Journal of the Operational Research Society (2002) 53, 895906

2002 Operational Research Society Lud, All rights reserved. 0160-5682/02 $15.00 'a#e

www._palgrave-journals.comfjors

Comparing an ACO algorithm with other heuristics
for the single machine scheduling problem with
sequence-dependent setup times
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W comparc several heuristics for solviip a siiple machine scheduling problem. In the operating situation modelled,
selup limes are sequence-dependent and the objcctive is to minimize total tardiness. We describe an Ant Colony
Optiruzation (ACO} algorithin having a new feature using look-ahcad information in the transition rule. This fealure
shows an improvement in performance. A comparison with a genetic algorithm, a simulated annealing approach, a local
search method and a branch-and-bound algorithm indicates that the ACO that we describe is competitive and has a

certain advaatage for larger problems.
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Introduction

Industrial production scheduling constitutes a fertile field for
both researchers and practitioners of operational research.
The inferest in this field is generated not only by the
problem-solving chalienge that it offers but also by the
practical results that can be achieved, However, researchers
such as McCarthy and Liu' and McKay and Wiers”® have
remarked on the sometimes widc gap between the theore-
tical problems treated and those met in praciice.

The development of efficient solulion procedurcs for
the scheduling of jobs in a casting centre belonging to a
Canadian multinational firm is the principal aim of the
research reported in this paper. The authors have previously
reported”™ details of successtul work in this area of meta-
neurnistics, The aim of this paper 15 to describe the perfor-
mance of some extensions to the ant colony optimization
(ACO) algorithm™® which has already demonstrated ils
usefulness in this industrial situation and is presently ncor-
porated 1n soliware usced by the firm, This paper presents a
comparison with a genetic algorithm, a simulated annealing
approach, a local search methed and a brunch-and-bound
algorithm which indicates that the ACO that we describe is
compctitive and has a certain advantage for larger problems.

In the casting centre, holding furnaces contain molten
metal ready to be poured. They may require certain draming
and cleaning operations of varying durations between the
casting of two successive jobs for different metal alloys.
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These operations may be seen as the setup operations dealt
with in the literaturc. We seek a schedule for current
released jobs that takes into account these sequence-depen-
dent setup times as well as multiple objectives. We validate
the performance of the new elements that we have intro-
duced by solving a known problem from the literature, the
single machine preblem with sequence-dependent setups,
and we use published benchmark problems’ in our compar-
isons. This allows us to compare our results with those
previously published for various metahcuristics.

The single machine scheduling problem

It 18 possible to achieve mteresting practical results through
the siudy of single machine shops. For example, there may
be a bottleneck machine that strongly influences pertor-
mance and which allows a more complex shop to be ade-
guately modelled as a single machine.

In the scheduling of a single machine shop, the minimiza-
tion of total tardiness, an objective that seeks to improve
customer service, has proved useful. Du and Leung® have
shown that thig problem is NP-hard. Wisner and Siferd” find
that meeting target delivery dates is the most important
scheduling objective and indicate that 58% of production
planners actively seek to meet delivery dates.

Solution methods for the single machine scheduling
problem with constant setup times are abundant in the liter-
ature. Koulamas! reviews the total tardiness minimization
problem and points out that many solution approaches are
avallable for the single machine problem. He proposcs a
classification of existing methods as opfimal or heuristic.




696 Journal of the Qperational Research Society Yol. 83, No. &

The first class includes dynamic programming, branch and
bound and hybrids including both. The class of heuristic
methods can be further broken down to sub-classes includ-
ing constructive algorithms, local search methods and de-
composition methods. Results indicate that iocal scarch and
decompositicn approaches are generally more effective than
construction heuristics,

Two major theorctical deveiopments concern the single
machine scheduling tardiness minimization problem.
Emmons'’ developed the dominance condition and solved
two particular cases with constant setups. Lawler, ' among
others, wrotc on subject of the decomposition principle.
These contributions allowed the development of optimal
solution precedures but they also inspired the construction
of various heuristics.

In their 1999 paper, Bauer ¢ af*” present an ACO pro-
cedure for solving the single machine total tardincss mini-
mization problem and report good results. In 2000, den
Besten et af'* solved the single machine total weighted
tardiness minimization problem using a heterogeneous
colony of ants and they too indicate the success of their
approach. Merkle and Middendorf'® describe an ACO algo-
rithm having an innovative pheromone evaluation rule for
solving this same problem.

Il:"r

Scheduling with sequence-dependent setup times

Adding the characteristic of sequence-dependent setup times
increases the difficulty of the problem of minimizing total
tardiness on a single machine. This characteristic invalid-
ates the dominance condition as well as the decomposition
principle.'®

The unportance of explicitly treating sequence-dependent
sctups in production scheduling has been presented a number
of times in the literature, In particular Wilbrecht and
Prescott’’ state that this is particularly true where production
equipment 1s being used close to its capacity levels.
Wortman'® states that the efficient management of produc-
tion capacity requires the consideration of setup times.

Many practical industrial situations require the explicit
consideration of setups and the development of appropriate
scheduling tools. For example, Pinedo'” describes a manu-
facturing plant making paper bags where setups are required
when the type of bag changes. The duration of a setup
depends on the similarity of the bags made in the preceding
lot. A similar situation was observed in the plastics industry
by Das er aI*” and Franca ef a/.*' The printing industry also
has setups that are sequence dependent because various
cleaning operations are required when the print colours
are changed.”* The aluminium industry has casting opera-
tions where setups, mainly affecting the holding furnaces,
arc tequired between the casting of different alloys.” The
textile, pharmaceutical, chemical and metatlurgical indus-
trics present othcer practical examples where sequence-
dependent setups are frequently observed.

[n 1999, two reviews of problems with sequence-depen-
dent sctups were published. The authors proposed different
classifications of the field but arrive at similar conclusions.
Allahverdi ef a*? identify gaps in existing research, includ-
ing in the underlying theoretical underpinnings and in the
treatment of multiple objectives. They state that few papers
have treated the many industrial applications having
sequence-dependent setups in combination with the objec-
tive of mecting delivery dates. Their general conclusion is
that scheduling wherc sequence-dependent setups are re-
quired is a fertile area for further research. Yang and Liao™
observe that there are few comparisons of the solution
methods developed for this problem. They makce the same
observation concerning the applications of the various
methods available in practical situations.

The literature is not extensive for the single machine
scheduling problem with sequence-dependent setup times
where the objective 1s to meet delivery dates or to reduce
tardiness, however Lee ¢f @i have proposed the Apparcnt
Tardiness Cost with Setups (ATCS) dispatching rule for
minimizing weighted tardiness. Among other authors who
have treated this problem, we find Ragatz"® who proposed a
branch-and-bound algorithm for the exact solition of smal-
ler instances. A genetic algorithm and a local improvement
method were proposed by Rubin and Ragatz'® while Tan
and Narasimhan®’ used simulated annealing. Finally, Tan et
al’ present a comparison of these four approaches and
conclude, following a statistical analysis, that the local
improvement method offers better performance than simu-
lated annealing, which in turn is better than branch-and-
bound. In this comparison, the genetic algorithm had the
worst performance,

Let us now consider the formal definition of the problem
of scheduling a single machine having sequence-dependent
setup times where the objective is the minimization of total
tardiness.'® Let there be » jobs to produce, all relcased at
time zero, and which must be completed without interrup-
tion on a singlc machine, Each job j has as attributes its
production duration py, its delivery date d;, and its setup time
3i» which 18 1ncurred when job j is undertaken following job
i 1n a job sequence {J. We define O = [Q(0). O(0), ..., Qi{n)]
as the Job sequence where ()(;) 1s the subscriptl of the jth job
in the sequence and where () = 0. The machine is
continuously available through the planning period and
can process only onc job at a time. Once a job is started it
must be completed without interruption, The end time of job
j 18 expressed as:

;
Con = Z [So— 1060 T Pora
1=

The tardiness for this same job j is cxpressed as:

fory = max{o, copy — dg pl
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The objective to minimize is the total tardiness T for the set
of jobs to be produced and is expressed as:

To=) loy
=

In this paper we present an ACQ algorithm which has
certain advantages for this case. In particular, it allows us
to use various elements of information about the problem to
better direct the search for good solutions. Morcover, the
basic algorithm has already demonstrated its capacity to
perform well in comparison to other metaheuristics in an
industrial setting.” Our objective was to improve on this
performance on the one hand by including extensions
suggested in the literature, and on the other through the
use of new clements that use broader information in the
transition rule. The validation of the effectiveness of this
metaheuristic in solving the single machine scheduling
problem described will be presented in terms of the solution
quality and the computation times. We compare cur results
to those reported in the recent study of Tan ef al.’

An ACO metaheuristic for the single machine
scheduling problem with sequence-dependent setup
times

The basic ant colony algorithm

The pioneering work of Colori er g’ and Dorigo® was
inspired by studies of the behaviour of ants.*® Ants commu-
nicate through pheromones deposited on the ground in
varying intensities as thcy move about. As more ants use
the same path, more pheromone is deposited. Ants tend to
follow these pheromone trails and in this manner, they
communicate with each other as to the lecation of food
sources. When an obstacle blocks an existing path, some
ants will avoid it on the right side, others on the left side.
Those having found the shorter path will rejoin the previous
pheromone trail more quickly. This results in a more rapid
buildup of pheromone on the shorter path, and still more
ants will be attracted to it. In this way the favoured path from
a nest to a food source tends to that having the shortest
distance. The solution of the travelling salesman problem
(I'SP) was one of the first applications of the ACO.
Various extensions to the basic TSP algorithm were
proposcd, notably by Dorigo and Gambardella.®® The
mmprovements include a modified transition rule calied the
psetdo-random-proportional rule, global and local trail
updating rules, the use of local improvement rules based
on the restricted 3-opt method™ and the use of a restricted
candidate list as is common practice in large scale
problems.>’ These extensions have been included in the
algorithm preposed in this article. In other papers, previous
authors such as Colorni et al,’ Dorigo ef uf,u and Dorigo
and Di Caro™ provide details concerning the operation of
the algorithm and choices of the parameter values. The

algortthm described in this section is referred to in the
literature as the 4CS-TSP*

An augmented ACO for the single machine scheduling
problem with sequence-dependent setup times

The TSP may be used as a starting point in modelling the
single machine scheduling problem where the objective is to
minimize the total time taken to process all jobs (the
makespan). However, where total tardiness minimization is
the objective and where setup times are sequence-depen-
dgent, the problem is more difficult. Processing and setup
times may still be used in a manner analogous to inter-city
distances in the TSP, but they can only serve as an indirect
guide in total tardiness minimization because they are fre-
quently quite unrelated te due dates. [n addition, the existence
of sequence-dependent setup times reduces the efficiency of
local search methods because it requires a complete re-
evaluation of the objective function rather than an adjustment
for the local effects.

Figure 1 outlines our procedure and we will now address
the details of each step.

Step 11 Pheromone initialization

At each period, given that the previous job added to the
sequence was job i, the ant chooses the next job te append
by conswdering, among other factors, the pheromone trail
intensity 7,{¢). At the initial iteration, the trail intensity 7,{0)
for all job pairs (i,7) is initialized to a small positive quantity
Tg. Subsequently, the pheromone trail will contain informa-
tion based on the solution quality and the number of times
ants chose to make jobs (i} adjacent,

Step 2: Main loop

In the main loop, each of the m ants constructs a sequence of
# jobs. This loop is exccuted for f,, cycles.

Step 2.1:  Ser initial job

For each job sequence constructed, in order to maintain
continuity, the last job produced during the previous
period is taken to be the initial job. This job determines
the nature of the setup required before the first job of the
current penod may be produced. This setup is taken into
account when the fitness, Lz, of a job scquence £ is
determined. The fitness is the total tardiness of the job
sequence with respect to the duc dates of each of the jobs.

Step 2.2:  Each ant builds a job sequence

Pseudo-random-proportional transifion rule, From an
existing partial job sequence, an ant must choose the next
job to append. As trail intensity 1,{f) incrcases, the
probability that adjacent job pair (i} will again be
chosen by another ant also increases, but a compromise
1s made between the trail intensity and other elements.
This choice 13 made using a pseudo-random-proportional
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{* STEP 1 : PHEROMONE INTTIALIZATION */
For each pair of jobs (i) do
Set an initial value 7{0) = g
End For
et T, be the best job sequence found so far and let L. be its total tardiness

f*STEP 2 : MAIN LOOP ¥/
Fort=1tot, . do
™ STEP 2.1 : SET INITIAL JOB %/
For k=1tomdo
Set the initial job for ant &
Store this information in Tabu,
End For
{* STEP 2.2 : BUILD A JOB SEQUENCE FOR EACH ANT ¥/

Let T be the best job sequence found in the current cycle and let L. be its total tardiness
Fori=1tondo
Fork=1tomdo

Choose the next job j, j& Tabu,, among the cf candidate jobs according to:

o

arg max, 7)™ [ﬁ]ﬂ' [fnl"fﬂﬁ' [}&"T fg<q (N

if

h.f if g > ga
where J is chosen according to the probability :

Iz, 6" {_LT. 1|

5 i i B,:,—

> [ra(r)]“'[éf:ﬁ'[f?m:ﬁ' [f

LeTadug

Store this information in Tabu,
Local update of pheromone trail for chosen job pair (i,f):

(6= pe - a(t) + (1-p¢) - Aty where ATH=To (3)

End For
End For
{* STEP 2.3 ; EVALUATION OF SOLUTIONS AN IMPROVEMENT METHOD */
Fork=1tomdo
Compute the total tardiness L) for the job sequence 7,¢) produced by ant &
Apply local improvement method for the sequence Tif) and recompute L,

If an improved sequence is found then update ¥, and L.
End For

{* STEP 2.4 : GLOBAL UPDATE OF PHEROMONE TRAIL */

i) =

(2)

For each adjacent job pair (i,j) € 7x do
Update the pheromone trail according to:

ty(t+1) = s - )+ (L e) ATy ) where ATilt)= 1 (4)

End For

Empty all Tabu,
End Feor

Print the best job sequence T, and its total tardiness L.,

Figure ! The ACO algorithm for the single machine scheduling total tardiness minimization problem with sequence-dependent
selup limes.




7 Gagné &t ai—Comparing an ACO algorithm with other heuristics for the single mackine scheduling problem 893

transition rule expressed in Equations {1) and (2} of
Figure 1. In Equation (1), ¢ is a random number and gy
is a parameter; both arc between 0 and 1. Parameter g
determines the relative importance of the exploitation of
existing information and the exploration for new solu-
tions. Equation (1) states that the next job will chosen
either by a greedy rule (wherc g < g4) ot by a probabil-
istic rule (Equation (2)} where ¢ > ¢,. Equation (2)
describes the biascd cxploration probability rule ﬁi}{!}
appropriatc for the scheduling problem that we treat.

Visibility. For this scheduling problem, two matrices are
used to represent the two elements that influence total
tardiness: the sctup times and the slack tumes. These two
matrices represent the visibility information analogous to
the distance matrix in the TSP

The setup time matrix is of dimension [n+41. r]. Note
that the last job of the previous period 13 represented by
an additional row. The elements of this matrix are the
relative setup times where 5;; = 5,/ Max s;;.

The slack time matrix favours respect of due dates
and the minimization of total tardiness. It represents
the relative slack if job 7 is produced immediately follow-
ing job { The slack of a job 18 defined as
my; = max{(d; — p; —s.),0} and the second matnx is
composed of clements my, = my/Max sy,

We use the relaiive values for the two matrices of setup
times and slack umes to facilitate the trade-offs that the
algorithm will seek to make between these two elements.
The parameters fi and & allow control over the behaviour
of the algorithm and the weight that 1s given to one or the
other of these elements in the makeup of the distance
measure used in the algorithm.

Selection lists. [t is necessary to cnsure that a job that
has alrcady been placed in the sequence being con-
structed is not again selected. For each ant, a Tubu hst
of those jobs that cannot again be selected 15 therefore
maintained.

The use of a candidare Iist imits the number of chotces
for the next job to place in the sequence. In the scheduling
problem treated, the candidate list 1S composed of those
jobs having the smallest slack times. The calculation of
the slack for job 4, where j¢ Tabu, following job £, 1s donc
according to the definition of m,;. The list of jobs { j} 18
then sorted in increasing order of slack and the first ¢f of
these become the candidate list for job |

Look-ahead information.  Usually, n the transition rule,
the selection of the next order to place in the scquence is
the result of a compromise between the trail, information
on past choices, and the visibility, information derived
from the problem parameters. We propose the addition of
look-ahead information about the potential of the current
partial solution. Michel and Middendorf> proposc a dif-
ferent form of look-ahead function which works by evalua-

ting the trail intensity resulting from a choice. Closer to
our work is Maniczzo ® who uses a lower bound te
estimatc the quality of a partial solution and this value
replaces the visibility in the application of the fransition
rule. In our procedure, we computc a look-ahead term
using the lower bound and add it to the other information in
the transition rule.

The lower bound on the total tardiness of the partial
solution, including the job j presumed to be the candidate
choscn following job 4 1s calculated according to the
tollowing: B, =171, + Ty - We take the actual value,
Ty, generated by the current partial solution, ¢, and
add the consequences of one of the candidate choices as
well as a lower bound, Ty, on the remaining uncom-
pleted portion, (. The computation of the lower bound
for the uncompleted portion follows the methed used in
the branch-and-bound computations of Ragatz,*® and
later in Tan ef al.’

Equations (1) and {2) related to the transition rule are
again modified by the addition of a new term, E’E}-. which
represcnts the look-ahead information. Relative values are
again used to obtain a normalized measure and the para-
meter ¢ controls the weight of this information. The lower
bound for a partial solution in¢luding the candidate job ;
is calculated as follows: B, = B,/Max B;. We have car-
ried out numerical cxperiments to study the performance
of this new clement in the ACO algorithm and our results
arc presented 1n the next section.

Local trail update. To avoid premature convergence, a
local trail update is introduced. This updating effects
1 temporary reduction i the quantity of pheromone
for a given adjacent job pair so as to discourage the
next ant from choosing the same adjacent job pair during
the same cvele. When an ant selects a job, a local update
is made to the trail for that job pair according to Equation
(3) of Figure 1. In this equation, p, {0 < p, < 1) 15 a
paramcter thal delermines the rate of reduction of the
pheromone level. In this case Az, = 1, which is the initial
trail, a small positive quantity. The pheromone reduction
is small but sufficient to lower the attractiveness of job
pair {i,/). [f a good solution incladmg (i) 15 found in the
cvele, the global trail update will again increase the
pheromone level for job pair (7). The exploratien of
new solutions durtng a sequence 1s thus encouraged.

Step 2.3:  Evaluation of solutions and local
improvement methods

We have included two local improvement methods in
the ACO algorithm. The first of these two methods
is the restricted 3-opl method described by Dernige and
Gambardella.®” This method has the characteristic of not
inverting the complete job sequence, which is important
where setup times are sequence dependent. The second
method, called Random Search Pairwise Interchange
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{RSPI), proceeds to mvert each pair of adjacent jobs in
turn. This method was used by Rubin and Ragatz'® either
alone or in conjunction with a metaheuristic. The results,
of Tan et ol indicate that the RSPl produces better
solution quality than simulated annealing, branch-and-
bound and the genetic algorithm if sufficient computation
time is allowed.,

One of these local improvement methods is applied to the
path found by each ant, The choice of method is made by a
random (fair coin toss) choice. The restricted 3-opt methad,
in which one passes only once through the list of adjacent
pairs, 1s applhed n order to reduce the computation times,
which is particularly important if the problem size is large.

Step 2.4:  Global update of pheromone trail

The quantity of pheromone to be added to the job pair (i,/)
1s therefore proportional to the quality of the sequence
obtained by each ant. The pheromone trail is updated at
the end of a cycle, but only for the job pairs (i) in the
best solution found in the cvcle L.. Equation (4) of Figure
1 18 used for the global trail update. In this equation (4},
pg (0 <p, < 1) plays the same role as p in the basic
algorithm. This change allows both for the evaporation of
the trail deposited at the end of previous cycles and the
additions to be made at the cuwrrent cycle. The original
authors suggest that the combination of this global trail
update along with the new transition ruic will improve
convergence of the ACO.

In most cases, the vatues of the parameters in the ACO
algorithm follow the suggestions given by Dorigo and
Gambardella®” and in the remaining cases, the values have
been determined through direct numerical experimentation.
The trail is initialized to the value, 7, = (n- L)' where n
is the size of the problem and L,,, is the result of a solution
obtained either randomly or through some simple heuristic.
The remaining parameters have been assigned the following
values: p, =p, =09, m=10, g, =09 and ¢/ =03-n
with a lower bound equal to 10, Further the maximum
number of cycles without improvement of the best known
solution is fixed at 50. Note that the values of %, §, § and ¢
have been adjusted empirically according to the problem
characteristics (processing time varance, tardiness factor,
due dates range) and take values between 1 and 4. For
example, where the due-dates are such that tardiness factor
is high, more weight 1s given to the slack matrix.

The next section presents the ACO that the authors have
designed for the solution of the scheduling problem with
sequence-dependent setup times.

Numerical experiments and results

The numerical experiments use the set of 32 test problems
devised by Rubin and Ragatz'® and available on the Internet
at (http: /mgt.bus.msu.edu/datafites.htm). The problem set

1s divided by size into four groups of problems having 15,
25, 35 and 45 jobs, respectively. Moreover, the eight prob-
lems of each group were derived from a 2 x 2 x 2 experni-
mental plan related to three charactenstics each of which
may be adjusted to one of two levels, These characteristics
arc the processing time variance (PTV), the tardiness
factor (TF) and the due dates range (DDR). The operation
times of the jobs are normally distributed with an arbitrary
mean of 100 umts and the setup times are uniformly
distributed with a mean of 9.5 units.

A first comparison secks to evaliate the impact on solu-
tion quality of the look-ahead mformation that we have intro-
duced inte the transition rule. Wc present the results of
two different versions of the ACO for the 32-problem set.
One version is as illustrated in Figure 1 while the second
does not include look-ahead information but is identical in
all other respects. Table 1 shows the percentage difference
with respect to the best solution found by the branch-and-
bound algorithm for the best ACO solution, the median ACO
value and the worst ACO solution. The branch-and-bound
results are drawn from Tan e/ ¢f.” Those branch-and-bound
results that are optimal are indicated by an asterisk, and in
other cases computation was stopped after a maximum of
five million nodes were generated. The first columns of the
table show the problem characteristics, For each algorithm,
the times shown are the averages of the 20 selution runs.

From Table 1, we note that, in general, the logk-ahead
information has allowed an improvement in solution quality.
Six exceptions are indicated by a double asterisk in the table.
In five of these si1x cases the quality drop is less than 1%. In
the remaining case, problem #705, the median value of the
gap with the branch-and-bound solution has dropped from
3 to 5.6%.

There has been an increase in computation times duc to
the use of look-zhead information. Generally, as Table 1
shows, solution times have increased by less than a factor ol
two, although in some instances the increase is higher. Cur-
rently, look-ahead mmformatton is computed every time the
transition rule is used, but we feel that a morc sclective use
of this information would allow us to retain the solution
quality mmprovements while imposing a lesser computa-
tional penalty.

We analysed our results to determine whether the quality
improvements observed have statistical significance. Unfor-
tunately, when many of the results are identical, as is the
case here for many problems, the usual statistical tests are
unhelptul because of the lack of variance in the data being
analysed. However, Conover and Iman’s® result allows us to
use a parametric f-test on the average ranking for problems
where, for each algorithm, less than 80% of the solutions
obtained arc identical.

Our procedure is as tollows:

e Fach problem 1s solved 20 times with each of the two
algorithms.
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Table 1 Experimental ACO results for 32 problems with and without look-ahead information

ACO without lovk-ahead information ACQ including look-ahead information
% to AL R o ta B&B
Average vun Avcrage nin

FProblem # Jobs PTV TF DDR Bd&S Pest  Median Worst fime (ajT Best Median Horst time {5}
Proh41 15 L L N g)* 0.0 2.2 | 5.6 (.25 ().} 4.4 7.8 1.25
Prob402 15 L L W 0% (.0 0.0 0.0 0 0.0 0.0 .0 0.05
Proba(3 | 5 L M N 3418% 0.0 1.9 2.8 1.15 0.0 1.1 2.1 1.45
Prob404 15 L. M W 1067 0.0 0.0 4.1 0.20 0.0 0.0 0.0 1.35
Prob405 13 H L N (0* 0.0 0.0 0.0 0.05 0.0 0.0 0.0 0!
Prob406 15 H L W 0* 0.0 0.0 0.0 0" 0.0 0.0 0.0 0}
Prob407 15 H M N 1861 * 0.0 0.0 6.4 {J.94} (.0 (0.0 1.1 1.45
Prob408 I5 H M W SO6(* 0.0 1.4 2.5 1.00 (0.0 1.1 1.5 1.45
Prob501 25 L L N 264 —0.4 1.1 4.5 5.70 — 1.1 0.8 1.9 715
Proh502 25 L L W {J* 0.0 0.0 (.0 0. 10 0.0 (3.0} (.0 0.15
Probs03 25 L M N 3511 -0.2 {).3 1.9 3.50 —0.4 .3 {1.9 7.80
Prohs04 25 L M W ()* 0.0 0.0 ().0) 0.05 0.0 0.0 $.0 0.20
Prob3505 25 H L N 0* 0.0 0.0 (0.0 0.10 0.0 ().0) .0 (.10
Prob506 25 H L W 0* 0.0 0.0 0.0 (.10 0.0 0.0 0.0 (.10
Prob307 25 H M N 7225 0.6 2.2 3.4 7.60 {),7%% 1.8 3,7k 9 R0
Prob308 25 H M W 2067 —34 12.2 24.0 6.85 —59 59 14.2 8.55
Proba01 35 L L N 30 —40.0 -33 40,0 16.25 —46.7 —13.3 6.7 2975
Probo(2 33 L L W * (.0 0.0 0.0 0.35 0.0 0.0 0.0 ().44)
Prob603 35 L M N 17774 0.0 (3.6 2.2 21.75 —0.5 0.1 (.3 32.20
Probo04 35 L M W 19277 —0.1 0.5 1.2 23.20 — (.8 0.3 1.3%* 32.15
Prab605 35 H I. N 291 —134 —4.8 7.9 13.74 — 15.1 — 8.8 — 1.0 30.95
Prab60é 35 H L W Ik 0.0 0.0 0.0 (.30 0.0 0.0 0.0 .35
Probo6(7 35 H M N 13274 -1.9 —04 2.2 23.50 —14%¥* 1.6 ().6 27.90
Prob608 35 H ™M W 6704 218 —17.8 —13.5 0.40 —294 —34.8 - 20.1 33.00
Proh701 45 L L N 116 —8.6 —34 19.0 32.60 —11.2 — 5.6 0.0 8315
Proh702 45 L L W O* 0.0 0.0 .0 .90 0.0 (3,0} 0.0 (.95
Prob7{}3 45 L M N 27097 —1.0 —{1.2 0.5 14.55 —1.6 — 1.0 —{).5 G1.75
Proh704 45 L M W 15941 —23 -0.2 1.0} 36.25 —2.5 —1.1 —(.3 R9.15
Prob705 45 H L N 234 —{).6 3.0 25.6 61.05 — 5. 1** 5.6%% 15.4 77,55
Prob7i)é 45 H L W () (.0 0.0 0.0 (.80 0.0 {1.{) 0.0 (.90
Prob707 45 1Im M N 25070 —2.0 — 1.0 —0.1 (.30 —4.2 —33 —2.9 TR.55
Proh708 45 H M W 24123 —2.2 ~0.4 0.5 47.56 —32*¥» 17 —0.6 B, 7T

Legend: B&B = branch-and-bound method; PTV = processing time variance; TF = tardiness factor; DDR = duc date range: L = low;
H = high; M = moderate; N = narrow; W = wide.

*Indicates optimum solution.

**Look-ahead information has not improved solution quality.

Mntel Pentium [ personal computer (733 Ml z; 256 MB RAM).

TSolution times less than 1s for cach of the 20 runs for a problem.

¢ [f 16 (80%) or more of the solutions found with either  algorithm that includes look-ahead information offers solu-
algorithm are identical, the problem is not considered in  tions of better quality. The 18 problems considered by this
the comparnison. Thus, 14 of the 32 original problems  test are listed in column I of Table 1 in bold characters.
were rejected. These results have encouraged us to conclude that using

s Lor cach of the 18 remaining problems, the 20 results for  look-ahead information contributes significantly to improv-
each algorithm are combined into one table and ranked  ing solution quality and we therefore proceeded to compare
from best to worst. Thus there are a total of 360 cases for  this version of the ACQ algorithm to the genetic, simulated

cach algorithm version. annealing and RSPI local improvement heuristics and the
¢ For each algorithm, the average rank 1s calculated and  branch-and-bound algorithm presented in Tan et @l Each of
compared. the problems was solved 20 times both in the results quoted

from the work of Tan er 4/’ and in our ACO algorithm
Table 2 presents the results of this statistical test which experiments. We worked on two different computers. In an
allows us to draw the conclusion that the version of the  attempt to reproduce as closely as possible the experimental
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Table 2 ¢-Test tor a comparison of two mean ranks for the 18
problems considered: two samples with d&ifferent vanances. The
significance level for the test is 5%

Withot Including
look-ahead lonf-ahead
information information

Mean rank 24 189 16.811
Variance 137.741 g8 591
Nurmber of cases 360 360
-value U356

2-tatled prob. (.000

conditions of these latter avthors who worked on an Intcl
Pentium 90 MHz machine, we obtained an Intel Pentium
100 Mhz computer. We were, however, unable to compare
other machine characteristics such as the available RAM.
and we realize that our comparisons can only be approxi-
mate. The ACO algorithm is coded in the C language. Note
that the algorithms compared in Tan ef al’ were coded in
different languages.

Table 3 presents the details of this comparison in a {orm
stmilar to that of Table | and shows the same three per-
formance indicators. Tan et al’ presented a statistical analysis
showing that the RSPI method performed better than the
other approaches tried and so it is used in the comparisons
with our resuits that follow.

The values of the ACO parameters «, £, 9, and ¢ were sct
te identical values for all problems having the same char-
acteristics. Thesc parameters were adjusted following
empirical tests on the morc realistic larger-sized problems.
The results of a number of tests allow us to conjecture that
the ACO algorithm could have performed better for the
small problems had we specifically adjusted the paramcters
for them.

In Table 3, the results identified by the symbol “+° are
those where the ACO is better thun RSPI, Those indicated
by the symbol ‘44’ show wherc RSPY has produced a
better result. We note that the smaller problems having 15
and 25 jobs are more easily solved by the RSPI. The ACO
algorithm has & better solution 1n only three such cases as
compared to 16 for the RSPI. For the 35-jeb problem group,
performance of the two methods is about the same. For the
larger problems, the ACO performs 12 times better
compared to the RSPI method, which is six times better.
We cbserve that the ACO algorithm has a relative advantage
for the larger problems.

A statistical analysis allowed the confirmation of the
summary conclusions, Tan et al’ graciously furnished us
with their detailed results to allow this analysis to be made.
As In the statistical analysis of Table 2, the problems for
which the two heuristics produced 80% or more identical
results were 1gnored to avold a preponderance of ties. The
14 problems considered are indicated in column one of
Table 3 m bold characters. Table 4 shows the statistical

analyses on the average rank grouped by problem size.
Because the problems of 15 jobs showed little variation in
results among methods they were not considered in this
analysis. Part (1) of Table 4 shows that the RSP]1 method has
the better performance for problems of 25 jobs, part (b)
indicates that the two heunstics offer equal performance and
part (c) shows that for the larger problems, the ACO
algorithm 1s superior. In summary, the statistical analysis
confirms our earlier remarks.

The number of times that a heuristic 1s superior to another
does not, however, convey the degree of difference in
performance. For this reason, the average percentage differ-
ence ftor those cases where onc method is better than the
other has been calculated, using the median results. The
RSPl heuristic shows a 2.87% lead over the ACO in cases
where it 15 better, but the ACO has a 13.89% lead over the
RSPI m those cases where the ACO 1s better. We note,
therelore, that using the ACO can produce a much better
result than the RSPI but it is not likely to be, even in the
worst case, much worse than the RSPT result,

Particular cases in the results in Table 3 have been noted:

o the RSPI has better performance for the eighth problem
of each group, that problem where PTV is high, TF is
moderate and DDR is large;

e the largest difference m results i1s observed for problem
#5308 between the median and the worst case results.

It 15 likely that these differences could be lessened were
the parameters of the ACO adjusted to the characteristics of
these specific problems.

In other problems the ACO algonithm produces much
better results:

o for the first and fifth problems {those with low TF and
close DDR) 1in the 35 and 45 job problem sets;

s for the odd numbered 45-job problems of Table 3
(indicated by a double asterisk);

o for all problems having closely spaced due-dates, the
ACO algonthm 1s better for all three performance
MEasurcs;

We note that the ACO algorithm uses specific information
concerning the setups and the due dates in the form of the
two distance matrices and it is, no doubt, this information
that allows a greater measure of success in meeting the due
dates. Finally the second and the sixth problems of each
group proved easy for both solution methods.

Table 5 presents further statistical #test on the mean rank
for those problems having the same PTE, TF and DDR
chargcteristics, Again those problems for which 80% of the
results are identical have been set aside to avoid a prepon-
derance of ties. The second and sixth problems were alse set
aside since they were easily solved to optimality by both
approaches. Analyses (a), (b) and {d) of Table 5 show that
the ACO algonthm 1s superior for the first, third and fitth
problenis of cach job-size group. Analyses (¢), (e) and (I) of




C Gagné et ai—Comparing an ACO algorithm with other heuristics for the single machine scheduling problem 903

Iandwos jeaosiad ZHIN 00| wnnuag, 1ndwmod euosiad Zi{ N 06 WNYUIJ,

'0°9 ST UOLNIOS 1SI0M 24} 0 Aq SIPIALT,

‘QIV UE 1ag2q 51 A5, 4

Td5Y UEHL 194aq ST OOV

uonnjos wnumdo saeaTpuy

aplm = A

AMOLIBU = N SIRRPOW = ] YFY = [ ‘Mo = 7T dBUeI ajep anp = JqJ :1010€] ssaupIe] = ], ‘ooueues awg Juissadoid = AL POYPSW pUnoOq-pue-yauriq = gavg pusde

01 9Le?d 30— LI— &t 009t pabt— 46t — L 0F— 07— TE— 0Ov— 101 TL %L tCIre M W H v ROLQuid
SOFCsT 46T — Lt — L TF 009¢ 9C— 67— FPe— ¥0— S§T— Fit— £9 81 F'l—  00sC N W H v L0LQ0id
96 HLL 00 00 {09¢ 00 00 00 00 00 00 00 00 00 #0 M 1T H ¥ 90.L499%4d
688911 L¥51 L9¢ LUe— (09¢ 1'tC ¥Rl &8 ['e S02 &8 SPIT t6% PEs Pl N 1 H 15 N PR L
ORI (1 I'r— 8¢— 009 + +8°1 ++L T 4t — O Z1— ¢ve— 01 T— $C—  Ir65l M W T S F0Lqedd
¢C8E97 40— 01— 9 009¢ I'o c0— 0 Bl N <0 1= 5 &1 TO—  L60LZ N W 1 “F t0490id
T A 00 00 (9t 00 00 00 00 00 () 00 EEH 46 () M T 1 v Z0iqoid
coioll 400 25— L1l — 009t F'8T et L1 Sor tel L1 UBIL B'CY  ®LS 911 N T 71 s 1049044
ST OBX [O0C— 8%~ vol— GOBI +4006C0— L 260 Fo6i— 690— 00— Fo6l— L9C0— 98— 06— /9 M W H ¢t 809q0id
SPEIL 90 1'0— ¥1— QO8I 44 0= L480— 00— L1 td— L'1T— 9L 99 s victl N W H ¢ L09901d
$9°¢ 00 00 00 Q0¥ 00 00 0Q 00 L 00 40 40 O ) M T H 6L 9099014
orely 0T— L¥8— ['ST— 0081 ++178— ['t— c9— 68 Zl— T9— L9¢ Ly LE] 167 N T H ¢ S09q04d
SO'CEE ¢l L0 +80— 0081 ++1 0 PR O | cO— 8¢ L0 c0—= 9¢ 01 ¢ LLgel M W T € P0990id
SO9LL +£0 +1'0 +50— 081 LG o [0 ¥l 80 [0 c AL L0— w1 N W 7T cr  t094901d
L't 00 00 00 0081 3 00 00 0¢ 0o 00 X 00 090 () M T ] &t J09901d
05°98E +L9 +ECl— L9 0081 L9 L1t 00 L9 ¢ty 007 ©vE6l 0051 L2948 Ot N T 71 ¢t [0992ld
06" T(H ¥l 66 66— 096 sV L= L ¥l L iFL— TeE— ¥i— ¢vi— §1— 6§¢— 66— (907 M W H ¢Z 80590y
06°9Ct L'E 81 L0 096 ++C 0 +41C ++00 ¥ 'l 00 96 9 1T t¢¢é N W H AR A |
09°1 00 06 00 096 00 a0 00 00 00 00 00 00 00 () M T H ¢ 9059914
091 +00 00 00 096 W 00 00 00 00 00 Q0 00 00 () N 1 H ¢ &0y
051 00 00 00 096 00 00 00 00 00 00 00 00 00 *() M W ¢ #0sqold
CO'%Y 60 £0 FO— 096 ++¥0— ¥ 00— POo— 96— 66— +0I— 60 co PO— 116t N W T S¢ £05q%d
OL°1 00 00 o 096 00 00 00 00 00 00 00 00 00 +0 M1 T s C05499d
06'c8 61 30 A 096 PR | 50 ¥0 [ 4 61 80 gt ¢ 00 L N T 1 ¢ 10549904
0lel ¢l [l o 09¢ +46°0 ++00 00 90 00 00 60 00 00 #0909 M W H ¢l ROpP4od
SLE] Ul (0 0 09¢ +4+F 0 00 00 FO 00 00 00 00 00 «[981 N W H I L0#G0id
g0 00 00 ('Q (09t 00 00 00 00 00 0'd 00 00 00 0 M T H S 90Pqoid
L0 00 00 00 09¢ 00 00 00 00 00 o0 00 00 00 0 N 71 H ¢1 SO0¥qod
SOTI 00 00 00 09t LTl 00 0d 00 00 g0 00 00 00 #+L90T M W 11 1 #ORqQLd
Q5L ' [l 00 (9t 420 ++0°0 AL g0 00 00 60 0Q (i} «HlPe N W T <1 £0qoid
L0 00 00 00 (J0¢ 00 0o 00 00 00 0 00 G0 00 0 MT ] 1 20Pqold
08It 8L ol o 00 09t ++EE ++00 00 8L t't 00 ¥ Ll 4 00 =06 N T 71 51 T0¥q091d

(fS) augr sy wnipspy 1s3g ((8) awy 18404 WHIP2I 1S3 pSuoy upIpIpy  ISag  ISAGY wmpepy  1sag WG NG AL ALd SGOr # wagoedd
Lt a80uAF Hé ABDIINY

g¥q 9% g¥q 01 %, g¥d vl 2 gPH o1
OO {, AIDB0Y pun uiqry) {, HOYRISDAON { p Hﬂﬁmﬁi
IdS¥ puv un) ¥ puv wqny) o

poyaw juswaacadur [eao] [JSH 241 pue
‘(wS) Bureatue paje[nuus *(v) wyuode sneuad ((gwd) punog-pue-youelq ;1P 12 UBT, Tl pajrodal spoTpawl 3y Uilm UIqiLede OV a1 Jo ssueniopad sy Jo uosuedwo) ¢ dqeL




904 Journal of the Operational Research Society Yol, 53, No. &

Table 4 (-Test for a companson of two mecan ranks for the 14

problems considered: two samples with egual variances. {(a) 2

preblems of 25 jobs; (b) 6 problems of 35 jobs; and (¢} 6 problems
of 45 jobs. The significance level for these tests is 5%

fa): 23 job fhi: 35 job fci: 45 job
problems problems problems
ACO  RSPI  ACO  RSPf ACQ)  RSPI
Mean rank 23.85 1715 21.23 1977 1728 2373
Variance 13890 95806 151.78 11497 12542 121.99
Number 40 40 120 120 120 120
of cases
t-value 2.766 0.984 —4.492
2-tailed prob. 0.007 0.326 {1.000

Table 5 show the RSPI to perform better for the fourth,
seventh and eight problems of each group. In each test on
mean ranking, a variance comparison test was also used
before.

We have already indicated that comparisons of solution
times are difficult not only because of the nature of the
computers used but also because of the nature of the algo-
rithms. Tan ef al’ have used fixed solution times of 6, 16, 30
and 60 min for problems of size 15, 25, 35 and 435, jobs
respectively. The ACO algorithm uses quite different stopping
criteria. Despite these differences and to further our under-
standing of the results, we show the average computing time
required by the ACO algorithm in the final column of Table 3.

In the measure that the results of the two sets of numerical
experiments can be compared, we note that the ACO algo-
rithm does not approach the solution times of the RSPI
even 1n the worst cases. For example, the longest solution time
for solution of 45-job problems, when run on a 100 MHz
Pentium computer, is about 44 min as compared to the 60 min
allowed the RSPI. When run on a current computer, solution
time for problems of this size was under two minutes as
shown in the final column of Table 1.

Table 6 presents a statistical analysis similar to the
previous ones concerning the equality of mean ranking for
the set of 14 problems retained. Neither algorithm was
shown to dominate the other in this test.

Table & (-Test on mean ranking for the 14 problems considered:
two samples with equal variances. The significance level for these
tests 18 5%

ACO RSPT
Mean rank 19911 21.089
Variance 143.616 1200432
Number of cases 280 280
~value —1.214
2-tailed prob. 0.225

In summary, our statistical tests show that for the Rubin
and Ragatz!® problem sct the ACO al gorithm 1s competitive
in solution quality and has shorter computation times than
the best performing method tried by Tan et al.” The RSPI
seems to perform somewhat better on small problems while
the ACO algorithm is better for the larger problems.

A new set of larger test problems, available from the
authors, were generated randomly using a procedure defined
by Ragatz.”® Each problem of 55, 65, 75 and 85 jobs,
respectively was solved 20 times by the ACO algorithm on a
current computer having an Intel Pentium 11T 733 MHz
processor with 256 MB RAM, running under Windows
2000. Table 7 presents the results in the format of the
relevant previous tables and adds the mean and standard
deviation of the resulis obtained. We offer these results to
provide a basis for future compansons of larger-sized
problems more typical of real order books.

Conclusions

The single machime scheduling problem with sequence-
dependent setup times for total tardiness minimization is
NP-hard, but we have found that the ACO algorithm that we
have presented is able to etficiently solve problems of a size
cncountered in industnial situations.

The modifications and adaptations of the original ACO
algorithm that wc propose have contributed te the perfor-
mance of this method in the cases studied. The use of look-
ahead information m the sclection of the next job during the

Table 5 (a) (f): +-Test for a comparison of two mean ranks for problems having same characteristics (the ath problem of sach group). Note
that the second and the sixth problems are not included in this analysis because a lack of variances. The tests (a), (b), (e} and {f) have two
samples with equal vanances and the tests (c) (d) have two samples with unequal variances, The significance level for these tests is 5%

(a (h) fc) () fej (f)
ACC RSP ACO RSPI ACO RSP ACO RSEI ACE) RSP ACO RSPI
Mean rank 12.73 28.27 13.88 27.13 27.30 13.70 1348  27.53 2375 17.25 30.00 11.00
Vanance R3.01 55.61 70.25 113.01 12{).88 57.33 11544 5546 131.71 116,29 5382  33.53
Number of cases 6l 60 40 A1) 40 40 4{} 40) 60 &) 40 40)
t-value —10.219 — 6,190 6.443 — 6,797 3.197 12 858
2-tailed prob. 0.000 0.000 0.000 (3.00¢) 0.002 0.000
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Table 7 Results for larger test problems (55, 65, 75 and 35 jobs)

ACO
Problem # Jobs PTV IF DDR Best Median Worst Average Std dev. Average run® time {s)
Prob551 55 L L N 212 237.5 273 241.3 18.6 167.60
Prob552 55 L L W 0 0.0 0 0.0 (0.0) 2.25
Prob553 35 L M N 403 B28 41104.0 41303 411109 116.8 227.50
Prob554 55 L M W 15091 15576.0 16423 15621.3 320.9 221.20
Prob355 55 H L N 0 0.0 12 2.1 3.8 100.90
Prob556 55 H L W ! 0.0 0 0.0 0.0 2.10
Prob557 55 H [vi N 36489 37357.5 37973 37308.6 374.4 163,15
Probs58 55 H M W 20624 21417.0 22457 21386.7 4271 236.30
Prob65l 635 L L N 295 317.5 350 319.1 16.3 354,45
Prob652 65 L L W 0 0.0 0 0.0 0.0 4.00
Prob653 65 L M N 57779 38249.5 58653 58260.8 2233 440.70
Probt54 635 L M W 34 468 35399.0 36 107 35365.4 419.0 466.65
Prab6ss 65 3 L N 13 245 38 25.3 (3.2 347.45
Prob656 65 H L W { 0.0 0 0.0 0.0 395
Prob657 65 H M N 56 246 57037.5 57 825 37027.3 470.0 352.65
Prob65g 65 H M W 29 308 30099.5 31074 301559 5242 349.90
Prob751 75 L L N 63 313.0 368 311.6 23.2 610.20
Prob752 75 L L W 0 0.0 i) 0.0 ().0) 6.55
Prob753 75 L M N TR21I 78541.5 79 (88 T8604. 1 233.7 738.85
Prob754 75 L M W 35826 37592.0 35333 375143 492.5 537.10
Prob755 75 H L N 0 0.0 0 0.0 (.0 7.00
Prab756 75 H L W 0 0.0 0 0.0 0.0 7.85
Prob757 75 H M N 61513 62201.0 63284 62216.8 442 4 364.55
Prob758 75 H \S | W 40277 42271.0 42 964 4201%.5 R06.4 71970
Prob&51 85 L L N 453 515.5 557 511.0 30.2 883,80
Prob852 85 L L W 0 0.0 { 0.0 0.0 10.55
Prob833 BS L M N 98 540 989570 99 250 98849.0 212.8 1075.75
I'rob854 85 L M W 80693 B1785.5 82728 817026 567.0 130125
Prob855 85 H L N 333 374.5 409 373.5 21.7 471.00
Prob856 85 H L W 0 0.0 () 0.0 0.0) 10.70
Prob857 35 H M N 39654 Q0574.5 91447 B0569.2 501.8 905.60
Prob&58 83 H M W 77919 TO36R.5 80612 79299 .5 0894 1057 .80

Legend. B&B =branch-and-bound method; PTV = processing time varance; TF =tardiness factor: DDR = due date range; L= low:

H =high; M = moderate; N = narrow; W = wide.
*Intel Pentium 111 personal computer {733 MHz; 256 MB RAM).

construction of a sohution has been shown, with the support
of statistical tests, to improve solution guality, The extra com-
putational load can be an obstacle to use of this informa-
tion 1n an industrial context. It is our opinion, however, that
it will be possible to obtain much of the benefit of the look-
ahcad imformation without undue computational penalty by
a parsimonious use of this computation in the transition rule.
We have found it useful to add a second distance matrix so
that we may cxplicitly represent both the setup times and
due dates.

The ACO algorithm described here has performed compe-
titively with the best results obtained by Tan e af’ for other
heuristics. Owverall, the solutions obtained by the ACQO
algorithm for larger problems arc of equal or better quality
and the computational times are appreciably lower. For the
smaller problems we did not find this advantage to hold, but
such problems are, in our experience, less representative of

those found in industry. We have added sevceral larger cases
to the problem sel and we will supply them to other authors
upon request for further numerical experiments.

Cur results have encouraged us to incorporate the ACO
algorithm presented in our practical work on the scheduling
of aluminium casting,
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