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ABSTRACT: This research introduces three heuristic algorithms for solving job-shop scheduling problems, job-shop
scheduling problems with multi-purpose machines, and open-shop scheduling problems. All these algorithms are based on
the particle swarm optimization algorithm, and generate solutions that belong to the class of parameterized active schedules
via their specific decoding procedures. Comparison of the benchmark test results of the proposed algorithms with those of
existent algorithms reveal that the proposed algorithms perform better in some instances.
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INTRODUCTION particle swarm optimization (PSO) to three types of
scheduling problem. There are many variants of the
Scheduling involves the allocation of resources t®SO algorithm in the literatufe'2. We will use
activities over time. Most organizations must schedulthe GLN-PSQ algorithm!®*? since it enables the
resources on a recurrent basis and this creates cons$#tarm to explore different parts of the search spaces
erable demand for good scheduling techniques. Sinsgnultaneously. This algorithm is an extension of
the mid 1950s, researchers have been advocating tiie GLN-PSO algorithm, some solutions of which are
use of formal optimization algorithms to find solutionsgenerated via the crossover operator.
to scheduling problems. Unfortunately, after fifty = PSO is a generic algorithm. It must therefore
years of work, these methods can still only guarantdee combined with a specific decoding procedure in
optimality for a very limited set of problems. order to generate solutions for a given problem. We
There are two main reasons for the limited succedstroduce the GLN-PSQwith three decoding proce-
of traditional optimization algorithms to scheduling.dures, based on the random keys representeidco
First, most scheduling problems belong to the classolve each scheduling problem. The proposed de-
of NP-hard problems. This class of problems isoding procedure enables GLN-PSI generate the
distinguished by rapid growth in the number of po-solutions which belong to the class of parameterized
tential solutions with modest growth in the number ofactive scheduléé. This class of schedules has played
resources to be scheduled. The growth is so quick than important role as the efficient solution space for
even the fastest computer could not search througteveral genetic algorithm&™’.
every potential solution to large-scale problems in a
reasonable amount of time. Second, for many praclP—ESCRIPTION OF PROBLEMS
cal scheduling problems, it is difficult to capture theThe job-shop scheduling problem (JSP) can be stated
problem formulation in a closed-form mathematicahs follows. There are a setofjobsJ; (i = 1,...,n)
expression. This difficulty is perhaps the reason whgnd a set oin machinesM; (j = 1,...,m). Each
most scheduling is still done in an ad hoc mannejob J; consists of an ordered set af operations
Because of these two difficulties, many researcher3;;, O;s,...,O;,. The order of operations cannot
have thus turned their attention to population-basee changed. Furthermore, operatioh; must be
stochastic search methods, e.g., genetic algoritifins processed by exactly one given machine during
ant colony optimizations?®, and particle swarm opti- time units without preemption, i.e., when the opera-
mizations, which are able to find near-optimal solu-tion has been already started, it cannot be interrupted
tions within an acceptable computation time. or temporarily stopped until finished. Also, each
The main purpose of this research is to applynachine can handle only one job in a given time
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period, and each job can be processed on only omentains the particles— (n, — 1)/2,...,4,...,i +
machine in a given time period. The problem requiresn, — 1)/2 whereK is added or subtracted from the
finding a feasible allocation of all operations to timeparticle index if it lies outsidd, . .., K.

intervals on the given machines such that some objec- The near neighbour best posititis denoted by
tive is optimized. Allocation of all operations to time P,; = (pui1;- - - » Pnids - - - » Pnip) INWhiChpyq = pjg
intervals is known as scheduling. Here our objective isshere, for eacld, the value ofj # i is chosen so as to
to minimize the completion time of the last given job.maximize the value of the fithess-distance ratio,
The job-shop scheduling problem with multi- F(X3) = F(P))
purpose machines (MPMJSB)arises in connection v(j,i,d) = —————I=
with flexible manufacturing systems where the ma- [Pja = widl
chines are equipped with different tools. It is posHence, unlike the other best positions defined above,
sible to define the MPMJSP as an extension of thg,; will in general not be a position of an existing
JSP where operatiod;; has to be processed by particle.
exactly one machine in a set of machinds;, C
{M,, ..., My} during;; time units without pf%eemp— DESCRIPTION OF GLN-PSO. ALGORITHM
tion. The GLN-PSO algorithm is an extension of the stan-
The open-shop scheduling problem (OSP) is dard PSO algorithm using the global, local, and near
special case of the JSP where the operations congteighbour best positions simultaneously in order to
tuting a job can be processed in any order. For thepdate the particle velocitié$!. It outperforms the
OSP letOy, wherek = m(i — 1) + j, represent the standard version in terms of solution quality. One
operation of jobJ; that must be processed by machine@dvantage of GLN-PSO over the standard PSO is

@)

M; during T, time units without preemption. that GLN-PSO uses multiple social learning structures
which can reduce the rate of swarm clustering, and

NOTATION AND TERMINOLOGY OF PSO thus enable the swarm to explore different parts of the

ALGORITHM search spaces simultaneously.

A population or swarm is a set @ particles located In order to enhance the search performance of

in D-dimensional space. At iteration(wheret = GLN-PSO in the search space based on a random

1,...,T), particlei (wherei = 1,..., K) has a po- keys representatid, this study combines GLN-PSO
sition X;(t) = (z1(t),...,xq(t),...,z;p(t)) and with a crossover operator. The GLN-PSO combined
a velocity V;(t) = (vi1(t),...,via(t),...,vip(t)). withthis crossover operator is henceforth called GLN-
The position and velocity components satisfy;, < PSQ. The purpose of this modification is to maintain
2ig(t) < Xmax and|vig(t)| < Vinax, respectively. the diversity of the swarm to keep it from premature
The velocityV;(t + 1) is the rate at which particle convergence to a local optimum.
moves from positiorX;(¢) to positionX, (¢t + 1). At each iteration in the GLN-PSGlgorithm, the
Each positionX;(t) may directly or indirectly position of each particle is updated by using either
represent a solution of a specific problem. Th¢he traditional GLN-PSO equations or by performing
objective function value of the solution of a specifica crossover between its current position and the global
problem decoded from the positio¥; (¢) is denoted best position. For each particle, the type of update
by f(X;(t)). This is also known as the fitness valueis determined probabilistically; the probability for
In a minimization problemJX; is ‘better’ thanX; if ~ performing a crossover ig.
f(X;) < f(X;). Here we only consider minimization The traditional GLN-PSO equations (applied with
problems since a maximization problem can be turnegrobability 1 — ¢.) are
into a minimization problem by negating the fithess

value. _Vmax7 a(t) < _VmaX7

The personal best position of partialés the po- ~ via(t + 1) = ¢ a(?), —Vinax < a(t) < Vinax,
sition at whichf(X;) achieved its lowest value so far Vinaxs  a(t) > Vinax,
and is denoted by)z = (pi]_, ey Didy - - - J%‘D)- The (2)

global best positionP; = (pg1, - - -, Ped, - - - s PeD)s IS
the best position found by the swarm so far. The local

best position for particléis the best position found by ~Xmax, () < —Xinax,

particles in thes,-adjacent neighbourhood of particle Zia(t +1) = ¢ b(t), —Xmax < b(t) < Xmax,
i and is denoted b, = (pui1,-- -, Dlidy - - - D1iD)- Xnax, b(t) > Ximax,
For oddn,, the adjacent neighbourhood of parti¢le 3)
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where The three decoding procedures JSP-DECODE,
a(t) = w(t)via(t) + eyul(pia — Tia(t)) MPM-DECODE, and OSP-DECODE convert a parti-
- id pUlPid = Tid cle position into a parameterized active schedule. All

+ cgu(pga — wia(l)) + aw(pria — wia(t)) of these decoding procedures consist of two steps:
+ catt(Pnia — zia(t)), (1) decoding a particle position into operation pri-
b(t) = x(t) + vialt + 1), orities, and (2) constructing a parameterized active

schedule by using the predefined operation priorities.
in which w(t) is known as the inertia weight;,, Each decoding procedure has its own distinct method
cg, 1, andc, are constants (known as acceleratiofior implementing these steps.
constants), and. represents a random number fro

the uniform distribution on the intervin, 1]. mDecodlng a particle position into operation

For the crossover procedure (applied with proba‘Brlorltles
bility gc), In both JSP-DECODE and MPM-DECODE, a particle
position is decoded into an operation-based permuta-
via(t + 1) = via(?) (4)  tion which is a representation of operation priorities.

{x-d(t) if u< g For an n-job, m-machine instance, the operation-
zigt+1) =" o (5) based permutatiohis a sequence ofnn integers,
Ped otherwise where each job index appears in the permutation
whereq, is a constant satisfying < g, < 1. for gxactly m time_s. The method for decoding a

particle position, i.e.X = (z1,22,23,..-,Zmn),
Algorithm 1 GLN-PSQ procedure into an operation-based permutation, i.er, =
Step 1: Sett = 1. Initialize X;(1) andV;(1). (71,72, T3, - . ., Tmn ), iS Presented iklgorithm 2.

Step 2: Evaluatef (X;), then update?;, Py, Pi;, P,
and then obtaid(; (¢t + 1) andV;(t + 1).

Step 3:If the stopping criterion is satisfied, stop.
Otherwise, increaseby 1 and go to Step 2.

Algorithm 2 To decode a particle position into an
operation-based permutation.
Step 1: Sort the components oKX into ascending

order.
APPLICATION OF GLN-PSO . TO Step 2: Arrange the components of in the same
SCHEDULING PROBLEMS order as theX components sorted in Step 1.

Step 3: Let the firstm reordered components af

The GLN-PSQ algorithm is a generic optimizer and equal 1, the secongh components equal 2, and so

is therefore applicable to many types of optimization
problem. The problem-specific part is how to decode
a particle position into a solution. Thus, in order taFor instance, suppose in a 2-job, 2-machine problem
apply GLN-PSQto the three problems JSP, MPMJSPX = (0.2,0.7,0.8,0.4). Then usingAlgorithm 2 we
and OSP, the specific solution decoding proceduregould obtainr = (1,2,2,1).
are proposed to deal with each problem. To simplify The operation-based permutation represents the
the terms often used in this paper, let JISP-DECODBperation priorities for constructing a parameterized
MPM-DECODE, and OSP-DECODE represent thactive schedule. A component af with a valuei
solution decoding procedures for JSP, MPMJSP, arslands for job/;. Thejth occurrence of in 7 refers to
OSP, respectively. Then, let JSP-PSO, MPM-PS@he jth operation of jobJ;, that is, toO;;. The priority
and OSP-PSO represent the GLN-RS@ing JSP- of the operation is determined simply by the order of
DECODE, MPM-DECODE, and OSP-DECODE, re-the components of. The operation corresponding
spectively. to the kth component ofr has a higher priority than

In order to decode a particle position into athat corresponding to thg + 1)th component. Thus,
solution, the three mentioned decoding proceduresferring to the above example, the interpretation of
use a random keys representation similar to that used = (1,2,2,1) is that the (decreasing) order of
in the genetic algorithm of BedA The random priority of the operations i§1;, Os1, O22, O12.
keys representation encodes a solution with random In OSP-DECODE, the operation priorities are
numbers where these numbers are used as sort keysledermined from the particle position using the con-
decode the solution. The important feature of the rardition that if z; < =z, then the priority ofO, will
dom keys representation is that all particle positionse larger than that 0®,. For example, ifX =
can represent feasible solutions without requiring ang0.1, 0.3, 0.7,0.4) then the (descending) order of pri-
repair method. orities isO1, O, Oy, Os.
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Constructing a parameterized active schedule by  After experimenting with 25 combinations of values
using predefined operation priorities of g. andé (both ranging fron0.0 to 0.8 in steps of

All decoding procedures will schedule one operatiorq'2) we chosey. = O‘_2 andg = 0.4 as these gave
at a time. An operation is schedulable if it has not ye{'® bestl resm;}lts.k As r']n RETW’ v;/e usedy, = 0'I7' o
been scheduled and all the operations which precedétilWas also chec ed that this value V\./a.s.optlma when
have already been scheduled. For OSP-DECODE, tff@MPared with nearby values. The initial population
latter condition is not required, as OSP does not haJk@s diven byvig(1) = 0 and (1) = u. The
operation precedence constraints. Wesledlenote the SOPPINg criterion (sealgorithm 1) was ift = 7' or
set of all the schedulable operations at stagend let & lower bound solution is met. We choe= 2000
®, denote the partial schedule of the- 1) scheduled SI"C& the solutions rarely improve folarger than this.
operations. We also introduce the input parameter The three proposed algorithms were tested on
§ € [0,1] which is the bound on the length of time benchmarks using a C# program under Windows on a
a machine is allowed to remain idle. A decodingt-60 GHz Pentium M processor. For each benchmark,
procedure withs — 0 generates non-delay schedule he result from the best of ten runs was taken as the
whereas one withh — 1 generates active schedules. final result.

~ Alldecoding procedures will iterate fann stages  performance of JSP-PSO
since there arenn operations. Note that in the
following algorithms we us&, to denote eitheO;,
or O”

To evaluate the performance of JSP-PSO, we used
36 well-known benchmark instances; ft06, ft10, ft20
from Fisher and Thomps@f and the rest from
Algorithm 3 To construct a parameterized activeLawrencé'. The results of the execution of JSP-PSO
schedule of JSP-DECODE and OSP-DECODE.  are compared to the optimal solutions and the best re-
Step 1:Lett = 1 and make the sek; empty. sults taken from an efficient ant colony optimizatfon
Step 2:Find ¢* = minp,es,{04} and ¢* = in Table 1 JSP-PSO can find the optimal solutions
minp,es,{¢a} Where o, is the earliest time that to 17 out of 33 instances, and it outperforms the ant

operationO, in S; could be started and, is the colony optimization in 13 instances, and does worse
earliest time that it could be completed. Herge=  than it in only 9 instances.

o4 + 74, Wherer, is the processing time @b,,. For anmxn instance, the average computation
Step 3: Select the highest priority operati@h* € S;  times in seconds (in parentheses) are as follows 6

such thaby < o™ + 6(¢" — o). (0.1), 5<10 (10.5), 5¢15 (0.1), 5¢20 (7.4), 10«10
Step 4: Created, . ; by addingO* to ®,. (39.2), 10<15 (71.1), 16x20 (126.2), 1515 (157.2).
Step 5:If a complete schedule is constructed, stop.

Otherwise, increaseby 1 and go to Step 2. Performance of MPM-PSO

Algorithm 4 To construct a parameterized active!© testthe perfqrmance of MPM-PSO, this study used
schedule of MPM-DECODE. 23 benchmark instances taken from the RDATA set
of Jurisctf?. These MPMJSP benchmark instances
were modified versions of the standard JSP bench-
chine M* on whichg* occurs. mark instanceg-22. The results of MPM-PSO were

Step 3: Select the highest priority operati@i € S, compared to the best found solutions of a tabu_ search
such thaD* is in M*, andoy < o* + 6(¢* — o). algorithm, namely NB1-1000, taken from Jurigéh

Step 4: Create®, ; by addingO* to ®,. (Table 2.
Step 5:If a complete schedule is constructed, stop. 1aPle 2demonstrates that MPM-PSO can gener-
Otherwise, increaseby 1 and go to Step 2. ate the optimal solutions of only 5 out of 23 instances.

Also, none of the optimal solutions found are of
PERFORMANCE EVALUATION instances of large problems. However, it can be

We used the same parameter values for testing tegserved that the generated solution values are very
performance of all three algorithms. The followingclose to the optimal solution values for almost all

parameter values were the same as those used in R¢Pblem sizes, in particular-8L5 and 5<20. MPM-
11 K =40,n, = 7, ¢p = 0.5, ¢ = 0.5, ¢ = 1.5, PSO performs better than the tabu search algorithm in

cn = 1.5, Vinax = 0.25, X,pax = 00, and 6 instances, and worse in 11 instances.

The average computation times are @ (0.1),
w(t) = {0‘90.5(t1)/9997 1>¢>1000,  5x10 (40.7), 515 (84.3), 520 (144.9), 1610
0.4, t > 1000. (127.3).

Step 1: Let¢ = 1 and make the sék; empty.
Step 2: Find o*, ¢*, and also the lowest index ma-
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Table 1 Performance evaluation of JSP-PSO on benchmarkable 2 Performance evaluation of MPM-PSO on bench-

problems. mark problems.
Instance  mxn Optimal Resultfrom Resultfrom Instance Optimal Result from Result from
Solution Ant JSP-PSO Solution  Tabu Seardd MPM-PSO
Value Value
ft06 6x6 55 55 55 ft06.r 47 47 a7
ft10 10x 10 930 944 951 ft10.r (7077 737 736
ft20 5x20 1165 1178 1191 ft20.r (1026) 1028 1026
la01 5x10 666 666 666 la0L1r (571) 574 578
la02 5x10 655 658 663 l[a02r (530) 535 534
la03 5x10 597 603 603 l[a03r (478) 481 482
la04 5x10 590 590 611 la04r 502 509 507
la05 5x10 593 593 593 l[a05.r 457 460 577
la06 5x15 926 926 926 la06.r (800) 801 803
la07 5x15 890 890 890 la07.r (750) 752 753
1a08 5x15 863 863 863 [a08r (766) 767 766"
la09 5x15 951 951 951 la09.r (854) 859 856
lal0 5x15 958 958 958 la10.r (805) 806 808
lall 5x20 1222 1222 1222 lallr 1071 1073 1074
lal2 520 1039 1039 1039 lal2r (937) 937 937
lal3 520 1150 1150 1150 lal3r 1038 1039 1039
lal4 5x20 1292 1292 1292 lal4dr 1070 1071 1071
lal5 520 1207 1240 1207 lalsr (1091) 1093 1093
lal6 10x10 945 977 959 lal6r 717 717 752
lal7 10x10 784 793 784 lal7.r 646 646 648
lal8 10<10 848 848 848 la18r 666 674 691
lal9 10x10 842 860 857 la19r (703) 725 733
la20 10<10 902 925 910 la20.r 756 756 756
la21 10<15 1046 1063 1074

@ yalue in parentheses represents the best known solution

:Zgg i& ig 12;; 1%‘?5 132; — no provable optimal solution exists
la24 10x15 935 954 971
la25 10x 15 977 1003 987
la26 10«20 1218 1308 1224 stances from the total of 30 instances. OSP-PSO per-
la27 10<20 1235 1269 1280 forms better than the genetic algorithm in 14 instances
la29 10x20 1152 1162 1228 and worse in 5 instances.
la30 10<20 1355 1411 1355 The average computation times are S (6.5),
la36 15<15 1268 1334 1307 7%7 (24 8) 10¢10 (90 7)
la37 1515 1397 1457 1456 0 "
1a38 15«15 1196 1224 1263
la40 15«15 1222 1269 1251
" indicates optimum solution value CONCLUSIONS

@ pold indicates algorithm beats the other
This paper presented three algorithms, using GLN-
PSQ as their framework, for solving the job-shop
scheduling problem, the job-shop scheduling prob-
Performance of OSP-PSO lem with multi-purpose machines, and the open-shop
The performance of OSP-PSO was evaluated througicheduling problem. Based on the computational ex-
the set of standard OSP test instances given by Taperiments, the proposed algorithms are better than the
lard?3. Table 3compares the best solution found oveexistent algorithms on many instances, thus demon-
ten runs from OSP-PSO to the best solution found bstrating that GLN-PSQis a valid method for solving
a particular genetic algorithfrfor each instance. The various types of scheduling problems. It could be
results of the performance evaluation of OSP-PS@pplied to other hard-to-solve scheduling problems,
based on Taillard’s instances, are presentéiéiiie 3  such as flow-shop scheduling problem, by developing
OSP-PSO returns optimal solutions for 17 inthe decoding procedures which match those problems.

www.scienceasia.org


http://www.scienceasia.org/2009.html
www.scienceasia.org

94

Table 3 Performance evaluation of OSP-PSO on benchmark

problems
Instance Optimal Result from Result from
Solution Genetic OSP-PSO

Value algorithnt 8

5x5.12 300 301 300

5x5.2 262 263 262

5x5.3 323 335 326 9.

5x54 310 316 310

5x55 326 330 329 10.

5x5.6 312 312 312

5x5.7 303 308 303

5x5.8 300 304 301

5x59 353 358 354

5x5.10 326 328 326 11.

7x71 435 436 435

Tx72 443 447 444

7x73 468 472 472

<74 463 463 463

7x75 416 417 416° 12.

<76 451 455 453

<77 422 426 425 13.

7x78 424 424 424

<79 458 458 458

7x7.10 398 398 398 14,

10x10.1 637 637 639

10x10.2 588 588 588

10x10.3 598 598 601 15.

10x10.4 577 577 577

10x10.5 640 640 641

10x10.6 538 538 538 16.

10x10.7 616 616 616

10x10.8 595 595 595

10x10.9 595 595 597 17

10x10.10 596 596 597

8 mxn_a is theath instance of an-machinen-job task
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