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Abstract

A variety of Genetic Algorithms (GA’s) for the static Job Shop Schedul-
ing Problem have been developed using various methods: direct vs. indi-
rect representations, pure vs. hybrid GA’s and serial vs. parallel GA’s.
We implement a hybrid GA, called OBGT, for solving JSSP. A chromo-
some representation containing the schedule itself is used and order-based
operators are combined with techniques that produce active and non-
delay schedules. Additionally, Local Search is applied to improve each
individual created. OBGT results are compared in terms of the qual-
ity of solutions against the state-of-the-art Nowicki and Smutnicki Tabu
Search algorithm as well as other GAs, including THX, HGA and GA3.
The test problems include different problem classes from the OR-library
benchmark problems and more structured job-correlated and machine-
correlated problems. We find that each technique, including OBGT, is
well suited for particular classes of benchmark problems, but no algorithm
is best across all problem classes.

1 Introduction

The goal in the static Job Shop Scheduling Problem (JSSP) is to find the se-
quence of j jobs to be completed on m machines such that the makespan (finish
time of the last operation) is minimized. Davis [1985] was the first to use Genetic
Algorithms to solve Job Shop Problems. Other heuristics such as Simulated An-
nealing (SA) and Tabu Search (TS), and exact techniques as branch and bound
have also been used for solving JSSP. Jain and Meeran [1998, 1999] provide a
good description of these techniques, including generic as well as problem spe-
cific strategies. The objective of this research is to evaluate the effectiveness
of order-based operators combined with the Giffler and Thompson [1960] algo-
rithm as a repair method. Results are compared against local search techniques



that incorporate domain-specific information about critical paths and critical
blocks for solving JSSP.

The rest of this paper is organized as follows. In Section 2, a detailed
description of the JSSP is given. Section 3 summarizes previous research related
to our work. In Section 4, OBGT is sketched. Section 5 summarizes our results.

2 JSSP description

The JSSP is defined using the following notation :
S ={R,P,0,C} is a 4-tuple representing the scheduling problem.
R ={Ry,R,, ..., R}, representing the r resources or machines.
P ={P,,P,,...,P,}, representing the p products to be finished in the job shop.
Each product P; = {Opi1, Opi2, ..., Op;y } consists of a set of operations and an
operational precedence relation (representing technological constraints).
O = {01,0s,...,0,} representing the orders flowing in the shop to finish the
products. The orders in the job shop are represented for a tuple, O; = {P;,D;},
where P; is the product, and D; is the due date of the order.
C ={Cy,Cy,...,C.} representing the constraints of the problem.

The objective is to produce an ordered sequence of operations to process on
each machine. The processing start times of each operation are assigned so as
to optimize the objective function and to satisfy the problem constraints.

3 Previous research

3.1 Chromosome representations for JSSP

There are two ways of representing a schedule: indirect and direct. In indirect
representations, the chromosome contains an encoded schedule. A schedule
builder is used to transform the chromosome into a feasible schedule. Indirect
representations range from traditional binary representations [Nakano, et al.,
1991] to domain-specific knowledge representations [Bagchi, et al., 1991].

In direct representations, the chromosome directly represents the production
schedule. Bruns [1993] and Yamada and Nakano [1992] describe many ways to
deal with direct representations. Direct representation performs efficiently on
production scheduling, incorporates domain-specific operations easily, but also
requires domain-specific recombination operators.

3.2 Types of feasible schedules in JSSP

There are four classes of feasible schedules in JSSP: inadmissible, semi-active,
active and non-delay. Inadmissible schedules contain excess idle time. It is
possible to improve the scheduling quality by forward-shifting of operations until
no excess idle time exists. Semi-active schedules contain no excess idle time, but
they can be improved by shifting some operations to the front without delaying
others. Active schedules contain no idle time and none of the operations can



be finished earlier without delaying other operations. The optimal schedule is
guaranteed to be an active schedule. Non-delay schedules are active schedules,
in which operations are placed into the schedule such that the machine idle time
is minimized. No machine is kept idle if some operation can be processed.

Two methods are applied to generate feasible schedules. The Giffler and
Thompson method (GT) which produces active schedules and the Non Delay
algorithm(ND) which produces non-delay schedules. Both methods were origi-
nally described by Giffler et al. [1960]. In both methods, a heuristic is applied
to select the next operation to be scheduled.

The Giffler and Thompson (GT) algorithm has been used in many JSSP
implementations. Lin, Goodman and Punch [1997b] described the representa-
tions and the crossover operators used in previous GT-algorithm-based genetic
algorithms for static JSSP. Usually, the GT algorithm is used to convert the
offsprings into active schedules to guarantee feasibility.

Lin, Goodman and Punch [1997b] also created two operators inspired by the
GT algorithm: THX crossover and THX mutation. They claim that these op-
erators transmit temporal relationships present in the schedule. THX crossover
selects a crossover point and uses it as a decision point in the GT algorithm to
exchange information between two schedules. THX mutation builds the critical
block for the scheduling and two operations in the block are randomly selected
and reversed.

Hart and Ross [1998] used a representation called “Heuristic Combination
Method” (HCM). HCM uses an implicit representation in which each gene in
the chromosome contains a heuristic that performs the decision choice at each
step during the schedule generation process. Their chromosome stores pairs
(method, heuristic) where method is a choice between GT and ND and heuristic
is the strategy followed to select the operation to be scheduled. This method,
called the Heuristically guided GA (HGA), always produces active schedules.
HGA was designed to deal with the dynamic JSSP, but is easily adapted to the
static case. We previously replicated HGA results for dynamic JSSP benchmark
problems [Vdzquez, et al., 2000].

3.3 Hybrid methods and local search

JSSP is a hard problem that cannot be solved efficiently by applying any single
technique and a great deal of research has focused on hybrid methods. Jain
and Meeran [1998a] reviewed in detail Tabu Search, Genetic Algorithms and
Simulated Annealing techniques and they proposed ways to produce hybrid
solutions.

Jain, Rangaswamy and Meeran [1998b] describe and compare in detail JSSP
neighborhood models and move evaluation strategies. The goal is to define a
constrained neighborhood which can be evaluated quickly without loosing the
ability to produce improved solutions.

Bagchi and coauthors [1991] discuss the use of a GA to rapidly reduce the
search space to a size that can subsequently be handled by a deterministic
search algorithm. Yamada and Nakano [1992], in their solution applicable to



large-scale Job Shop problems, proposed for future research that a combination
of their technique with Local Search heuristics would produce improvements in
their algorithm’s performance.

3.4 Order-based operators for scheduling

We introduce a hybrid order-based GA, where order-based operators are com-
bined with GT and ND methods. Our hypothesis is that the previous outstand-
ing GAs for JSSP has been overly complicated. Order-based operators preserve
the relative order of the operations to be scheduled, which is an important char-
acteristic in scheduling problems. In the JSSP domain, order-based operators
will not always produce feasible schedules. But the GT algorithm can be used
to repair illegal offsprings.

Dayvis developed the first order-based operators that are well suited for many
scheduling problems [Davis, 1985], [Davis, 1991].

a) Uniform Order-based Crossover : A number of elements are selected from
one parent and copied to the offspring. The missing elements are taken in the
order in which they appear in the other parent.

b) Order-based Mutation : A sub-list of elements is selected from the parent and
this sub-list is randomly permuted.

Following Davis, Syswerda developed two sets of order-based operators that
are well suited for many scheduling problems [Syswerda, 1991]. This includes
a form of order-based crossover and mutation operators, as well as a position-
based crossover and mutation operators. Syswerda’s position-based crossover is
the same as Davis’ Uniform Order-based Crossover. Whitley and Yoo [1995]
have shown that Syswerda’s order-based and position-based operators are in
fact identical in expected behavior. In the experimentation section, only the
Dayvis’ operator results are presented.

4 OBGT, An Algorithm for JSSP

We use permutations as a direct representation of the schedule. This allows for
efficiently generating JSSP schedules and makes it easy to incorporate domain-
specific operators. Figure 1 contains a description of our algorithm. Order-based
operators are used to recombine the permutations and the Giffler and Thomp-
son (GT) algorithm is used to repair illegal offsprings. This is similar to the
strategy followed by Bierwirth, et al. [1999]. Fang [1994] indicates that opti-
mal schedules are active schedules. As noted, the Giffler and Thompson (GT)
algorithm generates active schedules and the Non Delay (ND) algorithm pro-
duces ND schedules. According to Fang, optimal schedules are not necessarily
members of the subset of ND schedules for some JSSP instances. In our solu-
tion, the ND algorithm is used to generate half of the individuals of the initial
population. The other half are GT active schedules.

We also incorporate domain-specific techniques (based on critical paths)
into the GA to improve the performance of the solution. We implement the



Procedure OBGT Algorithm

S1  Generate Initial Population (50% ND, 50% GT)

S2  While not converged

S2.1 For all individuals from i = 1 to Popsize

S2.1.1 Cross string i with probability ’pc’ (select 2nd parent randomly)
52.1.2 Apply Mutation with probability ’pm’ to both offsprings

52.1.3 Apply GT algorithm to repair both offsprings

S52.1.4 Hillclimb both offsprings

S2.1.5 Replace worst individual with best offspring (if improvement exists)
S52.1.6 Sort population (bubble offspring into place)

Figure 1: OBGT Algorithm

Grabowski method described by Jain, et al. [1998b]. This neighborhood uses
block structures, where a move is defined by repositioning an operation to either
the front or the rear of a critical block.

Our Order-Based Giffler and Thompson (OBGT) for the static JSSP has
the following characteristics:

e A direct chromosome representation, containing the schedule itself, is used.
This includes a permutation of jobs for each machine. Each operation (i.e.,
job on a machine) contains its start time.

Order-based operators were implemented.

The GT and ND algorithms were utilized to generate active and non-delay
schedules.

Grabowsky critical path method was applied to each generated offspring

A selection and replacement strategy similar to GENITOR [Whitley, et
al., 1988] is used.

Notice from Figure 1 that our implementation is not exactly the GENITOR
algorithm. Another description of our algorithm is given in [Védzquez, et al.,
2000]. The population size, the probabilities of crossover and mutation were
fixed to 100, .7 and .01 respectively. (Higher crossover rate seemed to work
nearly as well, and it is unclear if using a pc < 1.0 is really necessary).

5 RESULTS

OBGT is compared against THX, a Tabu Search algorithm, Mattfeld’s GA3
and HGA. We implemented the following algorithms : A serial version of Lin’s



[1999b] THX, Nowicki and Smutnicki [1996] Tabu Search (NS), a serial version
(using an integer representation instead of binary) of the Hart and Ross [1998]
HGA. In the case of Mattfeld’s GA3 [1996], we compared against his published
results. NS Tabu Search and GA3 represent the respective state of the art for
Tabu Search and Genetic Algorithms for solving JSSP.

In order to make fair comparisons all the algorithms are run 30 times with a
population size of 100 and a maximum number of 100 generations. In the case
of NS Tabu Search, the maximum number of iterations is set to 100,000.

5.1 Experiments

The classical Fisher and Thompson (FTO6 ‘6x6’, FT10 ‘10x10’, FT20 ‘20x5’)
Yamada and Nakano (YN1, YN2, YN3, YN4), Lawrence (LA21 ‘10x15’, LA27
‘20x10°, LA29 ‘20x10°, LA38 ‘15x15’) and Taillard (TA051, TA052, TA053,
TA054, TA055, TA056, TA057, TA058, TA059, TA060) benchmarks available
in the OR-library were among the JSSP instances used. The solutions obtained
by the different algorithms were compared against the best-known solutions !.

All of the OR-library problems rely heavily on random generators. Assum-
ing that ‘real-world’ JSSP instances contain certain amount of structure and
additional constraints on the problem definition, a problem generator created
by Watson and co-workers is used to generate eight machine-correlated prob-
lems (MCO01la, MC02a, MC03a, MC04a, MCO1b, MC02b, MC03b, MC04b) and
eight job-correlated problems (JCOla, JC02a, JC03a, JC04a, JCO1b, JCO02b,
JCO03b, JC04b) 2. In job-correlated problems, jobs have correlated processing
times across machines. In machine correlated problems, job processing times
are similar on a particular machine. A description of the problem generator can
be found in [Watson, et al., 1999].
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Table 1: Fisher and Thompson Benchmark Results

Tables 1-6 present the results for the benchmark problems. The Best-Known
Solutions are denoted BKS. In the case of machine-correlated and job-correlated
problems, the results are compared against the lower bounds (LB).

I The
http://mscmga.ms.ic.ac.uk/jeb/orlib/jobshopinfo.html
2This problem generator and the description of job-correlated and machine-correlated prob-
lems is available at http://www.cs.colostate.edu/sched /generator.html
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[ProbBKY] NS [ THX [ HAGA [ GA3 [ OBGT

Best Mean sd [Best Mean sd [Best Mean sd [Best Mean sd [Best Mean sd

'YNO1/ 888897 916.4 10.6930 977.1 15.2939 948.1 5.2/904 911.9 4.5[892 952.9 13.4

YNO02(909918 934.3 9.8 [958 987.8 23.1952 963.2 7.6[928 940.5 5.6 [914 947.5 21.7

YNO03[8931905 924.7 10.20953 980.3 23.7931 942.1 6.1907 918.8 7.3 901 951.7 19.4

'YN04{968982 1000.4 12.7]1012 1049.3 16.9991 1002.3 6.2 (992 1012.0 10.1972 999.6 12.7|

Table 2: Yamada and Nakano ‘20x20’ Benchmark Results

[Prob]BKS NS [ THX [ HGA [ GA3 [ OBGT _ |
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LA21[1046{1056 1059.5 3.3 [1075 1097.0 23.41099 1107.2 6.6 (1047 1059.4 6.3 [1062 1077.8 20.6|
LA27[1235[1267 1282.5 8.5 [1349 1370.8 28.0[1308 1318.5 6.2[1236 1261.6 5.1 [1276 1291.6 18.3|
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Table 3: Lawrence Benchmark Results

5.2 Interpretation

In the Fisher and Thompson benchmark (Table 1), all the algorithms except
HGA find the best-known solution. HGA is not able to find the best known
solution for all problems, but in average is better than all of the algorithms
except GA3. GA3 presents the best average solution and HGA behaves closely
to GA3 in average.

In the Yamada and Nakano benchmark (Table 2), OBGT produces con-
sistently the best solution, but in the average case GA3 is better. In this
benchmark THX and HGA did not perform well and NS produces competi-
tive solutions.

In the Lawrence series (Table 3), GA3 produced the best results in 3 out of
4 problems. NS is slightly superior to OBGT. HGA and THX did not produced
good results and THX is not well suited for this benchmark.

In the Taillard benchmark (Table 4), NS outperforms the rest of the algo-
rithms. HGA and GA3 produced relatively good results. OBGT and THX
present a bad behavior.

For job-correlated problems (Table 5), the best algorithm is OBGT, but NS
and HGA produced also good results. THX behaves well in 10210 instances and
poorly in 20220 ones. NS was beaten in all instances except JC04a, JC03b and
JC04b. JCO04a is the easiest instance (since all the algorithms find the optimal
solution).

For machine-correlated problems (Table 6), OBGT and NS performs the best
(NS is slightly better). THX did not work well, although THX find the best
solution for the MCO03a case (but in the average case produces bad solutions)
and HGA produced reasonable results.



[ProbBKY NS [ THX [ HGA [ GA3 [ OBGT |
Best Mean sd [Best Mean sd [Best Mean sd [Best Mean sd [Best Mean sd

TA51[2760[2765 2775.3 15.33004 3119.6 36.32858 2908.8 14.92870 2927.5 26.32947 3117.5 24.5
TA522756/12756 2767.3 22.23036 3126.9 34.92847 2889.0 16.3(2883 2932.9 26.4[2867 2992.5 30.3|
TA53[2717(2718 2743.6 17.12860 2933.6 34.12770 2822.3 9.1 [2742 2780.1 19.42836 2924.3 30.]]
TA542839[2852 2862.1 16.82950 3054.2 41.222874 2909.4 15.712839 2852.3 14.22962 3065.5 26.5
TA552679[2682 2724.1 25.22929 3041.5 36.92798 2844.2 13.612798 2853.9 22.82940 3043.0 31.9
TA56(2781(2849 2860.2 23.1[3015 3111.9 31.122907 2937.9 12.312882 2920.8 23.4[3024 3103.1 26.5
TA57[29432943 2950.1 13.13116 3224.1 40.92971 3017.5 15.62989 3036.9 18.23129 3215.3 35.2
[TA58[28852896 2918.2 18.1[3200 3252.0 33.62913 2994.1 12.92954 3001.3 21.1j3069 3149.8 29.7|
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TA60[2723[2723 2742.1 17.1)2947 2995.2 34.122864 2886.9 8.5 [2803 2826.8 11.32942 3019.8 26.7]

Table 4: Taillard ‘30x20’ Benchmark Results

[Prob. BKS| NS [ THX [ HGA [ OBGT |
Best Mean sd Best Mean sd Best Mean sd Best Mean sd
JCO01al 760 904 904 0 888 933.6 14.38 922 926.28 2.56 | 885 909.28 8.29
JC02al1142 1292 1292.03 0.18 | 1272 1352.04 12.50] 1303 1325.98 6.55 | 1304 1345.2 9.41
JC03al1871] 2142 2142 0 2098 2142.58 28.62] 2098 2142.58 8.11 | 2098 2164.52 12.42
JC04al2011] 2011 2011 0 2011 2011.00 0O 2011 2011.00 O 2011 2011.00 0

JCO01b[1578 1801 1847.25 21.94] 2057 2100.45 25.37| 1887 1906.45 8.13 | 1798 1875.65 38.13
JCO02b2278 2613 2651.7 27.87 2870 2932.1 33.25 2689 2705.15 11.21] 2610 2710.4 53.64
JCO03b2830] 3030 3088.7 25.25 3426 3515.4 42.83] 3214 3237.6 12.83] 3030 3108.85 55.15
JC04b4105 4542 4564.45 20.32] 5034 5125.35 44.33] 4648 4697.58 20.11| 4542 4622.13 39.37]

Table 5: Job Correlated Benchmark Results. JCOla, JC02a, JC03a and JC04a
are ‘10x10’ jobs. JCO1b, JC02b, JC03b and JC04b are ‘20x20’ jobs.

6 Conclusions

From the experimental section, it can be concluded that Order-Based operators
combined with the Giffler and Thompson repair method (OBGT) is a viable
alternative for solving JSSP. Results indicate that OBGT produced good results
(except in the Taillard benchmark), but these results are disperse (high variance
among makespan values). Future research needs to examine larger problems in
order to determine the OBGT scalability.

Other important observation noticed from the experimentation section is
that HGA is a really good near-optimal strategy and it does not reflect scala-
bility problems. HGA consumes less computational resources than OBGT and
the variance among HGA results is smaller than the variance obtained by the
rest of the GAs (only GA3 produces less variance in some cases and HGA is
competitive in terms of variance to NS). HGA is a good candidate to be applied
in real-time scheduling and in dynamic scheduling applications.

During the evaluation for job-correlated and machine-correlated problems,
OBGT produced the best results. Further research is necessary on problems
that are more representative of real-world problems. NS Tabu Search did not
produce the best results in job-correlated problems, but its performance was
good on machine-correlated problems.

GA3 [Mattfeld, 1996] is a really competitive GA for solving JSSP, it only



[Prob. [BKS]| NS [ THX [ HGA [ OBGT |
Best Mean sd Best Mean sd Best Mean sd Best Mean sd

MC01a|644| 736 738.6 5.21 | 740 768.34 8.25 | 749 756.92 3.76| 740 759.02 8.12
MC02a|785| 869 869 0 894 917.94 13.38] 882 907.20 5.04| 869 895.02 9.02
MC03a/1234] 1251 1252.27 2.07 | 1247 1317.94 36.500 1276 1309.46 7.66| 1253 1290.52 9.79
MC044a/1494] 1599 1601.8 1.86 | 1637 1676.58 27.29 1621 1640.48 6.21| 1603 1629.58 12.3§

MCO01bj1505 1810 1820.6 12.69 2007 2036.35 15.32) 1905 1910.7 2.65| 1803 1850.3 20.12
MCO02b{1600| 1987 2015.7 15.21] 2230 2275.55 23.62] 2003 2008.3 2.39| 1985 2030.3 18.67
MCO03b2007| 2233 2241.3 22.2 | 2420 2492.45 36.13 2270 2299.5 9.13| 2239 2343.5 39.22
MC04b3097| 3201 3240.5 15.28 3671 3752.7 39.15 3233 3253.2 9.37| 3207 3288.8 41.62

Table 6: Machine Correlated Benchmark Results. MCO01a, MC02a, MCO03a and
MC04a are ‘10x10’ jobs. MCO01b, MC02b, MC03b and MC04b are ‘20x20’ jobs.

was beaten in the Yamada and Nakano benchmark. It will be interesting to test
GA3 in job-correlated and machine-correlated problems.

According to Lin and colleagues [Lin, et al., 1997a], [Lin, et al., 1997b], THX
produces good results in its parallel implementation (all of the results shown in
this research considers a serial implementation). Hart and Ross HGA implemen-
tation uses a Parallel Island Model [Hart, et al., 1998]. GA3 is also a parallel
GA and its design include several complicated issues (population flow in the
diffusion model, inheritance of attributes, population entropy, etc.). Currently
HGA is a simple sequential algorithm. We have also not been able to com-
pare run times with algorithms such as GA3. Run times were kept minimal in
the current experiments. A parallel island model of OBGT should reduce vari-
ance in the solution quality and perhaps allow it compete even better against
algorithms such as GA3 on a broader range of problems.
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