial problems and some industrial sectors like transportation, telecommu-
nication and manufacturing. As one application of manufacturing a scheduling problems
can be suitably modelled in terms of a set of constraints and then solved by constraint
logic programming. One of our future research will be directed to the study of application

of this tool to the scheduling under maintenance constraints problem.
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