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Robust Machine Scheduling Based on Group
of Permutable Jobs

Christian Artigues, Jean-Charles Billaut, Azzedine Cheref, Nasser Mebarki,
and Zakaria Yahouni

Abstract This chapter presents the “group of permutable jobs” structure to represent
set of solutions to disjunctive scheduling problems. Traditionally, solutions to dis-
junctive scheduling problems are represented by assigning sequence of jobs to each
machine. The group of permutable jobs structure assigns an ordered partition of
jobs to each machine, i.e. a group sequence. The permutation of jobs inside a group
must be all feasible with respect to the problem constraints. Such a structure pro-
vides more flexibility to the end user and, in particular, allows a better reaction to
unexpected events. The chapter considers the robust scheduling framework where
uncertainty is modeled via a discrete set of scenarios, each scenario specifying the
problem parameters values. The chapter reviews the models and algorithms that
have been proposed in the literature for evaluating a group sequence with respect
to scheduling objectives for a fixed scenario as well as the recoverable robust op-
timization methods that have been proposed for generating robust group sequence

C. Artigues (><) @ A. Cheref
CNRS, LAAS, 7 avenue du Colonel Roche, 31400 Toulouse, France

Univ de Toulouse, LAAS, F-31400 Toulouse, France
e-mail: artigues @laas.fr; acheref@laas.fr

J.-C. Billaut
Laboratoire d’Informatique de I’Université de Tours, 64 avenue jean Portalis, 37200 Tours, France
e-mail: jean-charles.billaut @univ-tours.fr

N. Mebarki

LUNAM, Université de Nantes, IRCCyN Institut de Recherche en Communication et Cybernétique
de Nantes, UMR CNRS 6597, Nantes, France

e-mail: nasser.mebarki @univ-nantes.fr

Z. Yahouni

LUNAM, IRCCyN/MELT, Manufacturing Engineering Laboratory of Tlemcen,
Tlemcen University, Tlemcen, Algeria

e-mail: zakaria.yahouni @irccyn.ec-nantes.fr



against scenario sets. The methods based on group sequences are compared with
standard robust scheduling approaches based on job sequences. Finally, methods for
exploiting group sequences in an industrial context are discussed and an experiment
for human decision making in a real manufacturing system based on groups is
reported.

List of Notations

7 setof jobs {J;}j=1, .
M set of machines {Mk}k_l"_,’m

Pk,j duration of job J; € ¢ on machine My € .Z

p; duration of job J; € _# (one machine case)

Cy,j completion time of job J; € _# on machine M) € .#

C;j completion time of job J; € _# (one machine case or C; = maxyy, .z Cy, j)-
rj release date of job J; € 7

d; due date of job J; € ¢

L;=C;—d,lateness of job J; € 7

Cinax = maxy,e 7 Cj makespan

Linax = max Jie g L; maximum lateness

ogrrp sequence of jobs according to the earliest release date rule
orpp sequence of jobs according to the earliest due date rule

. set of uncertainty scenarios

r} release date of job J; € _# under scenario s € &

d; due date of job J; € j under scenario s € .’

p J duration of job J € _7 under scenario s € . (one machine case)
pk duration of job J € _# on machine M € .# in scenario s € ./
i release date of ]ob J;j € # on machine My € .# in scenario s € ./
ds i j due date of job J; € _# on machine My € ./ in scenario s € .7
6" set of feasible schedules for scenario s € .

Cy,j completion time of job J; € _# on machine My € .#

nj‘ index of the machine that precedes machine M, in job J; routing

QF index of the machine that follows machine M; in job J ; routing.
Lilax(C) maximum lateness in scenario s € .% of a schedule C € ¢*

Gl index of the job at position i on machine M} € .# in job sequence ¢

€*(0) set of feasible schedules compatible with job sequence ¢ in scenario s
EC*(0) earliest feasible schedule compatible with job sequence ¢ in scenario s
L3, .« (0) maximum lateness of EC*(0) in scenario s

X set of feasible job sequences (scenario independent)

G group sequence (ordered partition of jobs on each machine)

Vi number of groups on machine M, € .4

G* i™ group on machine My € .4

¢ the set of (scenario-independent) feasible group sequences

2(G) set of job sequences compatible with group sequence G



&*(G) set of schedules compatible with group sequence G in scenario s
&%°(G) set of earliest schedules compatible with group sequence G in scenario s
g’J‘. position of the group containing Oy ;

0, ; lower bound for the earliest starting time of O ; in a group sequence (head)
X«,j lower bound on the earliest completion time of Oy ; in a group sequence

6,; j lower bound on the time between Cy ; and Cax (tail)

¥(G) lower bound on the completion time of group G

Ty ; largest earliest start time of O ; in a group sequence

Cj largest earliest completion time of Oy ; in a group sequence

Tk,; smallest latest start time of Oy ; in a group sequence

Cy,j smallest latest start time of Oy ; in a group sequence

Prec’; set of jobs that precede J; according to the ERD rule in scenario s
Succ’; set of jobs that succeed to J; according to the ERD rule in scenario s
v,,¢ binary variable equal to 1 if job J; is in the group at position g in the group
sequence

Xj 4 binary variable equal to 1 if job J; is at position ¢ in the job sequence
W, a, B, o parameters for instance generation

Mgeq(Ok j) free sequential margin of an operation Oy ; in a group sequence
mgn (O, j) net margin of an operation Oy ; in a group sequence

mig (Oy, ;) group margin of an operation Oy ; in a group sequence

9.1 Introduction to Scheduling and Robust Scheduling

In this section, disjunctive scheduling problems are defined and notations are intro-
duced. The standard solution representations based on job sequences and disjunctive
graphs are reviewed. Robustness definitions are given and the ways robustness can
be tackled are also presented.

9.1.1 Scheduling Problems

A scheduling problem consists in defining a set of a start times for a set of tasks
that share common resources, taking into account specific time constraints (such as
deadlines), and with the aim to optimize an objective function. Sometimes, one also
has to decide which resources will perform each task. A schedule is a solution to a
scheduling problem (see [8] for a global overview of scheduling problems).

Scheduling problems can be found in all types of organizations or systems.
The most famous application domain is the production industry, where scheduling
problems take an important place for the production management. Other classical
scheduling problems are encountered in computer systems, project management,
timetabling, etc. More recent application domains appear, particularly for treat-
ing requests in big data environment [4, 5], in hospital environments [14], in rail
companies [11], etc.



The theory of scheduling was developed together with the theory of complexity.
The methods for solving scheduling problems come from the field of combinatorial
optimization, with exact solution methods for finding one optimal solution to the
problem and approximate solution methods for finding solutions that are as good as
possible.

We denote by _# the set of n jobs to schedule. A job is either a single opera-
tion, or is composed by several operations. In this case, a graph allows to define
the precedence relations between the operations. In the case of a shop scheduling
problem, this graph is called the route or the routing of the job, and it is generally a
chain. A set .# of m resources is available for performing the operations. Each re-
source (called machine in the case of a shop scheduling problem) is supposed to be
ready at time 0, and can perform at most one operation at a time. To each operation
is associated a performing resource in .# and a processing time, denoted by py ; for
processing time of job J; on machine M, (index k is omitted when there is only one
resource). It is assumed that the operations are performed without interruption, and
that preemption is not allowed.

A schedule is completely characterized by the definition of a vector of start-
ing times, or equivalently by a vector of completion times. We denote by C; =
maxy, ¢z Cy,j the completion time of the last operation of job J;, Cy ; denoting the
completion time of job J; on machine M;.

The quality of a schedule is given by a performance measure, based on the jobs
completion times. The most common objective function is the makespan, denoted
by Cinax and defined by Cyax = max Jies C;. If the job J; is supposed to be finished
at date d;, called the due date of J;, we define by L; the lateness of J;, with L; = C; —
dj, and Ly,x = max Jie g Lj, also called the maximum lateness, is another important
performance measure for a schedule. Other performance measures can be defined
for a schedule, please refer to [8] or [7] for a complete overview of scheduling
problems.

In the rest of this chapter, we will consider only two scheduling problems: a
scheduling problem with the environment composed by a single machine, and a
scheduling problem with a shop environment, where the routes of the jobs are dif-
ferent (also called a job shop environment). These two problems are illustrated in
the following example.

Example 1: Single Machine Environment

Let consider a single machine environment, and n = 5 jobs to schedule. To each job
J; is associated a processing time p;, a due date d;, and a release time r;, which is a
date before which a job cannot start. The objective is to schedule these jobs so that
the maximum lateness Ly,ax is as small as possible. The data set is given in Table 9.1.

Suppose that the jobs are scheduled in the non decreasing order of the release
times. We obtain sequence Gggp. Suppose that the jobs are scheduled in the non
decreasing order of the due dates (also called EDD rule for Earliest Due Date first),
we obtain sequence Ogpp. The sequences and their evaluations are given in Fig. 9.1.



Table 9.1: Instance for the single machine problem

Jj J] J2 J3 J4 JS
ri 0 7 3 4 3
pj 3 4 1 2

d; 3 14 4 6 10

Notice that this problem is NP-hard in the strong sense, i.e. no polynomial
time algorithm can be proposed for solving the problem to optimality, unless
P=NP[13].

Example 2: Job Shop Environment
Let consider now a job shop environment, and n = 3 jobs to schedule on m = 3
machines and the data given in Table 9.2. To each job J; are associated exactly

3 operations (one per machine). The objective is to schedule the jobs so that the
makespan Cp,x is as small as possible.

Table 9.2: Instance for the job shop problem

Machine (duration)

Ji Mi(6) M(3) Ms(7)
h M;(8) Mi(6) M (4)
J3 M(5) Ms3(5) M>(6)

Sequence GErp

Jl J3 JS J4 Jz

1 1 1 1 1 1
T T T T T T

0 2 4 6 8 10 12 14 16 18 20
Lmax(GERD) = max(0,0,0,4, _2) =4

Sequence 6rpp

Ji J3 Ja J5l Jr

1
T

T T T T T

0 2 4 6 8 10 12 14 16 18 20
Linax (0epp) = max(0,0,0,0,0) =0

Fig. 9.1: Gantt representation of sequences 6grp and ogpp and their evaluations



Figure 9.2 represents a feasible solution of the problem with a makespan equal
to 27. Note that the sequences of the jobs on each machine can be different from
each other.

9.1.2 Robustness in Scheduling

Robustness considerations receive more and more attention in the literature [6] be-
cause in real life situations, unexpected events and uncertainty of the data are chal-
lenging the expected plans, making then unusable, sometimes very quickly. This is
the reason why a lot of practitioners prefer a robust solution with a lower quality to
a vulnerable solution with optimal quality.

Several definitions of the robustness can be found in the literature. We refer to
the book by Kouvelis and Yu [15], where a chapter is devoted to robust scheduling
problems. As in [15], we consider that there is a significant data uncertainty and the
aim is to propose an algorithm returning a solution that hedges against the worst
contingency that may arise. Such an approach is called a robust approach.

A scenario based approach is used to model the data uncertainty. Each scenario
is a data set corresponding to a potential realization. Several scenarios are defined.
More formally, let us denote by . the set of scenarios and s one scenario in ..

We now informally illustrate the concept of robustness on the two scheduling
problems that we consider.

Example 1: Single Machine Environment
Let us consider the single machine scheduling problem. We denote by rj, pj and

d; the release time, the processing time and the due date of J; under scenario s. We
assume that the previous data set is scenario number 1, and we add a new scenario.

Ji J3 J

Ji J J3

M,

M3 1 1 1 1 1 1 1 1 1 Il Il Il
T T T T T T T T T T T T

0O 2 4 6 8 10 12 14 16 18 20 22 24 26 28

Fig. 9.2: Gantt representation of a solution to the job shop problem



The data set is now given in Table 9.3. Figure 9.1 presents the solutions for the

first scenario, we present the sequences 6ggp and ogpp for the second scenario in
Fig.9.3.

Table 9.3: Instance for the single machine problem with two scenarios

s=1 J1 Jz J3 J4 15 s=2 J] Jz J3 ]4 .15

o0 7 3 4 3 73 3 0 1 7
p} 3 4 1 2 4 2 2 1 3 3
dl 3 14 4 6 10 djﬁ 6 11 2 5 14
Sequence Oggrp and sequence Orpp
J3 Jy Ji J Js
t t t t t t t
0 2 4 6 8 10 12 14 16 18 20

Lmax(GERD) = Lmax(o-EDD) = max(0,0, -1 5 _]70) =0

Fig. 9.3: Gantt representation of sequences Ogrp and ogpp and their evaluations
for the second scenario

We can see that for the second scenario, sequences 6grp and Ogpp are the same:
(J3,J4,J1,J2,J5). We can say that sequence Ogpp is more robust than sequence Gggp
because the worse evaluation of ogpp is 0 and the worse evaluation of oggp is 4.

Example 2: Job Shop Environment

A second scenario is considered for the job shop problem. The two scenarios are
presented in Table 9.4. Only the jobs durations are changed, not the routing of the
jobs. Let py j denote the duration of job J; on machine My in scenario s. If we keep
the same sequence on each machine as before and schedule the operations as early
as possible, we now obtain the solution represented in Fig. 9.4. The makespan is
now equal to 29, which is the worst case makespan on the job sequences.

Table 9.4: Instance for the job shop problem to do

s=1 performing machine (duration) s=2  performing machine (duration)

Ji M (6) M(3) M3(7) i Mi(8) M(2) Ms(5)
b M3(8) Mi(6) Ma(4) J2 M5(10) M(6) My (5)
J3 M (5) Msz(5) My (6) J3 M (6) M3(5) My(4)




Ji J3 J
M, )
J J J
My 1 ) 3
D Ji J3
M3 | 1 1 1 1 1 1 1 1 1 1 1 1
f T T T T T T T T T T T T

o 2 4 6 8 10 12 14 16 18 20 22 24 26 28

Fig. 9.4: Gantt representation of the same solution to the job shop problem with
scenario s =2

9.1.3 Feasible Schedules and the Absolute Robustness Problem

We consider in this section an integration of the job shop scheduling problem and
of the single machine problem by defining operation release dates and due dates in
the job shop model. More precisely, r}; ;2 0 is the release date of the operation of
job J;j on machine M in scenario s and dj ; is the due date of the operation of job J;
on machine M, in scenario s.

For a scenario s € ., a feasible solution is a feasible schedule, given by a com-
pletion time Cy ; of each job J; on each machine M;, that satisfies:

e Operations release date constraints:
e Jobs routing constraints:

Cij = Chu +pi,; Vi€ J VM€ M, #0 (9.2)
5,

where 77:;‘ denotes the machine that precedes machine M in job J; routing, with

717;? = 0 indicating that machine M is the first machine in the routing of job J;,
e Non-overlapping (also called disjunctive) constraints:

Crj 2 Critri; VCri=Crjtpy; Vi€ 7i<jVMyed (9.3)

We denote by €™ the set of feasible schedules for scenario s, i.e. the set of vectors
(Cr.j)mpe.a.0;¢ ¢ that satisfy constraints (9.1)~(9.3). The maximum lateness of a
schedule C € € is given by

Linax (C) = max CkJ - dli

JjE/

J 9.4)



The standard absolute robustness problem (AR) as defined in [15] can now be
stated as

. | L (€ 9.5
( )CE(IWI};IJ%:I;;@( max( ) 9.5)

9.1.4 The Standard Solution Representation for (Robust)
Disjunctive Scheduling

We note that a schedule may be feasible for a scenario and infeasible for another
one. In robust scheduling, it is convenient to consider the concept of job sequence
that allows to represent compactly for each scenario a family of feasible sched-
ules. The determination of the feasibility of a job sequence and the computation of
the scenario-dependent schedules can be both supported by the classical disjunctive
graph representation of the problem [22], defined as follows.

The disjunctive graph has the same vertices and arcs for all scenario but the
weights of the arcs are scenario dependent. The disjunctive graph has nm + 2 ver-
tices, with a vertex jk per operation , for j = 1,...,n and for k = 1,...,m plus
dummy start and end vertices 0 and nm + 1. The disjunctive graph is a 2-graph that
contains precedence arcs and disjunctive arcs. For a scenario s, we define a prece-
dence arc (0, jk) between vertex 0 and vertex jk valuated by ry,; for each release

date constraint (9.1). We define a precedence arc between vertex jnf}‘ and jk, val-
uated by p,i j for each precedence constraint (9.2). For each disjunctive constraint
(9.3), we define two opposite disjunctive arcs, one from node ik to node jk valuated
by pi, j and one from node jk to node ik valuated by pi_’i. Last we have an arc from

each node jk such that Ak’ 7'5;?/ =k and node nm + 1 valuated by P?i, i~ di i

A complete selection of the disjunctive graph is, for each pair of disjunctive arcs,
the selection of a single arc (and the removal of the opposite one). A complete se-
lection is acyclic if there is no cycle in the graph issued from the selection. Once
an acyclic selection is obtained, it defines m total orders of the set of jobs via the
selected disjunctive arcs. Hence an acyclic selection can be associated with a job se-
quence 0 = (Gik)f::ll.’.""'.’;" where G,-k gives the index of the job sequenced at position
i on machine Mj. Notice that in the job shop problem a “job sequence” designates
in fact a set of job sequences (one per machine). There is a one-to-one mapping be-
tween the acyclic selections and the feasible job sequences. Note that in the single
machine problem, all job sequences are feasible, which yields to n! job sequences.
For the job shop problem, only a subset of job sequences are feasible due to prece-
dence constraints, so we have at most mn! feasible job sequences.

An acyclic complete selection/job sequence o represents for each scenario a fam-
ily of feasible schedules €*(o) given by the infinite set of potentials in the graph
issued from the selection. In this family, a dominant schedule with respect to the
Lmax objective function is the earliest schedule EC*(0) such that EC} ;(0) is the
length of the longest path from vertex O to vertex kj in the graph issued from the
selection , the corresponding L .. (o) is the longest path between 0 and nm + 1.



Note that given a complete selection, the earliest schedule as well as the cycle de-
termination can be computed in O(nm) by topological sorting and Bellman-Ford
algorithm.

Let X denote the set of feasible job sequences, which is independent of the sce-
narios. For a fixed scenario s the standard job shop scheduling problem can be de-
fined as

min Ly (0)
Similarly the absolute robust job shop scheduling problem can be defined as the
search for a feasible job sequence that minimizes the worst case maximum lateness

H N
(AR) minmax L, (0)

In terms of robust scheduling, the job sequence ¢ represents the first stage de-
cision variables that can be taken in advance without knowledge of the realized
scenario, while the completion times are the second-stage decision variables that
are adjusted according to the realized scenario by picking a schedule in set 4. In
case of an objective function defined as the sum or the maximum of non decreas-
ing job individual functions of the completion time (also called a regular objective
function), the earliest schedule EC*(o) dominates all other schedules of €.

Example 1: Single Machine Environment

In Fig. 9.5, we give the disjunctive graph representation of the one-machine problem
instance. Because there is no routing constraint between the jobs, the disjunctive
arcs form a clique. In Fig. 9.6 we give the conjunctive graph corresponding to the
feasible job sequence given by oggp for scenario s = 2.

Fig. 9.5: Disjunctive graph
of the single machine schedul-
ing problem

10



max(6-6,11-11,1-2,4-5,14-14)=0

N
°)

Fig. 9.6: Conjunctive graph corresponding of the solution to the single machine
scheduling problem for scenario s = 2

Example 2: Job Shop Environment

In Fig. 9.7 we give the disjunctive graph representation of the job shop instance. The
conjunctive graph of the complete selection that gives the schedule represented in
Fig. 9.2 with scenario s = 1 is given in Fig. 9.8.

Fig. 9.7: Disjunctive graph corresponding to the instance of the job shop scheduling
problem

9.2 Groups of Permutable Jobs: A Solution Structure

for Robust Scheduling

This sections present the groups of permutable jobs structure for disjunctive schedul-
ing. Then, it reviews combinatorial optimization problems that have been studied
and solved on the group of permutable jobs solution structure.

11



Fig. 9.8: Conjunctive graph corresponding to the solution of the job shop schedul-
ing problem presented for scenario s = 1

9.2.1 Groups of Permutable Jobs: A Flexible Solution
Representation

A sequence of groups of permutable jobs on a machine M, is defined as an ordered
set partition of the set of jobs ¢ on machine M;. An element of each partition is
called a group of permutable operations. As for the job sequence, the term “group
sequence” is used to name a set of group sequences (one on each machine). This
structure was proposed by Francois Roubellat in the early 1980s [17].

A group sequence G = (G¥)*= 11""’\',” with N* G¥ =0 and U* | G* = 7 repre-
sents a partial job sequence to a dlSJunCthC scheduling problem that specifies on
each machine M a sequence of v; groups of permutable operations, such that Gi‘
is the i group on machine M and such that all operations inside a group can be
permutated without violating the feasibility of the sequence.

Example 1: Single Machine Environment

Let consider the group sequence presented in Fig. 9.9. This sequence is composed
of one group composed by jobs {J;,J3} and of group composed by jobs {J2,Ju,J5}.
Of course, the first group starts at time 3 because J3 cannot start before date 3. The
duration of the group is the sum of the durations of the jobs. One can see easily that
whatever the order of the jobs in the first group, the jobs of the second group can
be executed at time 7 (or earlier if one starts with job J;). One can also see that the
flexibility provided by this group sequence (12 sequences are characterized) has a
price, since the makespan is now equal to 17 instead of 14 before.

12



Ji J3 J J4 Js

| 1 ! ! ! ! ! ! 1 1
F T T T T T T T T T

0 2 4 6 8 10 12 14 16 18 20

Fig. 9.9: Gantt representation of a group sequence for the single machine problem

Example 2: Job Shop Environment

In Fig.9.10, two groups of permutable operations are proposed. The first one is
composed by the operations of J; and J3 performed on the first machine. The second
is composed of the operations of the same jobs on the third machine. One can see
that whatever the order of the operations inside each group, the sequence remains
feasible. Of course, this flexibility has a price since the makespan is now equal to 32.

M, 7 J A

My Ji J J3

M3 J2 Jl J%
1 1 1 1 1 1 1 1 1 1 1 1 1
T T T T T T T T T T T T T

0O 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32

Fig. 9.10: Gantt representation of a group sequence for the job shop scheduling
problem

In terms of disjunctive graph, a group sequence matrix corresponds to an incom-
plete selection that has a particular structure representing the group sequences. Each
group is a strongly connected component (via unselected disjunctive arcs) and the
selected disjunctive arcs define m totally ordered group sets. We denote by ¢ the set
of (scenario-independent) feasible group sequences.

Given a group sequence G € ¢, we denote by X(G) the set of job sequences
that can be obtained from G, and by €*(G) the set of schedules issued from the
represented job sequences, i.e.:

¢*(G) = Ugex()¢"(0)

For regular objective function, we are interested in the set of earliest schedules that
can be issued from a group sequence on a scenario:

&6 (G) = Usex(6){EC’(0)}

13



It follows that for a group sequence, there is a non unique dominant schedule
for a given scenario. Consequently, as a solution representation, a group sequence
provides (much) more flexibility. Indeed a group sequence represents I'Ilk::l1 """ m|G’»‘|
different job sequences and earliest schedules. o

In turn, there is a much bigger number of feasible group sequences. The number
of different weak orders on set ¢ is equal to

n k
by = z Z(_l)kij (k) jn~
k=0 =0 J
Then, for the single machine problem we have |¢| = b,,. For the job shop problem,
since not all job sequences are feasible, neither are all group sequences and the
number of group sequences is bounded by |¥| < mb,,.

Finally, we have to remark that the set of feasible job sequences maps the set of
feasible group sequences such that each group has a single job.

9.2.2 Combinatorial Optimization Problems on Group Sequences

Several combinatorial optimization problems can be defined on the group sequence
solution representation and have been studied in the literature. We restrict to the case
where earliest schedules are dominant, which corresponds to regular scheduling ob-
jective functions. As a given group sequence G represents in general an exponential
number of feasible earliest schedules, given a scenario, a question arises on how
to select one schedule among the represented ones. In a robust optimization frame-
work, we assume that, given a disjunctive scheduling problem and a scenario set,
a group sequence G is computed as a first-stage decision set. In a second stage de-
cision setting, once the scenario is revealed, we assume that one of the represented
job sequence (and its corresponding earliest schedule) is selected with algorithm
A(G,s). A typical example would be to define A(G, s) as a list scheduling algorithm
that selects an order inside each group according to a priority rule. In fact, we can
identify the set of list scheduling algorithms compatible with G and the set of job
sequences represented by G. This gives rise to several combinatorial optimization
problems.

9.2.2.1 Best Earliest Schedule Within a Fixed Group Sequence
for a Fixed Scenario
The objective of the second stage algorithm A(G,s) is naturally to obtain the best

schedule according to the realized scenario, which yields problem (GP;). This gives
a lower bound on the performance that an algorithm A(G, s) can reach.

14



(GPI) Ggg(nG) Lfnax (G)

As we can define a group sequence G such that |G| = 1 for the one machine prob-
lem, finding the best schedule in this sequence amounts to solve the one-machine
problem itself (denoted by 1|r;|Lmax), which is an NP-hard problem).

Methods that explicitly solve problem (GP;) for shop problems in an exact or
approximated way can be found in [20, 24]. We illustrate these methods for the
makespan objective (by considering that all dy ; are equal to 0). These methods rely
on the computation for each operation Oy ; of the head of the operation, noted 6 ;,
i.e., a lower bound for the earliest starting time, and a tail of the operation, noted
6,; ., 1.e., a lower bound of the time between the operation’s latest completion time
(Ct,j) and the end of the schedule (Cax).

Heads and tails, which are classical notions in shop scheduling, are adapted for
groups of permutable operations. The computation of 6 ; involves the computation
of a lower bound for the earliest completion time for each predecessor of operation
Oy, j: the predecessor operation in job routing (07[;?7 j) and the predecessor group on

the same machine
Let g’]‘. the position of the group containing operation Oy ; on machine M. Then,

G’;k . (resp. G§k+ 1) is its predecessor (resp. successor) group on machine M;. y(G)
j7 O,

denotes a lower bound of the completion time of group G. The computation of y(G)
is based on a one-machine relaxation by making the assumption that each machine
has an infinite capacity [20, 24]. Below, a lower bound for the earliest completion
time of operation O ; is denoted yy ;.

For an operation Oy, its head is computed as follows:

Ok = max(re;, ¥(Gy_,)s Xt ;) (9.6)

Y(Gi‘() = Cmax Of 1|rg j|Cmax With 7 j = 6k j, VO € G{»‘
Xikj = Okj+ Pij

Because of the symmetry of heads and tails, tails can be computed as heads
using a reversed version of Eq. (9.2.2.1): rather than starting the computation at the
beginning of the scheduling problem, the computation begins at the end. We use
below symmetrical intermediate values }/I (G) and x,; ; to compute the tail 9,; I

Q}‘ denotes the machine that follows machine M in job J; routing.

/ 'k ,
ek»./' = maX(}’ (Gg§+1)’%9§.j)
Y (Gi{) = Cinax Of llrk,j|cmax with Thj = 6k,j? VOk,j c Gif

! !
Xkj = Okt Prj
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These heads and tails can be directly used for the computation of a valid lower
bound for any regular objective. For example, for the makespan objective, a lower
bound is : )

max max (v(Gi))

For the makespan, this lower bound can be improved using the one-machine re-
laxation proposed by Carlier and Chretienne [10] also based on the computation of
heads and tails. In our case the relaxation is made on the groups instead of machines;
for each group a lower bound is computed using the exact method of [9]. The max-
imum value for all groups represents an improved lower bound for the makespan.

In [20], it was shown that the computation of a lower bound for the best earliest
schedule has a complexity of O(nlogn) for any regular objective.

9.2.2.2 Worst Earliest Schedule Within a Fixed Group Sequence
for a Fixed Scenario

This problem, denoted (GP,) seeks to determine the worst performance that any
algorithm A(G,s) can achieve on a given scenario. This gives an upper bound on
the performance of the second stage algorithm. In conjunction with problem (GP; ),
we may obtain a lower and an upper bound of the performance of any second stage
algorithm compatible with G on a given scenario.

(GP,) omax, Liax (0)

As for the preceding problem, a limit case is to consider a single group of n jobs for
the one-machine problem. In this case, we obtain maximization one-machine prob-
lems, which are in general easier than their minimization counterpart as shown in
[3] that provide polynomial algorithms and complexity proofs for several cases. Fur-
thermore, in [2], it was shown that (GP,) is polynomial for any disjunctive schedul-
ing problem. The calculation of this worst earliest schedule relies on the compu-
tation of the worst earliest starting time and the worst earliest completion time for
each operation denoted 7; ; and C; ; respectively.

The computation of T; ; corresponds to executing this operation at its worst po-
sition where all its predecessors are placed at their worst latest time. This problem
can be formulated as follows :

Ty = max (rx,j, C j»  max Qk,z) 9.7)
) ) OkAlEGkk )
186k
j

To compute C; ;, either the worst earliest completion time of operation Oy ; does
not depend on another operation of the same group, in this case the first term of the
following formula is used. Otherwise, in the worst case, the operation ends last in
its group and the second term is used.
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Crj=max(T;+pej,  max T+ D pri) 9.8)
OkA,zEGg,;J#J 01 1€GY,

The computation of 7; ; and C; ; can be performed efficiently by longest path
computation in a special conjunctive graph, as described in [2]. We do not describe
this graph here for sake of conciseness.

Finally, maxj.c s me.n (Q( j—d ;) represents the worst case evaluation for the
groups of permutable operations for the L, objective. More generally, the worst
case evaluation can be computed in polynomial time for regular min-max objectives.

This calculation can also be used as an upper bound for min-sum regular objec-
tives.

9.2.2.3 Worst Latest Schedule Within a Fixed Group Sequence
for a Fixed Scenario

This problem, denoted (GPé) is similar to (GP») with due dates for the jobs (dy ;).
It seeks to determine the worst performance that any algorithm A(G,s) can achieve
on a given scenario such that there is no late schedule described by the groups of
permutable operations.

For this, it needs the computation of the worst latest starting time 7y ; and the
worst latest completion time Cy ; of an operation Oy ; which is similar to the com-
putation of Trj and Qk7 i A reverse version of Egs. (9.7) and (9.8) can be used.
Rather than starting from the beginning, the computation starts from the end using
the due dates of jobs as explained in [19, 23].

_ —k
T’; and C; can be expressed as follows:

6k7j = min(dkﬁj,fm i min ka)
J’ Ok_IEGkk
gj+l
?k.j = min(Ck,j - pk7/’, min Ck,l — Z pk’[) (99)

V0k7leG§,€l¢17&j

YO, €GF
t k.l gk.

J

9.2.2.4 Flexibility Maximization with a Bounded Objective
for a Fixed Scenario

Without any assumption on the second stage algorithm A(G,s), a question arises to
maximize a flexibility measure of the group sequence G, denoted flex(G), while
ensuring an upper bound UB on the objective. Intuitively, this allows to propose
a group sequence such that the largest number of represented job sequences (or
with an alternative view, the largest number of compatible second stage algorithms)
satisfy the upper bound.This yields problem (GP;):
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(GPs) anélc)g(flex(G) s.t. i (0) <UB,Vo € Z(G)
As an outcome, we obtain a performance guarantee on the worst earliest schedule for
the considered scenario but we have no indication of the best achievable objective,
which would require to solve (GP;). As problem (GP;) is generally NP-hard, an
alternative from computing the best schedule represented by a group sequence is to
ask that the group sequence represents a fixed sequence Gy, which yields

(GPy)  max flex(G) s.t. 0 € 2(G), L%, (0) <UB,Yo € X(G)
(S

Provided that ¢* is selected as the optimal solution for scenario s, then solving
(GPy) gives for a given scenario a group sequence G of maximal flexibility such
that any job sequence o issued from G (or any list scheduling algorithm compatible
with G) verifies LS, (6%) < LS, (c) < UB.

Several flexibility measures are available from the literature. The most natural
one is the number of represented job sequences/earliest schedules

flex1(G) = |2(G)|

In [2], a surrogate flexibility measure is used, as the number of groups. Indeed it
holds intuitively that generating less groups yield more flexibility. We define this
measure as

flexy(G) =G|

To normalize this criterion, for a disjunctive problem with m machines we can de-
fine.!
flex3(G) = mn— |G|
mn—m
In case of full flexibility, we have m groups and flexs = 100 %. In case of no flexi-
bility we have mn groups and flexs = 0 %.

In [2], an O(n?) algorithm has been proposed to solve problem (GP;) with flex;
for the one-machine problem without release dates, and in the case where the due
dates are agreeable, i.e. for any two jobs i, j € ¢, p; < p; < d; < d;. The same
algorithms solves also (GPy) with flex; for the same problem, but without the re-
striction of agreeable due dates. In the same context, (GP3) is solved with flex; by a
simpler O(nlogn) algorithm. Adding now release dates, (GPs) is solved with flex;
by an O(n’) algorithm and with flex; by an O(n*) algorithm. Hence flex; yields
generally simpler problems than flexl.

By varying U B, different compromise solutions can be found between the flexi-
bility criterion and the represented schedule performance. This was illustrated for a
job in [2], where a (GPy) was heuristically solved with flex;. The represented job
sequence ¢ was set to the optimal job shop solution and UB was set to different

values above L5 . (0p). In [12], the two-machine flow-shop, open-shop and job shop

! This was initially proposed in [12] for m = 2.
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problems are studied. A problem dual to (GP;) with flex; is also considered, in the
sense that it consists in minimizing the makespan while the number of groups is
bounded.
GP. min L} . (0)s.t.k; <|G| <k
( 5) Ge,0e5(G) max( ) 1—| |— 2
For the 2-machine flow shop problem (GP3) and (GPs) with flex; are both NP-
hard in the strong sense. However, for any integer 1 < k < n the authors propose
a heuristic to build a group sequence G such that |G| = k a job sequence ¢ such
Cmax(9) G[+1
that 77 %e < o ce ,
with no restriction on the number of groups. This is a theoretical bound on the
makespan increase when the flexibility is increased. They also propose a heuristic
for (GPy) with flex,. Complexity results are also given for (GPs) and flex, for the

two machine job shop and flow shop problems.

where ¢* is the job sequence that minimizes the makespan

9.2.2.5 Recoverable Robust Optimization for a Fixed List Scheduling
Algorithm on a Scenario Set

If we consider now a fixed list scheduling algorithm A(G,s) that outputs a job se-
quence that is both compatible with group sequence G and feasible for scenario s,
we may seek the group sequence that maximizes the robustness of the earliest sched-
ule selected by the list scheduling algorithm according to the realized scenario. We
obtain problem (GPFs).

(GRs)  minmax L3, (4(G.))

Note that compared with the job sequence representation, the group sequence
representation introduces a third decision level. The first decision level builds the
group sequence. The second decision level selects the job sequence. The third deci-
sion stage selects the schedule. In Sect. 9.3 we present a method to solve (GPs) for
the single machine problem that we compare with the standard robust scheduling
method.

9.3 Solution Methods: A Recoverable Robust Approach Based
on Groups of Permutable Operations

Using the concept of recoverable robustness (GPs) proposed in Sect. 9.2, we present
in this section a mixed integer linear program (MILP) and a heuristic method for
the maximum lateness minimization on the single machine problem. Given a group
sequence and according to the realized scenario, the A(G, s) algorithm schedules the
jobs inside a group following the Earliest Release Date (ERD) rule. To evaluate the
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interest of the recoverable robust approach, a MILP model as well as a tabu search
algorithm are proposed for standard robust scheduling method. Experimental tests
are performed and comparisons are given.

9.3.1 MILP Formulation

In order to simulate the ERD rule, a list of predecessors and successors denoted
Prec’; and Succ’; are defined for each job J; and each scenario s as follows:
Preci={Ji€ J/(rj <rj)or(ri=rjandi<j)}
Succi={Ji€ J/(rj >rj)or (rj =rjandi> j)}
We define binary variables y; , equal to 1 if job J; is in group G, (i.e. the group
at position ¢), and 0 otherwise. C; > 0 is the completion time of job J; in scenario s.

e Assignment constraints: assign each job to exactly one group

P

Yig=1, Vje{l,...,n} (9.10)
1

q

e Non-overlapping constraints: for a given sequence, the completion time of a job
J; is at least equal to the release date of J; plus the duration of the jobs that are
between J; and J; in the sequence, including these two jobs. The following two
constraints compute the minimum value of the job completion time under each
scenario as set by the list scheduling algorithm. The case were J; and J; are in
the same group is considered by constraints (9.11), whereas constraints (9.12)
consider the case where these two jobs are not in the same group.

APt Y g TP M2 —yig—yjq) <C,
le(S: ucc?'ﬁPrecj-)
Vi, j,q €{l,...,n},j € Succ} Vs € & 9.11)

According to the ERD rule, the expression ZIG(SMCW,EC.}) Pjyi4 computes the
total duration of the jobs between J; and J; except p; and p;.

qd-1 n

At Y Pigt X Xpvigt X Pig P
l€Succ] f=q+1i=1 lePrecj.

M2 —yig—yjq) <Cj, Vi, j,q,q €{1,....,n},d >q,Vs€. (9.12)

The total duration between the jobs J; and J; is represented by the expres-

/!
. q—1 . .
sion ZIeSuccf pfyl,q + Zf:q_H 2’11:1 p?yl,f + ZIEPVEC“; pfyl,q" Given a scenario s and
according to the ERD rule, expressions >cs,ces PjYi,q a0d X e precs PiY1,g COM-
i ’ J B
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pute the total duration of J; successors and the total duration of J; predecessors,

! 3
respectively. The remaining expressioe ij: ql . Z’Zzl Pjyi,r compute the total du-
ration of groups between those including the two jobs.
e The maximum lateness of a schedule

Lmax > Ci—dS, Vje{l,...n}Vse.s (9.13)

e Objective function
min Lpyax

This model contains n” binary variables, n|.#| + 1 continuous variables and
O(n*|.7|) constraints.

9.3.2 Tabu Search Algorithms

The proposed MILP can only be used to solve small problem instances. To over-
come the difficulty of solving large instances, we propose a tabu search heuristic to
solve larger instances. The metaheuristic works as follows. Starting from an initial
solution and defining the neighborhood structure, the procedure selects the best ap-
propriate neighbor solution. The selected solution can be chosen if it is not in the
tabu list. Otherwise this solution is rejected and the procedure seeks another neigh-
bor solution. The process is repeated if the global stopping condition is not reached.

e Step I. Initial solution: the initial sequence of groups is obtained by sorting the
jobs in their due dates increasing order over the first scenario s = 1. From this
sequence, n groups are created, by assigning each job to one group.

e Step 2. Selection of the best neighbor: starting with the current group sequence
solution, each neighbor is evaluated and the best non tabu is kept.

e Step 3. Stopping condition: the algorithm stops when a global time limit, fixed to
30s, is reached.

In the following, the implementation of the encoding, neighborhood structure
and tabu list for the proposed algorithm are respectively described.

9.3.2.1 Encoding

Because the group sequence and the composition of groups do not depend on the
scenario, a solution of the problem can simply be encoded by a vector of size n.
Let v be the used vector for encoding a solution and g; the index of the group to
which job J; is assigned on the solution sequence. A complete solution is encoded
by assigning a value g; to vector v for each j, 1 < j <n.
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9.3.2.2 Neighborhood Definition

We denote by |G| the number of groups. Four neighborhood are defined as follows:

e Groups swap: let v; the position to swap, select v; and swap the values v; and vy.
This neighborhood swaps the groups assigned to jobs J; and J.

e Group insert: insert a job J; of group v; to an existing group v.

e Group split: split a group into two groups. The fact that the sequence inside the
group depends on the realised scenario makes the split infeasible. To rectify it,
we order the jobs inside a group in increasing order according to the average due
dates of the jobs over the scenarios.

e Groups fusion: merge two consecutive groups into one.

9.3.2.3 Tabu List

The tabu list contains solutions that are recently selected and prevents to choose
them again. The experiment analysis do not really show the contribution of a tabu
list. Therefore, we have fixed a size of 10n for the Tabu list, which gives relatively
better results.

9.3.3 Solution Algorithms for the Standard Robust
Scheduling Method

To evaluate our algorithms for the recoverable robust approach based on groups of
permutable jobs, the algorithms presented above are compared with those of the
standard robust scheduling method (without groups of permutable operations). In
order to do that, we propose a mixed integer linear program (MILP) and a tabu
search heuristic for the standard robust scheduling method. The MILP as well as the
tabu search proposed algorithms are briefly presented.

Positional variables x; ; € {0, 1} are defined for this model and Ly, is a contin-
uous variable to minimize. Variable x;; takes value 1 if the job J; is in position &,
and 0 otherwise.

e Assignment constraints: assign one job at each position, and one position to each
job
n
Noxje=1, Vke{l,...,n}

ij',kz 1, Vje{l,...,n}

e Guarantee that the worst earliest schedule Ly, is larger than the maximum late-
ness of each scenario
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n K n
maXZZ x/k"‘zzp]qu zdjxj,k/v
j=1 q=k j= j=1
Vi, k' € {1,...,n},k2k’,Vse 54

e Objective
min Ly,x

This model contains 7 binary variables, one continuous variable and O(n?*|.#|)
constraints.

To make a fair comparison of the two robust solution paradigms, the proposed
tabu search algorithm is based on the same principles as before and starts with the
same initial solution. In the following, we describe the implementation of the en-
coding and the neighborhoods structure, without changing the rest of the algorithm.

A vector V' of size n is used to encode a solution in which v'j represents the
position of job J; in the schedule. The two used neighborhoods are the following:

e Position swap: This neighborhood performs an exchange of the positions of two
jobs. Let v; be the position to swap, select v; and swap the values v'; and v;.

e Position insert: insert a job at position v'; to position v;. The jobs between V/; and
vy, will be shifted.

9.3.4 Computational Experiments

The algorithms have been evaluated on randomly generated instances using the
following scheme. We first generate (p!,r i ]7d ) for the scenario s = 1 which is
called “reference scenario”, then for each s € ., s # 1, uncertainty was gen-
erated from the data (p! i j,d j) Processing times p}- were uniformly generated
in the interval [1,50] and we denote by P = 2;5:1 p}- the total processing times
on the reference scenario. Release and due dates were generated in the intervals

[1,uP] and {oc — gP, o+ %P], respectively. For modelling the uncertainty on the

data, for each scenario s € ., s # 1, (pj»,rj.,d;) are generated uniformly from

the “reference scenario” by taking values from the intervals [l — a)p}, 14 a)p” ,

[1 — a)r]l-, 1+ wr]l-] and [1 — a)d}-, 1+ wd}-}, respectively. Parameters p, o and
take a fixed value {0.5}, {1} and {1}, respectively. The last parameter o takes val-
ues from the set {0.2,0.4,0.6}. For each couple (n,s) ten instances are generated in
which n € {10,25,40,100} and . € {2,5,10}. The experiments have been run for
the 360 instances on an Intel i7-4770 CPU 3.40 GHz computer with 8 GB.

We evaluated and compared the performance of the solutions obtained by the
MILP models and the tabu search algorithms. We call RRA the recoverable robust
approach and SRA the standard robust approach. Let zz(A) and zy(A) denote the
objective value of the algorithm A € {RRA, SRA} returned respectively by the exacts
methods given by MILPs and the heuristic one given by the tabu search algorithm.
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In Table 9.5, we provide the aggregate results for each n. The statistics take
account of the average CPU times 7tb needed to reach the best solution for both
tabu search algorithms. The average gap between the exact solution found and
the tabu search solution are given by gap columns. gap takes value (zy(SRA) —
2e(SRA)) /7 (SRA) in the SRA case and (zy(RRA) — zg(RRA))/zy(RRA) in the
RRA one. The last column A = (z(SRA) — zz(RRA)) /2 (SRA) gives the average
gap between the two tabu search algorithms.

Table 9.5: Experimental comparisons

SRA RRA
n 1th(s) gap 1th(s) gap A
10 0.01 1.7 % 0.01 0% 24.79 %
25 0.14 2.3% 0.15 - 17.28 %
40 0.39 - 0.52 - 16.83 %
100 3.21 - 12.58 - 13.71 %

The experiments show the limits of MILP models, especially for the recoverable
robust approach. In 7¢b columns, one can see that the RRA tabu search algorithm has
a faster growth than the one for SRA. However, the difference remains not very sig-
nificant and both algorithms have comparable CPU times for considered instances.
As expected finally, column Delta reveals the benefits of the recoverable robust ap-
proach to obtain better worst case maximum lateness values. This is due to the fact
that the RRA can react to the realized scenario thanks to the group structure.

9.4 Using Groups of Permutable Operations in an Industrial
Context

As mentioned in Sect.9.2.2 robust machine scheduling based on groups of per-
mutable operations is composed of three decisions stages. The second stage decision
set consists, once the scenario is revealed, in selecting a job sequence and we assume
in this chapter that the earliest schedule is selected from a given job sequence. In an
industrial context the selection of a job sequence has to be made in a very short time.
In order to fulfill this timing constraint, either heuristics adapted to groups of per-
mutable operations may be used (as the ERD list scheduling algorithm used in the
previous section) or the selection may be done by a human operator during the ex-
ecution of the schedule. This section describes several alternative ways of selecting
job sequence from a group sequence on a realized scenario (index s is consequently
dropped), keeping industrial requirements in mind.
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9.4.1 Heuristics for the Reactive Phase of Groups
of Permutable Operations

To solve the job shop scheduling problem one of the most common approaches is
the use of heuristics based on priority dispatching rules (PDR), which are rules used
to select the next job to process from jobs awaiting service on a resource. The lower
bounds presented in Sect.9.2.2 are used to build PDRs for groups of permutable
operations when the objective is to minimize the makespan.

First a PDR based on the operation’s tail is proposed. The idea is to give more
priority to an operation which exhibits a large tail. As the tails of different operations
may be equal, the rule Shortest Processing Time (SPT), which aims at selecting the
operation with the shortest imminent processing time, is used to break the ties. This
heuristic named SQUTAIL (Square Tail) is formulated as:

i ’
min(py.; — 6. ;)

From the lower bounds another PDR is proposed, with the following behavior:

—_

For each operation waiting in the queue, a partial group of operations is generated;

2. The lower bound for the makespan is computed for these partial generated
schedules;

3. The operation with the lowest lower bound is then chosen.

To break the ties, this rule, named LB (Lower Bound), is combined with ei-
ther rule SQUTAIL or the PDR Most Work Remaining (MWR) which selects the
operation with the highest remaining processing time. The use of MWR together
with LB is named LB+MWR and the use of SQUTAIL together with LB is named
LB+SQUTAIL.

Another heuristic, which is not based on the lower bounds, is also proposed.
Shifting Bottleneck (SB) heuristic, described in [1], is a very effective heuristic in
job shop scheduling for the makespan. In order to adapt the shifting bottleneck for
groups of permutable operations, the relaxation in one-machine problem, is used.
In our case, the algorithm is not applied to the machines but to the groups. As the
number of re-optimizations is higher than with the classical SB, better performances
are expected as well as higher computation time. Another benefit of the relaxation
applied to the groups is that all the computed schedules are feasible contrarily to
the classical SB which may give schedules that are not feasible. This heuristic is
named SB.

In [19], these heuristics have been evaluated on a well-known benchmark for
job shop scheduling, the Lawrence’s instances composed of 40 instances of 8§ dif-
ferent sizes [16]. They show that these heuristics are very effective to evaluate the
makespan with the following ranking:

o SQUTAIL is the less efficient (in average a deviation of 13.7 % from the optimal)
but the fastest (less than 0.13 s in average with a maximum of 0.46 s),
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e LB+MWR and LB+SQUTAIL are quite similar in performance (an average of
3.6 % from the optimal) and computing time (an average of 0.94 s with a maxi-
mum of 3.8 ),

e SB is the most effective, giving the optimal for 17 instances (in average a de-
viation of 1.5 % from the optimal and a maximum of 3.2 %). It is also more
time-consuming (an average of 3.7 s with a maximum of 10.74 s).

Each heuristic has specific strengths and weaknesses. To give in a very short
time a solution, SQUTAIL is a good compromise, SB is a very effective heuristic in
regards with the performance, LB+MWR and LB+SQUTAIL are in between.

9.4.2 A Multi-Criteria Decision Support System (DSS)
for Groups of Permutable Operations

Another approach to select a job sequence is to let a human operator choose in
real-time the next operation to process within a group of permutable operations, ac-
cording to the operator’s knowledge of the context. In order to make his choice, the
operator needs criteria adapted to groups of permutable operations. In Sect.9.2.2 a
best earliest schedule and a worst earliest schedule evaluation for any regular ob-
jective within a group sequence for a fixed scenario have been presented. In [23] an
adaptation of the free margin to the groups of permutable operations is presented.
The so-called free sequential margins allows to evaluate during the execution of the
schedule, the schedule lateness.

9.4.2.1 Free Sequential Margin

The free sequential margin computes for an operation according to its earliest exe-
cution, the maximum tardiness which ensures that all schedules enumerated in the
group sequence will present no tardiness.” The free sequential margin of an opera-
tion mgeq( Oy, ;) has two components:

e the operation’s net margin mg,(Oy ;), which is related to the operation itself re-
gardless the other operations of the group.

e the operation’s group margin mgg(Oy ;), which is related to the other operations
of the group.

The computation of the proper free sequential margin of Oy ; corresponds to
the difference between its worst latest starting time Ty ; (9.9) and its worst earliest
starting time Trj ©.7).

Using the worst case earliest starting time and the worst case latest completion
time, the free sequential margin can be expressed as follows :

2 Positive lateness.
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mseq(OkJ) = min(msn(Ok_’j),msg(Ok,j))
msn(Ok ;) = Cr j = Pr.j = Ti.

mgg(Ox.j) = My, 1 eGX 1#) Crj— Zvoky,eckk Pl — Ty j
8 8
J J

For a given group of permutable operations, several situations may occur:

e All the free sequential margins of the current group are positive or zero, in that
case whatever the chosen operation, all possible permutations on the group will
give schedules with no tardiness. Nevertheless, choosing the operation with the
highest group margin permits to maximize the margins.

e There is at least one operation in the group which presents negative free sequen-
tial margin. In that case, there may be sequences in this group which give tardi-
ness, but it is also possible to have sequences with no tardiness:

e If all net margins are positive then there may be sequences on this group with
no tardiness. It is recommended to execute the operation with the highest group
margin in order to increase the negative margins, trying to make them become
positive.

e If there is at least one operation with a negative net margin then all possible
permutations on the group will give late schedules.

An industrial manufacturing scheduling software named ORDO have been de-
veloped in France, based on the concept of groups of permutable jobs and using
the free sequential margin indicator at the shop floor. At the early 2000s ORDO
was used in more than 70 make-to-order manufacturing companies. The software is
described in [21] and more references can be found in the book [17].

9.4.2.2 Multi-Criteria DSS

The free sequential margin is the only criterion used in an industrial context (ORDO
software) to help the operator choose an operation within a group of permutable
operations. However, with only one criterion at his disposal, the operator has little
choice to make his decision.

An experiment conducted at the University of Nantes has tried to evaluate if a
DSS composed of several criteria could be more efficient [18]. This experiment was
realized on a real manufacturing system that can be represented by a six machines
job shop problem. During the first stage decision set, groups of permutable opera-
tions with a fixed scenario were computed. In the second stage, 18 students at the
end of their bachelor degree in production management studies have played the role
of the operator. Each student was asked to schedule in real time a single workstation
(the same for each student), by choosing an operation within a group. The objective
given to the students was to minimize the tardiness, measured by the L.
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The students were separated in two equal groups. The first one has only the free
sequential margin at his disposal while the second group has five different criteria
to make his choice:

e The best earliest schedule evaluation, which gives the best predictable quality of
the schedule if the operation is chosen

e The worst earliest schedule evaluation, which gives the worst predictable quality
of the schedule if the operation is chosen
The operation’s free sequential margin,
The operation’s sequence in the routing,
The operation’s processing time

For the second group, students have to explicitly query for each criterion, one by
one. Thus, the criteria used to help the operator for taking his decision are registered.

The performance of the human-machine system is measured through the qual-
ity of the decision process and not through the scheduling performance. Indeed,
it would only take one “bad” decision to downgrade the scheduling performance.
The quality of the decision making process is evaluated through the proportion of
“good solutions” taken by the operator. A solution is considered “good” if it is not
dominated by another potential choice considering the L.

The results, presented in form of Boxplots (Fig.9.11), show that with a multi-
criteria DSS, the proportion of good solutions increases, and this effect is significant.
Using the multi-criteria system the mean proportion of good solutions is 0.86 while
it is 0.78 using only the free sequential margin. However, Fig. 9.12 shows that the
free sequential margin remains the most used criterion, the best and the worst case
evaluation are the less used.

This experiment indicates that with a multi-criteria DSS the quality of the deci-
sion process is better. Concerning the criteria, the free sequential margin remains the
dominating criterion. This is not surprising because the instruction was to minimize
the tardiness and this criterion measures the capacity to absorb expected delays. The
best and the worst earliest schedules are less used. This can be explained by the fact
that they have a great anticipation effect contrarily to the operation’s sequence and
the operation’s processing time. These two criteria give direct information on the
operation and thus are better understood by the operator.

Multi-criteria

system

Free

sequential margin

I I I I
20% 40% 60% 80% 100%

Fig. 9.11: Proportion of good solutions
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Fig. 9.12: Average proportion of queries by criterion
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