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Abstract. In many make-to-order production processes, manufacturing techniques based on
worker’s proficiency are introduced to flexibly produce various products. Worker’s proficiency
influences production lead time and product quality. It is most efficient to assign workers
possessing higher skill level as many operations as possible in order to meet production dead-
lines. However, this assignment process creates an imbalanced workload among workers with
different skill levels. In this study, we examine a scheduling problem and present a method
aimed to reduce job tardiness and to balance workload among workers. To resolve this prob-
lem, job assignments to machines and worker assignments to operations guide in this schedul-
ing process. We propose a hybrid type of scheduling method based on a genetic algorithm to
minimize multi-objective functions: average job tardiness and peak to peak value of operation
time among workers. To efficiently search for the significant combinations of these assign-
ments, the proposed method is introduced in which the control of worker assignments belongs
to control of job assignments. In addition, a hybrid type of local search procedure is adopted
to control worker assignments in it. This paper examines characteristics of the proposed hy-
brid Genetic Algorithms on several simple job shop models. Numerical results demonstrate

that the proposed method can generate Pareto solutions in a short time.
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1 Introduction

The diversification of customer needs has prompted manufacturers to implement make-to-order
production processes that can handle multiple-items and small lot-size. In many factories under
make-to-order production system, production relays on the workers’ skill levels. Under such cir-
cumstances, skilled workers are likely to be assigned more work in order to meet the production
deadline. However, it is clear that this approach causes an imbalance of workloads between work-
ers with higher skills, who will be assigned more operations, and workers with lower skills. This
characteristic indicates a tradeoff between a balance of workloads among workers and reduction
of job tardiness in a scheduling problem including simultaneous control of job and worker as-
signments.

In this study, we propose a scheduling method aimed to reduce job tardiness and to balance
workload among workers by simultaneously assigning jobs to machines and workers to operations
in scheduling process. Workers selected for assignment are independent on the order of operations
in each job, so that the number of combined variables for worker assignments takes a large num-
ber. It causes that combination of job assignment and worker assignments takes a large number to
generate feasible schedules. Therefore, we must propose a procedure to efficiently search for the
best solutions and incorporate it into the scheduling method.

Numbers of past studies have examined the scheduling problem focusing on job and worker as-
signments. In these studies, job and assignments were individually controlled. For example, a
genetic algorithm was used for both assignment procedures [1], whereas it was only used for the
job assignments procedure and the heuristic process was used for worker assignment procedure
[2]. However, these studies treated a single objective function and they did not discuss the imbal-
ance in worker workloads. Furthermore, they focused on generating feasible schedules incorporat-
ing the constraints of workers assigned to specific operations.

In our study, a hybrid scheduling method based on a genetic algorithm is developed to resolve
the multi-objective functions of job tardiness and imbalance of workloads among workers. In our
method, worker assignments are based on the priority of jobs assigned to each available machine.
We used one of two methods for worker assignments in the hybrid Genetic Algorithm: a genetic
algorithm and a hybrid local search. The hybrid local search method involves two types of worker
assignment procedures which are aimed to minimize average tardiness and the peak to peak value
of operation time among workers.

In this paper, properties of the hybrid Genetic Algorithm are explained and the method’s per-
formance is investigated on simple job shop models. The numerical results show that the algo-
rithm generates high quality Pareto solutions and that the hybrid local search procedure can im-
prove solutions and reduce computation time.
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2 Representation of Worker Skills

The worker skills have influence on operation properties both qualitatively and quantitatively: the
quality of operations influences the quality of products and the quantity of operations operation
time. Since operation time influences scheduling problems, in this study we focus on operation
time influenced by workers’ skill levels. The operation time of an operation carried out by workers
possessing different skill levels is defined by the following equation:

Pijk = Miij 1_71'_;' (D

Dijk denotes the operation time of j-th operation of job i when worker k are assigned to the opera-
tion. Here, 1, J, ]71._]. ,and 7], . denote job number, operation number, standard operation time of /-
th operation of job #, and efficiency of woker & to process j-th operation of job i, respectively. Skill
level of worker k to process j-th operation of job i corresponds to the efficiency, 7),; Iz When a
worker is not available to process specific operations, efficiency of the worker for the operations
is defined as infinity.

3 Objective Functions and Constraints

Our test experiment result shows that a scheduling problem, which includes simultaneous control
of job assignment and worker assignment, involves a tradeoff between reduction of job tardiness
and a balance of workers’ workload. We introduce two objective functions related to this tradeoff:
average tardiness and peak-to-peak value of operation time among all workers. In this paper, aver-
age tardiness is symbolized as L. The peak-to-peak value of operation time among the workers is
referred to as “peak-to-peak value of operation time” and is symbolized as OP, hereafter. These
criteria are defined as the following:

L Z%an:max(Lf, 0)- ?)
L =C —-d,, (©))

OP =P, =P “)
P, =max{p|k=1,-,K}, (5)
P, =min{P |k =1,--, K}, (6)
P = zn:iﬁu Meis Ot )

i=1 j=1
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Here, C; and d; denote completion time of job i and due-date of job i, respectively. n and m; de-
note the number of jobs and the number of operations of job i. K denotes the number of workers.

When worker k is assigned to j-th operation of job i, O, takes 1. Otherwise, 5Ia : takes 0. The

kij
constraints of the problem can be modeled as follows:
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Here, 7, denotes start time of j-th operation of job i. @, ke takes 1 if worker £ is assigned to j-
th operatlon of job i at machine £, otherwise, it takes zero. 7; denotes release time of job i. Equa-
tion (9) denotes the constraint for assigning successive operations of job i to workers and ma-
chines without overlap of these operations. Equation (11) denotes the constraint for assigning less
than single operation to worker & at any time, and equation (12) the constraint for assigning single

or no operation to machine £ at any time.

4 Hybrid Genetic Algorithm

4.1 Representation of Chromosomes

A worker assigned to an operation does not depend on operations, to which the worker is previ-
ously assigned, in this paper’s scheduling problem. When the number of jobs, machines, and
workers take n, m, and s, respectively, the number of all combinations with these variables which
are needed to evaluate schedules is estimated to be (n!)™ -s™" . It denotes that the number of the
variable combinations related to worker assignment increases by the exponent mn. Therefore, we
need to introduce a procedure to effectively search for combinations of job and worker assignments
to generate Pareto solutions.
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In order to avoid the explosion of the number of combination of these assignments to search for
Pareto solutions, we first separate the controls for these assignments into two individual controls
of job and worker assignments, and then incorporate the individual controls into a hybrid proce-
dure based on a genetic algorithm. Hereafter, the hybrid procedure is denoted as ‘Hybrid Genetic
Algorithm’ or ‘HGA’ method. Figure 1 shows coding space given by combinations of two types
of chromosomes in different methods. A pair of two different chromosomes can generate a single
schedule. The left figure shows a procedure to search for pairs of the chromosomes modifying
elements in both chromosomes in a genetic algorithm process. It is a popular procedure and is
called as ‘Simple GA’” method or ‘SGA’ method, hereafter. The right figure shows the procedure
of the HGA method. In the HGA method, job and worker assignments are controlled by each
individual chromosome. Job assignments are mainly controlled by the genetic algorithm frame-
work. Worker assignments to operations are controlled on the condition of a single chromosome
for job assignment.

Figure 2 shows a schematic diagram of the HGA method. ‘ChromA’ and ‘ChromB’ denote a
chromosome for job assignment control and a chromosome for worker assignment control, respec-
tively. The plural chromosomes of ChromB belong to a single chromosome of ChromA. A pair of
a single chromosome of ChromA and a single chromosome of ChromB yields a single schedule.
Fig.2 also shows an evolutional process of ChromA in the HGA method from n-th generation to
(n+1)-th generation. From the population of ChromA in the n-th generation, a specific number of
chromosomes are selected for the (n+1)-th generation. Then, new chromosomes of ChromA are
generated by using crossover and mutation with the selected chromosomes. Finally, we yield a
new population of ChromA by combining the selected chromosomes and the generated chromo-
somes for the (n+1)-th generation. The new chromosomes of ChromB are generated in each
chromosome of ChromA and new schedules are generated from the pairs of ChromA and ChromB.

Figures 3(a) and (b) represent ChromA and ChromB. Operations—based representation is adopted
for ChromA shown in Fig.3(a). The job numbers, which are identical with the number for the job
operations, are set in a one-dimensional array. In addition, the order of job numbers indicates the
priority order of jobs to be assigned to each machine. Job numbers on the left side means that the
jobs are assigned prior to jobs symbolized by job numbers presented on the right side of Fig3(a).
As shown in Fig.land 2, the genetic algorithm is adopted to evolutional procedure for ChromA.

On the other hand, a two-dimensional array is used for representation of ChromB. The array’s
rows indicate jobs and the columns indicate each job’s operations. The worker number assigned to
each job operation is represented in each array element. Fig.3(b) shows that worker 3 is assigned
to the 2nd operation of job 2. To operate genes in ChromB chromosomes in the evolutional proc-
ess, one of two types of procedures is adopted; a genetic algorithm or a hybrid local search method.
The hybrid local search method is proposed in this study and explained in section 4.3.
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4.2 Properties of a Hybrid Genetic Algorithm

Figure 4 shows a flow chart of the HGA method and illustrates the evolutional procedure for
populations of ChromA. “Procxn” denotes n iterations of procedure ‘Proc’ and ‘Proc’ includes
generation and evaluation of schedules. In this study, either the genetic algorithm or the hybrid
local search method is adopted to procedure ‘Proc’. To select chromosomes of ChromA for a
successive generation, we use Pareto preservation and parallel selection. The detail of the HGA
method is shown below.

The HGA method

(1) Maximum generations and the number of chromo-somes in the population of ChromA take

‘MaxGene’ and ‘popA’, respectively.

(2) Generation is initialized as gene=0. Here, ‘gene’ denotes the current generation.

(3) The initial population of ChromA chromosomes is generated and is named set z0’.

(4) Procedure ‘Proc’ is executed for all chromosomes in the population.

(5) All chromosomes of ChromB in all chromosomes of ChromA in set z0 are ranked.

(6) Generation is updated: gene = gene+1.

(7) A new population of ChromA chromosomes is prepared as set ‘z1’ and it takes z1= ¢ . Chro-
mosomes of popA are selected from set z0 and are added to set zI1 in order of the following
procedure.

(7-1) Selection using rank for sharing
(7-2) Pareto preservation
(7-3) Parallel selection

(8) All chromosomes of ChromB in all chromosomes of ChromA in set z1 are ranked.

(9) New chromosomes of ChromA are generated through to the following process.

(9-1) The number of chromosomes is initialized as pop=0, and all chromosomes in set z0 are
removed: z0= ¢ . Here, ‘pop’ denotes the number of chromosomes in a set.

(9-2) The chromosomes of ChromA are selected as parent chromosomes from set zI using
the roulette wheel selection process.

(9-3) A crossover is executed to generate offspring chromosomes.

(9-4) A mutation is executed with using uniform random number.

(9-5) The offspring are added to set z0.

(9-6) The number of chromosomes in set z1 is updated.

(9-7) When pop < popA, go back to (9-2). When pop > popA, chromosomes in set z1 is de-
leted to make pop = popA, and go to (10). Otherwise, go to (10).

(10) Procedure ‘Proc’ is executed for all chromosomes of ChromA in set z0.

(11) All chromosomes in set z1 are transferred into set z0.

(12) All chromosomes of ChromB in all chromosomes of ChromA in set z0 are ranked.

(13) When gene < MaxGene, go to (6). Otherwise, the procedure is completed.

The Fonseca procedure [3] is used to calculate ranks of chromosomes. In the roulette wheel se-
lection in step(9-2), the ChromA chromosomes are selected by using ranks of all ChromB chro-
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mosomes in all chromosomes of ChromA in the population. Probability defined by equation (13)
is used for the roulette wheel selection process.

S —rank,
Prir} = m (13)
S, =) rank, (14)
(=1

Here, v and rank( denote the total number of chromosomes of ChromB, and rank of ¢ -th
chromosome of ChromB, respectively. The following treatments are introduced in the HGA
method:

(Treatmentl) The chromosomes of ChromB, which yield Pareto solutions in each chromosome
of ChromA, are reserved in the successive generation,

(Treatment2) The Giffler-Thomson method [4] is adopted for job assignment to machines. The
method is simplified as ‘GT method’, hereafter, and

(Treatment3) The elements in each chromosome of ChromA are modified to correspond to the

order of job selection in a schedule.

I Set popA, MaxGene I |
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1 1
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Fig. 4. Flowchart of HGA method

Treatmentl aims at reducing the number of chromosomes investigated for ranking. In the rank-
ing process, all ChromB chromosomes in all ChromA chromosomes need to be compared with
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each other. Because ChromB chromosomes generating Pareto solutions in each ChromA chromo-
some are related to ChromB chromosomes generating Pareto solutions in all ChromA chromo-
somes by equation (15), ChromB chromosomes which do not generate Pareto solutions in all
chromosome of ChromA can be deleted in the worker assignments process.

947 qp, (Vq,€ 4,V gy, € BA)) (15)

Here, A represents a set of ChromB chromosomes that generate Pareto solutions in all ChromA
chromosomes and B4; represents a set of ChromB chromosomes that generate Pareto solutions in
schedules generated using the j-th ChromA chromosome. g b indicates that @ is not inferior to
b . Pareto solutions are present in a set of this problem’s active schedules. Active schedules are
generated in the process of job assignment by Treatment2. The number of gene representations in
ChromA chromosomes used to search for Pareto solutions is reduced by Treatment3. Treatment2
and Treatment3 are executed in the ‘Proc’ procedure.

4.3 Methods for Worker Assignment

4.3.1 Characteristics of worker assignment methods

In the ‘Proc’ procedure of the HGA method in Fig.4, elements of ChromB chromosome are man-
upilated and schedules generated by using pairs of ChromA and ChromB chromosomes are evalu-
ated. As for the ‘Proc’ procedure, we adopt two types of methods described as follows;

(Procedurel) Genetic algorithm for the multi-objective optimization problem:

The genetic algorithm is named the ‘LGA’ method. The HGA method, into which the LGA
method is incorporated, is named the ‘HGA-LGA’ method. A procedure of the LGA method is
identical with that of the HGA method shown in Fig.4, when GT method and evaluation of sched-
ules are introduced in ‘Proc’.

(Procedure2) Hybrid local search method composed of local search methods to minimize job
tardiness and to minimize peak-peak value of operation time among workers:

Either of these local search methods is alternately selected and utilized to assign workers to op-
erations. The hybrid local search method is named ‘HLS’ method. The HGA method, into which
the HLS method, is incorporated is named the ‘HGA-HLS’ method.

4.3.2 Hybrid local search method for worker assignment
The HGA-LGA method requires long computation time to search for Pareto solutions due to using

probability for worker assignments. Therefore, The HLS method is introduced for worker assignment
in order to seek Pareto solutions of high quality efficiently. Fig.5 shows a flowchart of the HLS
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method. In this flowchart, the LSRL method is a local search method that is used to minimize
average job tardiness and the LSWLB method is used to the method to minimize peak-to-peak
value of operation time among workers. Either the LSRL method or the LSWLB method is alter-
nately selected and it is continuously executed to control worker assignment aiming at searching a
wide area for Pareto solutions using a small number of search points.

s

gene=0, Q=R=¢
v

Generation of initial

schedules and initial
chromosomes of chromB
v I

Evaluation R=¢
Add chromosomes Copy chromosomes in Q to R
into Q and R

| LSRL [l LSWLB |

| Ranking of chromosomes in Q |
v

Removal of chromosomes which don’t
generate Pareto solutions from Q

v

Preservation of chromosomes
generating Pareto solutions

. 2

Comparison of Pareto solutions in Q
with solutions of chromosomes in R

Yes

mprovement
No

Fig. 5. Flowchart of HLS method

Figure 6 shows a schematic diagram of the HLS method’s search process focusing on a single
solution. Both axes of the coordinate system indicate the values of different objective functions.
Any direction required to seek solutions consists of a combination of directions of independent
axes on the coordinate system and Pareto solutions are alternately sought in either of the directions
of the axes. The candidates for the Pareto solutions sought in the local search are used as starting
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points for the other local search. A set of ChromB chromosomes that consist of the candidates is

continuously updated. When the number of candidates and values of the criteria of all candidates

in a set are identical with these of candidates in the previous set, the HLS method is complete.

The HLS method is shown as follows:

The HLS method

(1) The number of chromosomes in population for ChromB chromosomes is initialized as gene=0.
Sets of ChromB chromosomes generating Pareto solutions for the successive and the current
generation sets are prepared and named Q and R, respectively. Then, these sets are initialized
asQ=¢andR=¢.

(2) The initial schedules and the initial arrays of ChromB are generated. Here, workers are deter-
mined so that each operation of all jobs completes earliest when the operation is selected from
a priority order of jobs represented in ChromA in the GT method process.

(3) The initial schedules are evaluated.

(4) The chromB chromosomes are added to both Q and R.

(5) The LSRL method is executed, go to step (7).

(6) The LSWLB method is executed.

(7) All ChromB chromosomes in set Q are ranked.

(8) The chromosomes that do not yield Pareto solutions are removed from set Q.

(9) If the values of all chromosomes’ criteria in set R are identical with these of all chromosomes
in set Q, go to step (13). Otherwise, go to step (10).

(10) All chromosomes in set R are removed: R=¢ .

(11) All chromosomes in set Q are copied into set R.

(12) If the current local search method is the LSRL method, go to step (6). Otherwise, go back to

step (5).
(13) The HLS method completes.

o< OLSRL

é A O Initial
g T
s ‘ELWLB a Schedule
Qo = " v
£ % A sre O
; = % ’AA EEEEmEE b

= & ) :
28] Ay N : LWLB
= Al v
2 p gy’
] LWLB™y ™78
(a3}

Average job tardiness

Fig. 6. Schematic diagram of search process of HLS method
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4.3.3 Local search method to reduce average job tardiness

In order to reduce job tardiness in a schedule, workers assigned to operations of tardy jobs are
continuously exchanged with other workers until the schedule is not improved. In the LSRL
method, the operation assigned to worker ki]. is exchanged for that of worker & according to the
following constraints:

ki€ {k,}s (16)
L.<L, AO<L, (17)

s <C;;, A ST,-,-<Ck;;, (18)
filey=max(r, ) )+n, P, (19)

kye (k.| —eq.(17)v—eq.(18)}, (20)

Sslky)= 1, +0,:;Di 2D

k, = argmin{min(f, (k; ). £, (k)| £,(6) < C,,. £, (k) <€, - o)

k; 52k

Here, workerk is assigned to the j -th operationO of jobi, s denotes start time of opera-
tion O, i and }"k denotes the possible start time of worker k a551gned to the ] -th operation
Oi} of JObl F1g 7 is a schematic diagram of Gantt chart explalmng the conditions of the ex-
change of workers assigned to operations which involve tardy jobs. When the period of process-
ing-time of a specific operation is overlapped with the period of processing time of operation O, j
a worker assigned to the specific operation is available to be exchanged with a worker assigned to
operation O, ;. C;; and ST} denote the completion time of operation O, ; and the start time of
operation O, IE respectlvely Equatlon (18) shows that a specific operatlon overlapped with an
operation of a tardy job is chosen for workers’ exchange. In addition, equation (22) guarantees
that completion time of an exchanged operation comes earlier than the original completion time of
the operation. Since these constraints draw reduction of tardiness from tardy jobs, iterative ex-
change process would reduce average tardiness of the schedule. The LSRL procedure takes the
follows:

The LSRL method

(1) The maximum number of chromosomes in a population takes Maxpop.

(2) Set Q for ChromB is transferred from the HGA process.

(3) Sets S and T for ChromB are determined and set to be empty: S=¢, T=¢ .
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(4) A single chromosome of ChromB is extracted from set Q, and the chromosome is added into
set T. Go to step (5). When set Q is empty, go to step (18).
(5) List of job number, JL, is determined to be empty: JL=¢ .
(6) A schedule is generated by using the ChromB chromosome extracted in step (4) or (17).
(7) Job numbers of tardy jobs are added into list JL. .
(8) Average job tardiness of the schedule is determined as the current best solution L.
(9) The number of chromosomes in a temporary population is initialized: pop=0.
(10) When the value of ‘pop’ is identical with ‘Maxpop’, go to (14). Otherwise, go to step (11).
(11) The number of chromosomes in the temporary population is updated: pop=pop+1.
(12) The chromosomes of ChromB are generated based on the following process:
(12-1) All elements of a ChromB chromosome extracted in step (4) are copied to a tempo-
rary chromosome named ‘ChromBX’,
(12-2) Job iis selected from list JL,
(12-3) Operation Oi_/' of job i is selected using a random number,
(12-4) Workerk _and an operation assigned by worker k_are chosen by using the equa-
tions between (16) and (22). Then, worker ki ; assigned to operation O, j is ex-

changed with worker £, and the start and completion times of operation O, ; are

modified. When worker kl._ ; 1s assigned to another operation, the operation’s start and
completion times are modified,
(12-5) The elements of ChromBX chromosome are modified based on a worker exchange,
(12-6) When an extracted job is the last element in list JL, go to step (12-7). Otherwise, go
to step (12-2), and
(12-7) The ChromBX chromosome is added to set S.
(13) Return to step (10).
(14) Schedules are generated by using all chromosomes in set S combined with a ChromA chro-
mosome. Then, criteria values of all schedules are calculated.
(15) The best schedule is extracted from all schedules with regard to job tardiness and the crite-
rion value is determined as L, .
(16) All elerr}ents of set S are transferred to set T.
(17) When L,,, 2L, ., L,,, takesL, best
mined as ChromB chromosome for the hybrid local search; if this is the case, go to step(5).

and a chromosome corresponding to L, . is deter-

Otherwise, go to step (4).
(18) When all chromosomes in set T are transferred to set Q, return to the HLS method.
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WorkAer | Not candidates
k |3
k; ]

Candidates
for exchange

Fig. 7. Gantt chart explaining selection of an operation for change of worker

4.3.4 Local search method to reduce peak-to-peak value of operation time among all workers

In the LSWLB method, worker k,, and worker k. are iteratively exchanged until peak-to-
peak value of workers’ operation time can not be reduced. Here, k__ and k. represent a worker
with the maximum operation time and a worker with the minimum operation time, respectively.
The peak-to-peak value of workers’ operation time OP is defined as the following equations:

oP=P, —-P_ . (23)

max min

n

p=)

i=l j=

PO = 2 Pis i - (24)
1 s=1

Here, P, denotes the operation time of worker £. [_)Zv , T];S , and §, denote standard time of s-
th operation OZS assigned to worker £, the efficiency of worker & for operation OZS, and the
number of available workers to be assigned to operation OZS , respectively.

When worker &, assigned to operation OZ,W . is exchanged with workerk_, , total operation
time of each worker is calculated in the following equations:

§*
n+l n —* *
P, =R, =D P (25)
§=1
ok
P ntl P n J —* *
i =P D P i s (26)
§=1

n and n+1 denote the condition before and after of the exchange of workers, respectively. S and

$ * denote the order number of operations assigned to worker k... and the number of operations
*

required to exchange workers, respectively. Operations O, _ are continuously chosen from op-

‘max
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erations assigned worker k& under OP > 0 with using random number and the total number of

max
the chosen operations is taken as § * . After workers are exchanged, the schedules are generated

and the criteria values are calculated. As a result, the data on workers k__ and k_. are updated.

max min
Operations are selected and assigned to these workers in the same way. The selected workers are
exchanged again. This process is repeated until the peak-to-peak value of the total operations time
for all workers can not be further reduced. The LSWLB method takes the following steps:
The LSWLB method
(1) Set Q of ChromB chromosomes generating Pareto solutions is transferred using the HGA
method.

(2) Set S for ChromB chromosomes is determined as empty: S=¢ .

(3) After a single chromosome of ChromB is extracted from set Q, go to step (4). When set Q is
empty, go to step (8).

(4) A schedule is generated using the GT method and the extracted chromosome,

(5) Worker k. and worker k
and PT,,,, are calculated with regard to workers kmax and kmin .

in are identified in the schedule. The total operation times, PTax
(6) The peak-to-peak value of operation time among workers is calculated as 53) = PTmax = PThin-
(7) The elements of ChromB are modified according to the following steps:
(7-1) All elements of ChromB chromosome are copied to elements of a new chromosome of
ChromBX.
(7-2) OP, takes the value of OP: OF, = OP .

(7-3) Operation OZW . assigned to worker k__ is chosen using a random number. The

worker assigned to the operation is exchanged with workerk, . .
(7-4) Workersk,, and k_;

€r18S.

are identified, and the value of OP is calculated for all work-

X n

(7-5) The elements of ChromBX chromosome are modified according to the exchange of
workers.
(7-6) The ChromBX chromosome is added to set S.
(7-7) If 6P = OF,, go back to step (3). Otherwise, go to step (7-8).
(7-8) If all elements of ChromBX chromosome are copied to elements of a new chromosome
of ChromBX, then return to step (7-2).
(8) Schedules are generated using all chromosomes in set S and the criteria of all schedules are
evaluated.
(9) All chromosomes of ChromB in set S are transferred to set Q.
(10) Return to the HLS method.
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5 Evaluation of a Hybrid Genetic Algorithm

5.1 Models

In this chapter, the effectiveness of our hybrid Genetic Algorithm is evaluated on a simple job
shop model. Three types of job shop models proposed by Fisher and Thompson [5] are utilized:
ft06, ft10, and ft20. These original problems are created from a typical simple job shop process [6].
All job sequences and every operation time of jobs have been decided randomly in these problems.
To evaluate the proposed algorithm for the tradeoff relationship, conditions of worker assignment
and job due-dates are added to the original problems.

As for conditions for job due-date, due-date of job i is defined in equation (27) by TWK
method [7]:

3

i

d, =k, ]_7:'/' t7 . 27)
1

~
I

Here, k,, and 7, represent the due-date coefficient of job i and the release time of job i, respec-
tively. Furthermore, all jobs are released at the identical time and the release time takes
zero:7; =0.

As for conditions for worker assignment, the workers are placed in one of three levels. The co-
efficient 77, i depends on worker’s skill level and it is not influenced by characteristics of opera-
tions. That is, 77,; It/ is defined. Coefficient 77, takes one of three constant values, 0.8, 1.0,
and 1.2. The constant values of 0.8, 1.0, and 1.2 correspond to the high skilled worker, the average
skilled worker, and the low skilled worker, respectively.

Tablel shows conditions used in a numerical experiment. In the table, the number of jobs, the
number of machines, the number of workers, and due-date coefficient of all jobs are shown.
Worker levels ‘H’, ‘A’, and ‘L’ denote high-skilled, average-skilled, and low-skilled. Probability
for mutation takes 0.05.

Table 1. Conditions for a numerical experiment

Job Machine Worker (Level H,A,L) Due-date coefficient
ft06 6 6 6 (2,2,2) 1.2
ft10 10 10 6 (2,2,2) 1.5
ft20 20 5 6 (2,2,2) 1.5

5.2 Procedure introduced in scheduling methods

To evaluate the hybrid Genetic Algorithm, we compare it with a Simple GA method. A two-point
crossover is adopted in all types of genetic algorithms utilized in the numerical experiment with
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regard to ChromA and ChromB chromosomes. As for ChromA, any two elements are chosen from
the parent chromosomes. Then, job numbers are extracted at two elements and the numbers are
exchanged. If all job numbers are not identified by all the number of the job operations after the
CTOSSOVeT.

To prevent offspring’s chromosomes from that the number of any job number is not same as the
number of operations in the chromosomes, job numbers and positions of the numbers on parts of
parent’s chromosomes prepared for crossover are assigned to new chromosomes for offspring
counting the number of operations for each job.

As for ChromB, a two-point crossover is used in a one-dimensional array for each job. In the
mutation process, the swap and shift procedures are adopted in both types of chromosomes. A
sharing procedure is introduced in the SGA, and HGA-HLS processes. However, the procedure is
not introduced in HGA-LGA method because the solutions almost uniformly disperse on the
Pareto front. Following this we use three processes - roulette wheel selection, Pareto reservation,
and parallel selection - to select chromosomes for the successive generation.

5.3 Evaluation of the Hybrid Genetic Algorithm

To evaluate Pareto solutions obtained by the hybrid Genetic Algorithm, two types of measures [8]
are introduced:
> Measure of proximity of solutions to Pareto front, C(X,, X,), and
> Measure of diversity of Pareto solutions, Sg.
C(X,,X,) and Sp are defined by the following equations:

|{aze X2|Ela, e X, :aljaz}(
x|

CX,,X,)= (28)

Sy= |- S —ay (29)
el

d=[s;=s,| - (30)
s, :argmin{”si”} . (31)
s, =n /YAy Ly (32)

Here, X,, X, denotes two different sets to compare. a>=b denotes that a takes superior cri-
teria values to b, or a and b take the identical criteria values. |X 2| is the number of solutions
in set X , . The definition of Sp is modified to assess distribution of the Pareto solutions.
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d, ,c7 are the Euclidean distance from the nearest solution from the origin of coordinate system
for Pareto solutions, and average of d ; » Tespectively. ), y:ax are the value of objective function
1 of Pareto solution i obtained by each method, and the maximum value of objective function 1 of
Pareto solution i obtained by the HGA-LGA method. When the value of C(X,, X,) takes a
large number, the Pareto solutions in set X, are superior to these in set X;. When the value of Sp
takes a large number, the distribution of the Pareto solutions widely spreads out in the Euclidean
coordinate system.

As for ft06, Table 2 shows conditions utilized in three types of genetic algorithms. As for SGA
method, population takes ten times as many as that used for HGA-LGA method and generation is
determined as the condition of calculation time which is several times longer than that required in
the HGA-LGA methods. Population and generation for HGA-HLS method are determined as the
condition for the almost same elapsed time as that for the HGA-LGA method. To accurately esti-
mate elapsed time in the calculation of HGA-HLS method is difficult because of iterative
procedure to converge solutions in HLS method.

Table 3 shows proximity of the Pareto solutions between two different methods and Fig.8 shows
the Pareto fronts obtained by different methods. In Fig.8, “One dimensional” denotes the minimum
value of average job tardiness obtained by the HGA-HLS method for a single objective function in
which only LSRL procedure is used. Table 4 shows the diversity of the Pareto solutions. Table 3
and Fig.8 show that the HGA-HLS and the HGA-LGA methods are superior to the SGA method
with regard to C(X,, X, ), although the elapsed time of the SGA method is six times longer than
the other methods. These results show that separation and hybrid control of the two types improves
the quality of Pareto solutions and reduces calculation time.

Figure 8 shows that the Pareto solutions attained by the HGA-LGA method are uniformly dis-
tributed on the coordinate system and that this method is not required to introduce a sharing
procedure. On the other hand, the HGA-HLS method produces the Pareto front which almost
corresponds to that generated by the HGA-LGA method. However, since the number of Pareto
solutions is less than that obtained by the HGA-LGA process, a gap of the distribution of Pareto
solutions appears between the adjoined solutions in the vicinity of the coordinate system’s origin.

Figure 9 and 10 show the Pareto fronts obtained from the ft10 and the ft20 problems. Table 5
describes the condition used for the experiments. Table 6 and 7 show the proximity of solutions to
Pareto front with regard to the ft10 and the ft20 problems, respectively.

Table 2. Numerical conditions for genetic algorithms (ft06)

ChromA ChromB
Method
Population Generation Population Generation
SGA 500 2000 — —
HGA-LGA 50 50 50 50
HGA-HLS 50 50 LSRL : Maxpop = 30
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Table 3. Proximity of solutions to the Pareto front and calculation time (ft06)

X X2 Simple GA HGA-LGA HGA-HLS Time
1
SGA — 0.86 0.72 2 hr 32 min
HGA-LGA 0.0 — 0.47 23 min 22 sec
HGA-HLS 0.0 0.07 — 18 min 57 sec

Table 4. Diversity of Pareto solutions (ft06)

SGA HGA-LGA HGA-HLS
0.327 0.271 0.40
50 '
R O s6A —
£ A ® HGALGA .
= 40 Y A HGA-HLS
St v — w . . L
S £ g5 One dimensional
&4 A
s S 30 i )
2 2 £ 2N
s 2 25 . cgé
>
fo 4|—é
= 520 X ‘Xq
2
=] 15 ., o
%10
(5]
- 5 ' D\000‘0\00
, L LY SR AN DY
0 5 10 15 20 25

Average Job Tardiness

Fig. 8. The Paret o fronts obtained by different methods (ft06)

Table 8 shows the computation time of these methods. The number of operations for the ft10

and the ft20 problems is larger than that of the ft06 problem, so that more computational time is

required to make the critical values of the Pareto solutions converge. Therefore, we set that the
generations for HGA-LGA and HGA-HLS methods are twice the generation required for the ft06
problem in these problems. These figures show that the HGA-LGA and HGA-HLS methods obvi-
ously generate the better Pareto solutions than the SGA method. Furthermore, the HGA-HLS
method generates the solutions in half computational time required by the HGA-LGA method. As
shown Fig.10, the Pareto solutions obtained by the HGA-HLS method are distributed in the areas
of small value of individual objective functions. However, the Pareto front involves a large gap

between adjoining solutions.
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As for worker assignment, worker numbers in elements of ChromB chromosome are required
to change for any worker numbers in order to evaluate all combinations of worker assignments, so
that genetic operators used in the LGA process are difficult to search for ChromB chromosomes of
Pareto solutions. Since the number of machines is not identical with the number of workers in the
ft10 and the ft20 problems, these problems are more difficult to search for the Pareto solutions
with using genetic operators than ft06 problem. Because worker numbers are directly chosen to
improve Pareto solutions in the HLS process, the process is effective to adopt in HGA method.
From Fig.9, 10 and Table.6, 7, and 8, we conclude that the HGA-HLS method is effective to re-
solve the following problems: the problem in which the number of workers is not identical with
the number of machines and the problem which involves a large number of workers.

600 -
I —O0— SGA

500 —o— HGA-LGA —
I —A— HGA-HLS
! (X — = =One dimensional

among workers

Peak to peak value of operation time

0 100 200 300 400 500 600

Average Job Tardiness

Fig. 9. The Pareto fronts obtained by different methods (ft10)

Table 5. Numerical conditions for genetic algorithms (ft10, ft20)

Method ChromA ChromB
Population Generation Population Generation
SGA 500 2000 -
HGA-LGA 50 100 50 50
HGA-HLS 50 100 LSRL: Maxpop =30
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Fig. 10. The Pareto fronts obtained by different methods (ft20)

Table 6. Proximity of solutions to Pareto front (ft10)

X SGA HGA-LGA HGA-HLS
1
SGA - 1.0 1.0
HGA-LGA 0.0 - 0.82
HGA-HLS 0.0 0.026 -

Table 7. Proximity of solutions to Pareto front (ft20)

x SGA HGA-LGA HGA-HLS
1
SGA - 0.97 0.93
HGA-LGA 0.0 - 0.93
HGA-HLS 0.0 0.152 -

Table 8. Calculation time required to resolve ft10 and ft20 problems

Method ft10 ft20
SGA 3hr 6min 25sec 3hr 19min 18sec
HGA-LGA 3hr 8min 31sec 3hr 18min 49sec
HGA-HLS 1hr 4min 24sec 1hr 35min 14sec
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The HGA-HLS process also results in a Pareto front with large gaps as shown in Fig.10. This
defect suggests that a function to search for new Pareto solutions in the gap area should be incor-
porated into the HGA-HLS method in order to improve the Pareto front. From these results, we
summarize the characteristics of the proposed hybrid Genetic Algorithm as follows:

(1) The hybrid Genetic Algorithm is effective in seeking Pareto solutions in a short calculation
time in a scheduling problem that includes simultaneous controls of job and worker assignments,

(2) The HGA-HLS process requires a shorter calculation time than the HGA-LGA process to
generate the same grade of Pareto solutions for large scale problems,

(3) The HGA-HLS process generates Pareto solutions of small values of individual objective
functions and it provides higher diversity and better proximity of Pareto solutions than an-
other HGA method. However, the Pareto front involves a large gap between adjoined solu-
tions in the vicinity of the coordinate system’s origin.

A personal computer with a Pentium4, 2.66 GHz processor and 512MByte RAM is used for
this numerical experiment.

6 Conclusion

In this study, we examine a scheduling problem including simultaneous assignments of jobs and
workers. This problem is treated as a multi-objective problem to minimize average job tardiness
and peak-to-peak value of workers’ total operation time. To resolve the problem, we divided two
types of assignments into individual controls and developed a hybrid Genetic Algorithm. The
genetic algorithm framework is used to control job assignment and worker assignment is con-
trolled based on each job priority order for job assignment. Two types of search procedures are
adopted for worker assignment control; a genetic algorithm and a hybrid local search method. The
hybrid local search method is constructed of local search methods for different single objective
functions in order to efficiently search for worker assignment for Pareto solutions.

The hybrid Genetic Algorithm method is examined on simple job shop models to evaluate its
performance. The results of numerical experiments show that the hybrid GA method can generate
the better Pareto solutions than Simple GA method. As for worker assignment, the results show
that the hybrid local search method can search for better Pareto solutions in a shorter computa-
tional time than a genetic algorithm. Since workers are selected by equations for constraints in the
hybrid local search processes, the HGA-HLS method can be efficient to obtain Pareto solutions of
high quality.

The proposed hybrid scheduling method can be easily installed into a parallel computing envi-
ronment, so that it is expected to reduce calculation time required to generate Pareto solutions by
using the parallel computing environment.
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Abstract. This paper formulates a timetabling problem, which is often encountered in a
university, as a mathematical programming model. The proposed model combines both
teacher assignment and course scheduling problems simultaneously, which causes the entire
model to become more complex. We propose an improvement heuristic algorithm to solve
such a model. The proposed algorithm has been tested with several randomly generated
datasets of sizes that are comparable to those occurring in a university in Indonesia. The
computational results show that the improvement heuristic is not only able to obtain good

solutions, but is also able to do so within reasonable computational time.

Keywords: Timetabling, mathematical programming, improvement heuristic algorithm.

1 Introduction

Timetabling is the allocation, subject to constraints, of given resources to objects being placed in
space time, in such a way as to satisfy as nearly as possible a set of desirable objectives [1]. One of
the key applications of timetabling is in educational timetabling. In this paper, we focus solely on
the course timetabling problem at the university level.

The course timetabling problem is further classified into five sub-problems: teacher assignment,
class-teacher timetabling, course scheduling, student scheduling, and classroom assignment [2].
The teacher assignment problem focuses on allocating teachers to courses, without considering the
allocation of courses to time periods. The course scheduling problem only focuses on allocating
courses to time periods. It is often assumed that the allocation of teachers to courses has been done
earlier before the actual scheduling of time periods to courses.

* Corresponding Author. Tel.: +65-6516-2208, Fax: +65-6516-1434, Email: g0500710@nus.edu.sg.
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This paper attempts to address both teaching assignment and course scheduling problems
simultaneously, and a model combining these two sub-problems is proposed. Another emphasis of
this paper is to develop a simple improvement heuristic to tackle this timetabling problem. Such a
timetabling problem that we address has arisen in the context of a university in Indonesia.

The paper proceeds as follows: Section 2 presents the timetabling problem and gives a brief
literature review of this problem, as well as some of its basic requirements. Section 3 describes a
mathematical programming model for the problem, together with the computational difficulties of
the model. A proposed heuristic is then described in Section 4, and the computational results and
comparisons are reported in Section 5. Finally, Section 6 gives some conclusions and possible
directions for future research.

2 The Timetabling Problem

The course timetabling problem discussed in this paper appears in the context of a university in
Indonesia. A number of common definitions and terms for the problem are first explained in detail.
A course refers to a subject taught one or more times within a week. Each course requires a certain
number of consecutive time periods per week. Due to the capacity of the classrooms and the
number of students registered, some courses have to be taught repeatedly by the same teacher or
by different teachers. Each of these repeated courses is known as a course section.

Before the new semester starts, teachers are requested to decide the courses they are willing to
teach, along with their preferred days and time periods to teach the courses. The primary problem
faced is how to assign teachers to their preferred courses and course sections and then to schedule
course sections to time periods over a week based on the teachers’ preferences. Although the
decisions on teacher assignment and course scheduling problems could mathematically be made in
one step, in practice, this is generally done in two separate steps [3]. Most of the papers only focus
on one of the sub-problems, such as Andrew and Collins [3], Breslaw [4], Harwood and Lawless
[5], Schniederjans and Kim [6], Tillett [7], and Wang [8] that only focus on the teacher assignment
problem.

The course scheduling problem has also been widely studied with many solution methods being
proposed. Yu and Sung [9] applied a genetic algorithm for solving course scheduling problems,
and simulated annealing was applied to course scheduling by Abramson [10] and Abramson et al.
[11]. Hertz [12] proposed a tabu search algorithm for solving course scheduling problems, while
Badri [13] proposed a model for both course scheduling and teacher assignment problems.
Through a two-stage optimization procedure, the model in Badri [13] seeks to maximize teacher-
course preferences in assigning teachers to courses, and then maximize teacher-time preferences in
allocating courses to time periods.

Two common techniques for solving the timetabling problems are exact and heuristic methods.
Exact methods include formulating and solving integer programming models of the timetabling
problems. One of the recent applications of integer programming to the course scheduling problem
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was presented by Daskalaki et al. [14]. We adopt a similar approach by formulating a
mathematical programming model that considers both teacher assignment and course scheduling
simultaneously. This is also an extension of the basic mathematical programming model proposed
by Gunawan et al. [15], in which it is shown that timetabling problems with data sizes comparable
to that of an institution can be solved with the help of this basic model.

For large problems, it could be difficult to find and prove the existence of an optimal solution,
especially within short computing times [16]. It would be necessary to develop a heuristic
approach in order to find a good solution within a reasonable amount of time. In general, the
heuristic procedure consists of two phases [17]: initial and improvement phases. In the first phase,
we try to find a feasible solution. If there is no feasible solution, we need to rearrange the
assignments or relax some requirements or constraints. In the improvement phase, we improve the
feasible solution obtained until a local optimum is reached. Some examples of heuristic
approaches for solving the course scheduling problem were proposed by Aubin and Ferland [18],
Loo et al. [19] and Wright [20].

The university timetabling problem has special features that highly depend on the university’s
characteristics, such as the courses taught, the teachers and the availability of resources as well.
Several rules or requirements imposed on the problem are as follows:

a. For each teacher, course and time preferences are obeyed.

b. For each course, only one section can be conducted in every time period.

c. Each teacher has to teach at least one course and cannot teach more than his/her maximum

load. Here, the load refers to the number of courses that are assigned to the teacher.

d. The number of teachers who can teach for each course is limited.

e. All course sections have to be spread evenly throughout a week, so that for a particular

course, only one section can be conducted every day.

f. Each teacher can only teach at most one course section in a particular time period.

g. The number of course sections taught cannot exceed the number of classrooms available

during each time period.

h. All sections for a particular course must be scheduled.

i. Each course section can only be taught by one teacher.

j- Each teacher will not be assigned courses that he/she is unable to teach.

k. All the course sections taught by a teacher will be spread out evenly during a week.

1. Each course section has to be scheduled in a certain number of time periods consecutively.

The first requirement is considered as a preference and will be incorporated into the objective
function, while the rest will be regarded as constraints that cannot be violated.
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3 The Proposed Mathematical Programming Model

In order to study the computational effort involved in solving the problem of interest, the
following mathematical programming model is proposed. We define the following sets to be used
in the model:

I set of all teachers

J set of all courses

K set of all course sections

L set of all days available

M  set of all time periods available

J; set of courses that could be taught by teacher i (i€ 1)

K; set of sections of coursej (j€ J)

We also define the following data parameters for the model:

N; maximum load (in terms of the number of courses) of teacher i (i€ 1)

C number of classrooms available per time period

H; number of time periods required for course j (j€ J)

PC; value given by teacher i on the preference to be assigned to teach course j (i€ /, j€ J)

PTy, value given by teacher i on the preference to be assigned to teach in day / and time

period m (i€ I,le L, me M)

LT; minimum number of teachers that could teach course j (j€ J)

UT; maximum number of teachers that could teach course j (j€ J)

S; number of sections of course j (jE€ J)

Finally, the following decision variables will be required to define the problem:

Xium=1 if teacher i teaches course j section k£ on day / and at time period m; 0 otherwise (i€ I,

JEJkEK,IEL meEM)

Y= 1 if teacher i teaches course j section k on day /; 0 otherwise (i€ I, j€ J, k€ K;, IE L)

Ujum= 1 if teacher i teaches course j section k on day / and started at time period m; 0 otherwise

(iel,jeJ, k€K, I L, me M)

P,= 1 if teacher i teaches course j; 0 otherwise (i€ /1, j€ J)

L= number of course sections taught by teacheri (i€ )

V= number of course sections taught by teacher i per day (i€ 1)

For our problem, the objective function reflects a preference function that needs to be
maximized. It refers to the total preferences of assigning courses to the teachers and the total
preferences of assigning the days and time periods to the teachers for teaching the sections of the
courses. Thus, the teachers can choose not only their course preferences, but they can also indicate
their time preferences. We assume that these preferences are equally important. The objective
function is described by the expression in equation (1):

Maximize 2 2 PGy Xy + 220 20 2 2P X X jiam

iel jeJ iel jeJkeK; leLmeM (1
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The following depicts some of the main constraints encountered in our timetabling problem.

Z ZXz‘jklm <1 (JEJ, I L, me M) .

iel keKj

Equation (2) ensures that for a particular course, only one section can be conducted in every
time period.

sz

keK leL

(i€ 1, jeJ) 3)

Equation (3) indicates that if teacher i teaches at least one section of course j during H;
consecutive time periods, the value of P; will be 1, meaning that teacher 7 teaches course j. Here,
|_a—‘ denotes the smallest integer greater than or equal to a

ISZPUSN Ge) A
jeJ ()

Equation (4) represents the minimum and maximum number of courses taught by each teacher.
It is assumed that each teacher has to teach at least one course.

LT, <Y P <UT;  (jE€J) (5)

iel

Equation (5) limits the number of teachers who can teach for each course. The values of L7; and
UT; are dependent on the number of sections for course j.

D Xjum =YjuxH, (ELjEJ kEK; I€L) ©)
meM

Equation (6) shows the relationship between variables Yj;; and Xj,,. If teacher i teaches course
Jj section k for H; time periods on day /, the value of Y is equal to 1.

> > V<t (JEJLIEL) o

iel kekK;
Equation (7) ensures that for a particular course, at most one section can be taught each day.

ZZleklm <1 (ZE LIe L me M) (8)

JjeJ keK;

Equation (8) ensures that each teacher can only teach at most one course section in a particular
time period.
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22 2 Xjum SC - (€L mEM) ©
i€l jeJkeK

Equation (9) represents the constraint that at each time period, the number of course sections
taught could not be more than the number of classrooms available.

22 D2 Ywm=S, () (10)

iel keK/ leL

Equation (10) states that all course sections must be scheduled.

ZZYW =1 (jeJ, keK)) (11)

iel leL

Equation (11) ensures that each course section can only be taught by one teacher.

X 0 (i€ljeJ.keK,IeL) (12)

ijklm =

Equation (12) ensures that teachers will not be assigned courses that they are unable to teach.

2.2 D Y=L GED) (13)

jeJ kekK; leL

Equation (13) calculates the number of course sections taught by each teacher.
L.
v, {ﬂ (i€l (14)

Equation (14) calculates the upper bound on the number of course sections taught per day for
each teacher.

DY > Yu<v,  Gellel) 15)

jeJ kekK

Equation (15) ensures that the number of course sections taught by each teacher per day will not
be more than the upper bound V;. This constraint also tries to spread out evenly the total course
sections taught by a particular teacher in a week.

The next three constraints deal with the requirement of consecutive time periods. We know that
every course section requires a certain number of time periods. With these constraints, if course j
section k taught by teacher 7 requires /4; consecutive time periods and the teacher is assigned to a
given period of day / as the first period to be taught for the course section, then the teacher will
also be assigned to the following (H; — 1) periods.

(1,1
D> x
=0

stiimee) 2 H;xUg, (€ L jE J, kE K, IE€ L, me {0,...|M-H}}) (16)
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In order to facilitate the modeling of this requirement, the variable Uy, is introduced. Equation
(16) expresses the constraint that each course section has to be scheduled in H; time periods
consecutively. If section & of course j taught by teacher i is assigned to time period m; of day /,
then the following (/; — 1) time periods should be assigned to the same course section. In this case,
the variable Uy, would be 1, meaning that the particular course section is started at time period

mj.

o)

(
DD DUpm=1 (ELkEK) (17)

iel leL m=0

Equation (17) ensures that for each course section, only one variable Uy, is equal to 1,
meaning that the starting time period of a particular course section is only one time period.

DD Xywm=H, (JEJkEK) (18)

iel leL meM

The number of time periods allocated to each course section has to be equal to the requirement
of the course, and this is expressed by equation (18).

Uijklm =0 (ZE Lje Ja ke I(jr ZEL)mE {('M_I_IJ+1)97(|M_1)}) (19)

A particular course section could not be started in certain time periods if the remaining time
periods are less than the number of time periods required. In this case, we set the relevant variables
Ujjtim to be zero.

Ujum =0 (€ Lj& J, k€ K, I€ L, me {0,...,(IM|-H))}) (20)

Similar to equation (12), equation (20) ensures that teachers will not be assigned to certain time
periods for courses that they are unable to teach.

Note that equations (3) and (14) involve nonlinear functions of the decision variables but these
can always be linearized by adding some decision variables and constraints. The maximum
number of decision variables and constraints in the proposed mathematical model are
CUWVIKIL{IM] + [VIKIL] + [+2{1) and GIAWVIK]ILIM] + 2UKIL] + (VLM + [IL]M] + 2]
+3VIIK] + (L] + WIL] + |L||M] + 4]1) + 31J]), respectively.

To test the performance of the proposed model, it is implemented in ILOG OPL Studio 4.2 on a
2.6GHz Pentium IV PC with 512MB RAM that runs in Microsoft Windows XP operating system.
Several data sets are generated in such a way that the data sets correspond to differing values of
several parameters. Here, the parameters that were varied are the number of teachers, the number
of courses, the number of sections for each course, the maximum load and the number of
classrooms available.

The number of days per week is assumed to be five days and the number of time periods per
day is eight periods except for problem type 5x5. Each data set consists of five randomly
generated data instances. Two different types of data sets are generated and they are known as
Group I and Group II data sets respectively. For Group I data sets, the number of sections for each

168 | GLosAL InFormATION PUBLISHER .




An Improvement Heuristic for the Timetabling Problem

course is set to a fixed number, while the number of sections for each course varies in the Group II
data sets. Tables 1 and 2 summarize the characteristics of each data set. For all the data sets, we
also set the minimum and maximum number of teachers who can teach a particular course as
shown in Table 3.

Table 1. The characteristics of Group I data sets

Number
Number Number Number Maximum  Number of
Number of time
Data set of of of load per classrooms
of days periods
teachers courses sections teacher available
per day
5%5 1 5 5 2 5 4 1 4
5x5 2 5 5 2 5 4 2 4
10x10_1 10 10 2 5 8 1 4
10x10 2 10 10 2 5 8 2 4
15x15 1 15 15 2 5 8 1 6
15x15_2 15 15 2 5 8 2 6
20%20 1 20 20 2 5 8 1 8
20%20 2 20 20 2 5 8 2 8
Table 2. The characteristics of Group II data sets
Number  Number Minimum  Maximum Nurr.lber Maximum  Number of
number number Number  of time
Data set of of . load per classrooms
of of of days  periods .
teachers  courses sections sections per day teacher available
10x20 1 10 20 2 3 5 8 4 10
10x20 2 10 20 2 4 5 8 4 10
20%30 1 20 30 2 3 5 8 3 15
20%30 2 20 30 2 4 5 8 3 15
20%40 1 20 40 2 3 5 8 4 15
20x40 2 20 40 2 4 5 8 4 15
30x60 1 30 60 2 3 5 8 4 20
30x60 2 30 60 2 4 5 8 4 20
Table 3. The minimum and maximum number of teachers for each course
Number of sections Minimum number of teachers Maximum number of teachers
@n wn
1 1 1
2 1 2
3 1 2
4 2 3
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The maximum size of problems solvable within reasonable time is rather small due to the huge
number of constraints and decision variables involved. Tables 4 and 5 summarize the average best
known/optimal objective function values obtained and the average CPU time required to obtain the
solutions for Group I and Group II data sets, respectively.

From Table 4, we observe that the average CPU time required to obtain the solution increases
rapidly when the maximum load increases from one to two courses. The average objective
function value of the optimal solutions is also increased when the maximum load is increased. This
is because the chances for each teacher to be assigned the courses and time periods preferred will
be higher and each course can be taught by more than one teacher. Similar observations can also
be found from the results in Table 5.

Table 4. Computational results of Group I data sets

Average CPU time

Data set Average objective function value
(in seconds)

5x5 1 1,052 2.03

5x5°2 1,216 2.17
10x10_1 2,184 18.47
10x10_2 2,712 31.79
15x15 1 3,170 136.93
15x15_2 4,166 431.94
20%20_1 4,368 337.98
20x20 2 5,774 4212.92

Table 5. Computational results of Group II data sets

Average CPU time

Data set Average objective function value

(in seconds)
10x20_1 7,766 1,183.11
10x20_2 7,934 1,273.15
20%30_1 10,875 9,746.36
20%30_2 13,468 36,019.99
20%40_1 - .
20x40_2 - -
30%60_1 - -
30x60_2 - -

The best known/optimal solution can be found for data sets with the number of teachers = 10
within a few minutes. For 20 teachers, we observed that the CPU time increases rapidly as shown
in Table 5. The solutions can only be found within three to six hours. However, the optimal
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solution for all data instances in data sets 20x40 1, 20x40 2, 30x60_1 and 30x60 2 could not be
computed within the time limit of 24 hours.

These numerical results indicate that the computing time required to find an optimal solution to
the problem becomes prohibitively large when the problem size increases. This also experimentally
supports the theoretical results on the NP-completeness of timetabling problems [21]. Consequently,
many heuristic algorithms were proposed and developed to deal with the timetabling problem in the
literature as mentioned in the previous section. In the next section, we also propose a heuristic that
can handle large problem sizes.

4 The Proposed Heuristic

Our problem consists of two common sub-problems in the university course timetabling problem:
teacher assignment and course scheduling problems. Our proposed heuristic will solve these sub-
problems iteratively, and it comprises of three main phases: (1) pre-processing, (2) construction,
and (3) improvement (see Figure 1). Each of these phases is further described below.

Pre-Processing Phase

Generate /; and LM;

Construction Phase

Allocate teachers to courses and course sections

Allocate course sections to time periods

Improvement Phase

Reallocate teachers to courses and course sections followed by reallocating to time periods

Fig. 1. The proposed heuristic algorithm

4.1 Pre-Processing Phase

Two processes are involved in this phase. The given course preferences for each teacher i being
allocated to each course j in such a way that each course j has a list of teachers who are willing to
teach, are sorted in non-increasing order, which is called /;. The given time period preferences (day
[ and time period m) for each teacher i are also sorted in non-increasing order, which is called LM;.
The time complexity for these processes is O(I]|J]) and O(I||L]*|M[*) respectively.

4.2 Construction Phase

In this phase, a feasible solution is constructed by accommodating as many course and time period
preferences as possible. Each course should be allocated to the teacher who has the highest
preference and scheduled to the time periods with the highest time period preferences as well. The
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entire phase is started with the allocation of teachers to courses and course sections (teacher
assignment problem).

In order to generate a feasible initial solution, a Checking procedure has to be conducted. The
purpose of this procedure is to prevent a teacher from teaching more than the maximum load
allowed (in terms of the number of courses). When the selected teacher has reached or exceeded
the maximum load, the next teacher with less preference will be considered. In this construction
phase, we assume that the number of selected teachers for each course depends on the minimum
requirement (see Table 3).

However, it is possible that we will not be able to find any teacher from the list ;. For this case,
we can choose a teacher in list /; who has the lowest number of courses allocated by relaxing
requirement b in Section 2. However, an infeasible initial solution could be generated. Some
teachers have to teach more than the maximum load, while other teachers might not teach any
course, thereby resulting in infeasibility because of violation of the requirement ¢ in Section 2.

Due to the infeasibility issue in the teacher assignment sub-problem above, we can try to
improve it before continuing to the next step. We classify teachers into several groups: teachers
who teach more than the maximum load allowed (Group 1), teachers who teach equal to or less
than the maximum load allowed (Group 2) and teachers who are not allocated to any course
(Group 3). The number of teachers in group s is represented as |Groupy|, for s =1, 2 or 3. The aim
is to replace teachers from Group 1 with other teachers until none of the teachers is in Group 1,
and to allocate at least one course to the teachers in Group 3 as well. When we replace a teacher in
Group 1, we have to consider all the courses taught by him/her and find another teacher who has
the minimum load. A similar idea is used for allocating a teacher in Group 3. A course that is
currently taught by a teacher who has the maximum load is chosen and would be allocated to a
teacher from Group 3. These additional steps are conducted until none of the teachers is in Groups
1 and 3, or the total number of iterations reaches a predetermined maximum number of iterations.

The complexity of the above process is O(||’lJ]). It is possible to redesign the procedure and
make it more efficient, such as by ignoring the maximum and minimum load constraints of
equation (4) in the Checking procedure. For this case, the complexity can be reduced to O(|{||J]).
However, the possibility of obtaining an infeasible solution might be higher. It would require some
additional efforts, such as increasing the number of iterations or increasing the computational time
in the improvement phase, in order to achieve better solutions. Also, for special cases such as
when the number of sections for each course is set to 1, the complexity will be automatically
reduced to O(|1]|J]).

For the initial allocation of time periods, each teacher has the time periods sorted based on
his/her preferences. The number of time periods allocated to each teacher is dependent on the
number of courses and course sections allocated during course assignment. The idea of the
proposed algorithm is almost similar to course assignment. We allocate the time periods to
teachers based on their time preferences.

Initially, we choose the first time period with the highest preference as the starting time period.
The Checking procedure has to be invoked in order to address the feasibility issues. A similar
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situation with the teacher assignment sub-problem will be faced if until the last time period in the
list, the course section has not been allocated yet. For this situation, we have to relax some
constraints and try to find other time periods. Due to the relaxed constraints, it turns out that some
courses might be conducted more than once on the same day, or some time periods have the
number of course sections taught that exceed the capacity, or some teachers do not have evenly
spread out schedules. These courses, time periods and teachers are kept in Excess lists 1, 2 and 3,
respectively. The number of members in an Excess List e is represented as |EL,|, for e =1, 2 or 3.

In order to deal with these infeasibility issues, the solution could be improved before continuing
to the next phase. This is achieved by reallocating some courses and course sections to new time
periods in such a way that all excess lists become empty. It is important to note that an infeasible
initial solution might still occur. However, with the additional steps, the chances of infeasibility
would be less. The worst case time complexity of this course scheduling process is O(|/||J]|K]|L||M]).
Again, this time complexity can be reduced through efficient procedures or for some special cases.

After performing the entire processes described above, the course and time objective function
values are then calculated, before adding them together to obtain the total objective function value.
The details of these calculations are explained next:

Course objective function value =

2. 2 PCyxP; + HGroupl|+|Gr0up3|]><PENALTY1 @1
iel jeJ

Time objective function value =

>3 D> PT,, XX, +||EL|+|EL,| +|EL,| [x PENALTY?2 (22)

iel jeJ keK; leL meM

Total objective function value

L . ) o . 23
= course objective function value + time objective function value (23)

Here, the terms PENALTY1 and PENALTY?2 reflect the penalty values for the violations of the
respective requirements listed in Section 2.

4.3 Improvement Phase

In this phase, after an initial solution is obtained from the previous phase, two operations are
performed in order to seek further improvement. These two operations are re-allocation of teachers
to courses and course sections, followed by re-scheduling of these changes into days and time
periods. The initial solution is treated as a starting solution for the improvement phase.

All the operations in this phase explore the possible neighborhood to select the next movement.
The first operation is started by choosing course j randomly followed by finding another teacher
without violating the maximum load constraint. Two possible alternatives are considered: the new

~ GrosaL INForMATION PUBLISHER | 173




International Journal of Computational Science

teacher will be added to the list of teachers who teach course j or the new teacher will replace the
teacher who has been allocated to course j. If the number of teachers who teach course j is still less
than the maximum number of teachers allowed, UT}, the two alternatives are chosen randomly.
Otherwise, only the last alternative can be chosen.

The second operation is to schedule the changes in teacher assignment. The new teacher is
allocated to the previous day and time periods scheduled for the previous teacher, if possible. We
have to make sure that at these time periods, the new teacher has not been scheduled yet and he
has an evenly spread out schedule as well. Otherwise, we have to find a new set of days and time
periods by considering some constraints, such as the length of course should not exceed the last
time period on a day.

If these two operations can give a better objective function value, we will update the starting
solution. Otherwise, we return to the previous starting solution. These two operations are
performed until the total number of iterations reaches a predetermined maximum number of
iterations. Finally, the solution of the problem is the best solution obtained so far. In general, the
time complexity of the neighborhood exploration is O(|/||J]|K]|L||M]).

Though the entire heuristic described here is a simple improvement heuristic, it is worth noting
that the procedures in the improvement phase allow for various types of modifications, such as
incorporating metaheuristic procedures to the improvement phase. Such suitable hybridization of
the heuristic methods may exhibit significantly better performance in terms of solution quality and
the time to obtain the solutions, as noted by Purchinger and Raidl [22].

5 Computational Results

To evaluate the performance of the improvement heuristic, we compare the solutions obtained by
it with the solutions obtained by solving the integer programming model. The data sets mentioned
in Section 3 were used again in our computational experiments on the heuristic. The entire
heuristic was coded in C++ and tested on the Intel Pentium IV 2.6 GHz PC with 512 MB RAM
under the Microsoft Windows XP Operating System. The parameters of the proposed algorithms
are chosen experimentally to ensure a compromise between the computational time and the
solution quality. The values of the parameters used in the computational study are summarized as
follows: the number of iterations in Construction Phase (teacher assignment problem) = 40|/|, the
number of iterations in Construction Phase (course scheduling problem) = 20}J], the number of
iterations in Improvement Phase = |{||J]|L||M|, and PENALTY1, PENALTY?2 = 1,000.

Table 6 and 7 summarize the results obtained from the proposed heuristic for Group I and
Group II data sets, respectively. A comparison of the objective function values and computational
times (in seconds) obtained by the heuristic and the integer programming model was also
presented. The percentage of solution deviation from best known/optimal objective function value
is defined by Pct = (best known/optimal objective function value — objective function value
obtained by the heuristic) / (best known/optimal objective function value) % 100.
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Table 6. The comparison of the heuristic results and the optimal solutions (Group I data sets)

Solution obtained by OPL Heuristic Average
Average Average CPU Average Average CPU Pct of

Data set objective time (in objective time objective

function seconds) function (in seconds) function
value value value
5%5_1 1,052 2.03 924 0.01 12.17
5%x5 2 1,216 2.17 988 0.01 18.75
10x10_1 2,184 18.47 1,896 0.03 13.19
10x10_2 2,712 31.79 2,106 0.13 22.35
15x15_1 3,170 136.93 2,818 0.11 11.10
15x15 2 4,166 431.94 3,050 0.43 26.79

20%20_1 4,368 337.98 3,956 0.27 9.43

20%x20 2 5,774 4,212.92 4,100 1.14 28.99

Table 7. The comparison of the heuristic results and the optimal solutions (Group II data sets)

Solution obtained by OPL Heuristic Average
Average Average CPU Average Average CPU Pct of
Data set objective time (in objective time objective
function seconds) function (in seconds) function
value value value
10x20_1 7,766 1,183.11 6,228 0.36 19.80
10x20_2 7,934 1,273.15 6,394 0.29 19.41
20%30_1 10,875 9,746.36 8,186 2.83 24.73
20%30_2 13,468 36,019.99 10,246 433 23.92
20x40 1 - - 10,340 5.76 -
20%x40 2 - - 12,880 11.90 -
30%60_1 - - 16,064 69.13 -
30x60_2 - - 18,962 78.58 -

We observe that the proposed heuristic can yield good solutions with the percentage of solution
deviation from the best known/optimal solutions being less than 29%. We also notice that the
proposed heuristic is able to find the solutions within a reasonable amount of computational time.
Some problems that were unsolved by the ILOG OPL Studio software can also be easily solved by
the proposed heuristic, as can be seen in data sets such as that of 20x40 1, 20x40 2,30x60 1, and
30%60_2.
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Table 8. Load distribution of teachers

Data Maximum Average percentage of teachers having the following load Load
Set load 1 2 3 4 variance

5x51 1 100% 0% 0% 0% 0.00

5x5_2 2 72% 28% 0% 0% 0.16
10x10_1 1 100% 0% 0% 0% 0.00
10x10_2 2 41.33% 25.33% 0% 0% 0.23
15x15_1 1 100% 0% 0% 0% 0.00
15%x15_2 2 64% 36% 0% 0% 0.22
20%20_1 1 100% 0% 0% 0% 0.00
20%20 2 2 74% 26% 0% 0% 0.18
10x20_1 4 8% 30% 34% 28% 0.84
10x20_2 4 6% 20% 30% 44% 0.85
20%30_1 3 24% 46% 30% 0% 0.53
20%x30_2 3 20% 39% 41% 0% 0.56
20x40_1 4 13% 27% 35% 25% 0.95
20x40 2 4 14% 15% 28% 43% 1.13
30%60_1 4 9.33% 30.67% 34% 26% 0.88
30%x60_2 4 6.67% 21.33% 35.33% 36.67% 0.84

Another observation of interest is on the load distribution of the teachers with respect to the
maximum load that we specify (see Table 8). For Group I data sets, we notice that the proposed
heuristic distributes the load evenly to teachers. The load variances obtained are reasonably small.
However, for Group II data sets, the load variances are found to be large with only a small
percentage of teachers having very small load.

6 Conclusions

We have proposed a new mathematical programming model for a timetabling problem that
combines two sub-problems, teacher assignment and course scheduling, simultaneously. This
model allows the possibility that courses could be taught by more than one teacher and each course
might consist of more than one sections.

An improvement heuristic was proposed for solving the timetabling problem that cannot be
easily solved by commercial software. The proposed heuristic solves these sub-problems iteratively.
The computational results show that the proposed heuristic yields good solutions within reasonable
computational time. The results obtained from the proposed heuristic were also compared against
solutions of an integer programming approach.
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As possible future research directions, we can look into ways of improving the proposed
heuristic to obtain solutions of better quality even when the problem size is very large. This would
include the hybridization of the proposed heuristic with other types of heuristics as mentioned
previously. Since each university has different characteristics and requirements, the mathematical
programming model and the proposed heuristic can also be extended to adapt to these distinct
characteristics and requirements.
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Abstract. Based on literature, one of the efficient meta-heuristic algorithms for the classical
job-shop scheduling problem in terms of solution quality is the hybrid algorithm between Par-
ticle Swarm Optimization (PSO) algorithm and Variable Neighborhood Search (VNS) algo-
rithm, namely PSOyys. This paper demonstrates that the performance of PSOyys is contrib-
uted only by VNS. This is proven by comparing the results from PSOyys and those of VNS in
the same set of benchmark instances. The Comparison shows that a much simpler VNS pro-

cedure without PSO can produce same solution quality with much faster computation time.

Keywords: job-shop scheduling, particle swarm optimization, variable neighborhood search,

makespan.

1 Introduction

Scheduling is a decision making process that is important in most manufacturing and service in-
dustries. It is used in many areas such as production planning, logistic and transportation, informa-
tion processing, and communication. Many scheduling problems are complex and cannot be
solved to optimality in polynomial time. Among those problems, the classical job-shop scheduling
problem (JSP) is the most well-known and yet still be a challenging one for scholar to solve. JSP
can be stated as follows; there is a set of jobs and a set of machines. Each job consists of a chain
of operations, each of which must be processed during an uninterrupted period of a given length
on a given machine. Each machine can handle at most one operation at a time. With the above
givens, JSP moves on the objective which requires findings a feasible schedule in order to mini-
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mize the last completion time of the given jobs. The last completion time will be called makespan
throughout this paper.

JSP is known to be extremely hard. Hence, in order to find good quality solutions within rea-
sonable computation times, several meta-heuristic algorithms have been applied to solve the prob-
lem such as Tabu Search algorithms [1, 2], Simulated Annealing algorithms [3, 4], Genetic algo-
rithms [5, 6], Ant Colony Optimization algorithm [7], and the hybridized algorithm of Particle
Swarm Optimization (PSO) and Variable Neighborhood Search (VNS) named PSOyyns [8].
Among these algorithms, PSOyys is one of the efficient methods of JSP, because it shows very
good solutions in several benchmark instances. On the other hand, PSOyys is complicated and
may consume a long computation time. Moreover, the advantages of the hybridization of PSO and
VNS in PSOyys have not been identified and the contribution of each algorithm (PSO and VNS)
to the performance of PSOyys is yet unknown.

This research aims to evaluate the partitioned algorithms, PSO and VNS, and study each algo-
rithm’s contribution to the performance of PSOyyg algorithm. In order to study the mentioned
contributions, this research compares the results generated by the algorithms PSOyys, VNS (a
slightly modified algorithm of VNS where VNS is a part of PSOyys), and PSOyng without VNS in
the same set of benchmark instances. The comparison will be done in terms of solution quality and
computation time.

The remainder of this paper is divided into four sections. Section 2 talks about this research’
background where JSP and some algorithms were discussed. All of which aims at giving the read-
ers a clearer illustration as to the understanding of this proposed research. Section 3 introduces
VNS algorithm which is a slightly modified algorithm of VNS where VNS is a part of PSOynys.
Section 4 shows the numerical results comparing the three algorithms; PSOyns, PSOyns without
VNS, and VNS mentioned in Section 3. Finally, Section 5 concludes the findings of the research.

2 Preliminaries

In order to provide a basic and common understanding regarding the past development of the
scheduling problem as well as the algorithms developed prior to the introduction of this paper’s
proposed algorithm seen in the later sections, this section presents a description of the job-shop
scheduling problem (JSP), the standard PSO, the standard VNS, and PSOyys algorithm as follows:

2.1 JSP Description

The classical job-shop scheduling problem or JSP [9] is stated as follows; there are # jobs Ji, J,,
Sy ..o, J, and m machines M;, M,, M;,..., M,,. Each job J; consists of a chain of operations
Ou, Oy, Os,..., Oy,..., O, which have to be processed in this order. The operation Oj has to be
processed by a predefined machine during p;; time units without preemption. To undergo the proc-
ess, these following constraints have to be satisfied. (1) Each machine cannot simultaneously
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handle two or more jobs at any given time period. (2) At one given time period, each job cannot
be processed on more than one machine. For the above statement, the problem requires finding a
feasible allocation of the operations to time intervals on the given machines such that makespan is
minimized. Allocation of all operations to time intervals is likewise known as schedule.

Three well-known classes of job-shop schedules are defined below:

Semi-active schedule: a feasible schedule such that no operation can be started earlier without
altering the processing sequence.

Active schedule: a semi-active schedule such that no operation can be started earlier without
delaying some other operation.

Non-delay schedule: an active schedule such that no machine is kept idle when it can start
processing some operation.

With respect to solution space, the set of all active schedules may be better than that of semi-
active schedules because the set of all active schedules is much smaller in number than the set of
all semi-active schedules; moreover, the optimal schedule is always an active schedule. In com-
parison between the set of all active schedules and that of all non-delay schedules, the set of all
non-delay schedules is much smaller in number than the set of all active schedules, but unfortu-
nately, the set of all non-delay schedules may not contain an optimal schedule.

2.2 Particle Swarm Optimization

Particle Swarm Optimization (PSO) is a population-based stochastic search algorithm. The stan-
dard PSO algorithm was originally developed by Kennedy and Eberhart [10] and later modified by
Shi and Eberhart [11] with the introduction of an inertia weight (w), and has become the most
popular version of PSO ever used. The underlying motivation for the development of PSO algo-
rithm is the social behavior of animals such as fish schooling and bird flocking. The concept of the
implementation of PSO is based on social sharing of information among individuals in a popula-
tion. The PSO algorithm starts with a population of particles. Each particle consists of a potential
solution (called position in PSO) and a velocity. Each particle moves around the D-dimensional
search space with a velocity which is dynamically adjusted based on the moving experience of its
own and that of its neighbors. To describe PSO algorithm, the following notation and terminology
are defined:

Particle: an element in a population. It has a position and a velocity; it knows its position and
also the objective function value of this position; it also remembers its personal best position as
well as its neighbor’s best position and the objective function value.

Population: a set of K particles with corresponding indices {1,...,r,...,K} in the PSO system
such that re positive integers, also known as swarm.

Position: Let X(f) denote the position of the i particle at the /" iteration and is represented by
a D dimensional point Xi(¢) = (x;1(?),. .., Xi(?),-. - ., Xip(f)), where x;,(£) is the position value of the d"
dimension of the i particle at the #” iteration. Each position Xj(f) may directly or indirectly repre-
sent a solution of a specific problem.
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Fitness value: f{X(¢)) represents the objective function value, called fitness value, of the solu-
tion of a specific problem decoded from the position X(7).

Velocity: Vj(f) denotes the velocity of the i particle at the
vector of D dimensions as V{(t) = (vi1(?),..., vid?),..., vip(t)), where v;,(¢) is the velocity value of the

iteration and is represented by a

d™ dimension of the i particle at the #” iteration.

Maximum Velocity: V,,,, defines a boundary of the velocities. Each v;,(f) cannot be outside the
range [-V .,V .

Inertia weight: w(?) is a parameter employed to control the impact of the previous velocities
of K particles on the current velocities.

Constriction coefficient: ¢ is a parameter that enables control over the convergence properties
of a particle swarm system.

Personal best position: P; denotes the position found by the i particle that contains the best
fitness value and is represented by P;= (pj1,...,Pia,-..,Pip)- In @ minimization problem, P; = X(1) at
the 1% iteration. After 1* iteration (¢ > 1), P; = X(?) if AX{(?)) < AP;). Otherwise, the personal best
position stays at P;.

Global best position: P, is a position of a particle with the best fitness value in a population,
where P, = (Pg1,...,Ped»---,Pgp)- In @ minimization problem, let P(f) be the best particle position
with the best fitness value where

fPp())=min f(P)
i=l,...,r,....K

At the 1% iteration, P, = Py(1). After the 1* iteration (¢ > 1), P, = Py(?) if fAP(¢)) < f(P,). Other-
wise, the personal best position stays at P,.

Acceleration constant: the acceleration constant tied in each best position (e.g., personal best
position and global best position) is a parameter that impacts the velocity value. It, therefore, has a
strength to control the velocity value when the constant’s value is adjusted.

¢, = the acceleration constant of the personal best position, and

¢, = the acceleration constant of the global best position.

Below are the steps for the standard PSO algorithm:

(1) Set current iteration ¢ = 1. Initialize the random positions and velocities of K particles in a
population in a D-dimensional search space;

(2) For each particle, decode its position into a solution of a specific problem and evaluate the
objective function value of the solution as the fitness value of the position. The decoding pro-
cedure is specific to each problem;

(3) Update the personal best positions;

(4) Update the global best position;

(5) For each particle, its velocities and positions are updated according to equations (1) and (2);
where, rnd and Rnd represent uniform random numbers over the interval [0, 1];
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v,(t+1)=o(w(t)v,(t)+ c,rnd(p, —x,())+c Rnd(p,, —x, (1))

Vo MV, (DS Y (1
v, (t+1)=
14 ifv,¢+)2V

max

X, (t+1) = x () +v, (1+]1) ©)

(6) If the stopping criterion is met, stop. Otherwise, set # = ¢ + 1 and repeat the process from step

2.

2.3 Variable Neighborhood Search

Variable Neighborhood Search [12, 13], also called VNS, is a meta-heuristic approach for combi-
natorial optimization which exploits systematically the idea of neighborhood change both in the
descent to local optima and in the escape from the spaces which contain them. The VNS develop-
ment is motivated on account of three following observations; (1) a local optimum with respect to
one neighborhood structure may not be as necessary for another; (2) a global optimum is a local
optimum with respect to all possible neighborhood structures; and (3) local optima with respect to
one or several neighborhoods are relatively close to each other. Concerning the observations, VNS
was developed based on the idea of neighborhood change in the search [12, 13], and the imple-
mentation procedure of the general VNS can be seen in Figure 1.

Initialization. Select the set of neighborhood structures N, k= 1,..., kpax, that will be used in the
shaking step, and the set of neighborhood structures N;, [ = 1,..., I ax, that will be used in the local
search; find an initial solution x; choose a stopping criterion;
Repeat the following steps until the stopping criterion is met:
(1) Setk=1;
(2) Repeat the following steps until & = kyax;
(2.1) Shaking. Generate a point x ' randomly from the " neighborhood Ny(x) of x;
(2.2) Local search
(22.1) Setl=1;
(2.2.2) Repeat the following steps until / = /ax;
- Find the best neighbor x"of x'in N (x');
- If f(x") < f(x"),set x'=x"and /= 1; otherwise / =/+1;
(2.2.3) 1If the local optimum is better than the incumbent, x = x " and k = 1; otherwise,

k=k+1;

Fig. 1. The steps of general VNS
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24 PSOVNS on JSP

Based on literature, PSOyys algorithm has been successfully applied to several types of scheduling
applications such as the single machine total weighted tardiness problems [14], permutation flow-
shop scheduling problems [15], and job-shop scheduling problems [8]. PSOyys is a hybrid algo-
rithm between PSO and VNS because it is the standard PSO [11] that applies VNS as local search
procedure to improve the global best position of PSO at every iteration. PSOyys [8] as an applica-
tion of JSP will be called JSP-PSOyys throughout this paper. JSP-PSOyng requires a mapping
procedure [8] to decode a particle position into a semi-active schedule. A semi-active schedule is a
solution generated from this algorithm.

The important steps of implementing JSP-PSOyys (i.e., solution decoding and population ini-
tialization) and the parameter setting of JSP-PSOyys are presented below:

2.4.1 Solution Representation

In order to decode a particle position into a semi-active schedule, the particle position is translated
into an operation-based permutation by using Smallest Position Value (SPV) rule [8], and this
operation-based permutation represents a semi-active schedule with the procedure of Cheng et al.
[16].

2.4.2 Initial Population

Initially, x;/(1) and v;((1) (i = 1,...,r,..., K; d = 1,...,r,..., mn; re positive integers) is generated
randomly in the range [— 4, 4]. Remind that m = the number of given machines and n = the num-
ber of given jobs.

2.4.3 Parameter Setting

The values of the parameters used in [8] are presented as follows:

- Population size K = mn;

- Acceleration constants ¢, = ¢, = 2;

- Maximum velocity V. = 4;

- Constriction coefficient 6 = 0.7;

- Inertia weight w(1) = 0.9 and w(#+1) = 0.975w(¢); In addition, if w(¢) < 0.4, w(f) = 0.4.

3 VNS on JSP

The VNS algorithm proposed in this section is a slightly modified version of the VNS algorithm
where VNS is a part of JSP-PSOyys [8]. The mentioned modification is just that, at each iteration,
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the step to transform the global best position of PSO part into the initial solution of VNS part and
the step to transform the final solution of VNS part back into the global best position of PSO part
are deleted, because these two steps are not necessary now. This proposed VNS algorithm is
called JSP-VNS throughout this paper. All solutions generated from JSP-VNS are represented by
operation-based permutations [16], where all of them are in a set of semi-active schedules.

3.1 Solution Representation

In an n-job/m-machine instance, an operation-based permutation, represented 7 = (m;, M, 73,...,

), 18 @ sequence of mn integer numbers; the permutation 7z contains the index of each given job

for exactly m times. In order to decode an operation-based permutation 7 into a semi-active sched-

ule, operations must be scheduled one at a time. An operation is schedulable if all those operations

which precede it have already been scheduled. Since there are mn operations, the algorithm will

iterate through mn stages. At stage ¢, let P, = the partial schedule of the (# —1) scheduled operation.

The decoding procedure is presented as follows:

(1) Sett=1 with P, being null;

(2) Choose an operation with the job index m; and no predecessors; then, 0 will represent this
chosen operation;

(3) Add the operation 0 to P, with the earliest time that this operation can be started, and set ¢ = ¢
+1;

(4) If t < mn, repeat the process from step (2). Otherwise, stop.

In order to illustrate solution representation, an example of translating an operation-based per-
mutation 7= (1, 1, 2, 3,2, 1, 3, 3, 2) into a 3-job/3-machine job-shop schedule is presented here.
The details of instance in this example are shown in Table 1, thus the Gantt chart for solution
decoded from the defined permutation is presented in Figure 2.

Table 1. Example of a 3-job/3-machine problem

Processing Time Machine Sequence
Operations Operations
Job Job
1 2 3 1 2 3
J1 2 1 2 Jl M[ M3 MZ
Jz 3 3 2 Jz Mz M3 M]
Js 3 1 3 Js M, M, M;
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M| g Js 5
Mz Jz Jl J3

M3 ‘ Jl J2 J3
2 3 5 6 8 9

Fig. 2. Gantt chart for the solution decoded from the defined permutation

3.2 Algorithm

There are two main stages in this algorithm, namely local search stage and shaking stage. The
local search stage uses two neighborhood structures, the interchange structure and insertion struc-
ture. In order to generate a neighbor of an operation-based permutation 7z (i.e., solution represen-
tation) of each structure mentioned above, the following orders are presented as follows:

Order interchange: SWAP( 7 ) means interchanging the two number indices u and v of the
operation-based permutation 7z . Let # and v be random numbers on the integer interval [1, 2,
3,...,mn], where u # v. The new permutation generated from this order interchange structure is a
neighbor of 7.

Order insertion: INSERT( 77 ) means removing the number from the »” index of 7 and then
insert this number in the v* index. Let u and v be random numbers on the integer interval [1, 2,
3,...,mn], where u # v. The new permutation generated from the order insertion structure is a
neighbor of 7.

In the shaking stage, JSP-VNS uses only one neighborhood structure, where a neighbor of 7 in
this neighborhood structure can be generated by using order insertion and order interchange, twice
respectively. This stage is denoted as SWAP(SWAP(INSERT(INSERT( 7 )))). The pseudo-code
of JSP-VNS is given in Figure 3. Let f{ 7 ) be the makespan of the schedule decoded from permu-
tation 7.

Randomly generate an initial solution 77 0 ;
Iteration # = 0;
do {
7T = SWAP(SWAP(INSERT(INSERT( 77" ))));
loop = 0;
do {
Icount = 0;
Imax_method = 2;
do {
if (lcount == 0) { 7' = SWAP( 7T );}
1
if (lcount==1) { 7' = INSERT( 7 );}
(A7) <AT)) {leount=0; 77 = 7' 3}
else {Ilcount++;}
}+ while (lcount < Imax_method);
loop++;
} while (loop < mn(mn — 1));
AT SAT DT = T3
t+;

} while (Stopping criterion is not met);

Fig. 3. Pseudo-code of JSP-VNS
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4 Numerical Experiments

In order to evaluate the contribution of each partitioned algorithm (i.e., PSO and VNS) to the
performance of PSOynys, this section compares the results generated by the algorithms JSP-PSOyys,
JSP-PSO, and JSP-VNS. These three algorithms are presented in brief below:

- JSP-PSOvyxys is introduced by [8] and also mentioned in Section 2.4

- JSP-VNS is the VNS algorithm slightly modified from the VNS part of JSP-PSOynys. It is men-

tioned in Section 3
- JSP-PSO is the JSP-PSOyyg without VNS part

These three algorithms are tested on a same environment in order to make a fair comparison.
This environment is presented below:

- Each algorithm is coded in C# and executed on a Pentium M processor 1.60 GHz with 256 MB
of RAM
- Each algorithm is evaluated through the set of test instances given from two sources of standard

JSP test problems: Lawrence [17] instances 1a01 to 1a40, and Taillard [18] instances tall &

tal2
- On each test instance, each algorithm will stop when any of three following conditions is met;

(1) the optimal solution is found, (2) the best found solution is not improved within 250 itera-

tions, and (3) the 1,000 iteration is reached
- On each test instance, each algorithm is repeated for five runs in order to collect the following

results; the best makespan found, the average makespan found, and the average computation
time. Moreover, the best solution values from Nowicki and Smutnicki [2] are also used to com-
pare, because Tabu Search algorithm of [2] is very well-known and its results are usually used
on comparison in many published papers.

The results of the comparison are shown in Table 2. In this table, information in each column
can be defined as follows:

- Column “Instance” shows the name of test instance

- Column “Size” presents the problem size m X n where m = number of machines and n» = number
of jobs

- Column “Opt (UB)” shows the optimal solution value in the specified instance. Otherwise, it
shows the upper bound of the optimal solution value in parenthesis if the optimal solution has
been unknown.

- Zys presents the best solution value found by [2] in the specified instance

- For each of three algorithms (i.e., JSP-PSOyys, JSP-VNS, and JSP-PSO), Z presents the best
found solution value over five runs, Avg presents the average solution value found over five
runs, and Time is the average computation time (sec.) for five runs.

According to information from Table 2, in terms of solution quality, the Tabu Search from [2],
JSP-PSOyns, and JSP-VNS generate very good solutions on most instances, while JSP-PSO can
generate good solutions only on small instances. In terms of computation time, JSP-PSO con-
sumes lowest computation times in comparison; however, its solutions are very low quality in
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terms of makespan. Compare JSP-VNS to JSP-PSOyys, JSP-VNS consumes shorter computation

times on most instances.

Table 3 shows a summary of the results from Table 2. This table show information as follows;

the problem type refers to a set of the instances with a same size (mx n), A refers to the average

deviation (%) between the optimal solution value (or its upper bound value) and the best solution

value found by each algorithm, Time refers to the average computation time in second unit of each

algorithm in the defined problem type. Table 3 points out that JSP-VNS outperforms other algo-

rithms in terms of solution quality. The comparison of JSP-VNS to other algorithms is presented

below:

- Compare JSP-VNS to Tabu Search [2], it is shown that there are two problem types where JSP-

VNS performs better, five problem type where both performs equally, and only one problem

type where Tabu Search [2] performs better

- Compare JSP-VNS to JSP-PSOyys, there are three problem types where JSP-VNS performs
better, and both perform equally on other problem types
- Compare JSP-VNS to JSP-PSO, JSP-VNS performs much better on all problem types.

Table 2. Results from the benchmark instances of [17, 18]

Instance Size Opt Zas JSP-PSOyns JSP-VNS JSP-PSO
mxn (UB) Z Avg Time Z Avg Time Z Avg | Time
la01 5x10 666 666* 666* 670 18 666* 666 0.3 666* 671 1
1a02 5x10 655 655* 655* 656 17 655* 655 2 704 734 1
1a03 5x10 597 597* 597* 603 81 597* 602 35 630 664 1
1a04 5x10 590 590* 590* 597 54 590* 593 23 619 641 2
1a05 5x10 593 593* 593* 593 0.4 593* 593 0.3 593%* 593 0.2
1a06 5x15 926 926* 926* 926 1 926* 926 1 926* 930 2
1a07 5x15 890 890* 890%* 891 51 890* 890 1 922 957 4
1a08 5x15 863 863* 863* 863 1 863* 863 1 884 895 4
1a09 5x15 951 951* 951* 951 1 951* 951 1 951%* 971 3
lal0 5x15 958 958%* 958%* 958 2 958%* 958 1 958%* 958 1
lall 5x20 1222 1222% | 1222* 1222 4 1222%* 1222 4 1222%* 1233 8
lal2 5x20 1039 1039* | 1039* | 1039 4 1039* | 1039 4 1039* 1050 5
lal3 5x20 1150 1150* | 1150* | 1150 4 1150* | 1150 4 1150%* 1155 5
lal4 5x20 1292 1292* | 1292* 1292 6 1292%* 1292 4 1292%* 1292 1
lal5 5x20 1207 1207* | 1207* | 1207 3 1207* | 1207 3 1305 1332 9
lal6 10x10 945 945% 945* 945 294 945* 946 461 1047 1065 7
lal7 10x10 784 784* 784* 784 125 784* 784 35 865 884 6
lal8 10x10 848 848%* 848* 854 196 848* 854 228 888 947 7
lal9 10x10 842 842%* 842%* 849 563 842* 846 286 958 984 9
1a20 10x10 902 902* 902* 905 421 902* 905 320 995 1053 7
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Size Opt JSP-PSOyns JSP-VNS JSP-PSO
Instance Zns
mxn (UB) Z Avg Time Z Avg Time Z Avg | Time

la21 10x15 1046 1047 | 1046* | 1052 | 3253 1047 1057 2749 1293 1308 27

la22 10x15 927 927* 927* 941 3068 927* 928 2037 1102 1169 26

la23 10x15 1032 1032* | 1032* | 1032 24 1032* | 1032 10 1210 1232 28

la24 10x15 935 939 935% 942 3047 937 941 3558 1129 1156 26

la25 10x15 977 977* 984 988 2592 977* 981 2717 1190 1225 32

la26 10x20 1218 1218* | 1218* | 1218 109 1218* | 1218 63 1453 1517 88

1a27 10x20 1235 1236 1240 1259 | 7695 1235% | 1252 5179 1556 1623 75

1a28 10x20 1216 1216* | 1216* | 1216 | 4791 1216* | 1216 1471 1443 1518 97

1a29 10x20 1152 1160 1163 1174 | 11730 | 1163 1171 | 11100 1465 1520 70

1a30 10x20 1355 1355% | 1355% | 1355 28 1355% | 1355 39 1566 1630 77

la31 10x30 1784 1784* | 1784* | 1784 153 1784* | 1784 125 1987 2089 264

la32 10x30 1850 1850* | 1850* | 1850 142 1850* | 1850 117 2143 2174 304

la33 10x30 1719 1719* | 1719* | 1719 146 1719* | 1719 121 1919 2017 309

la34 10x30 1721 1721% | 1721% | 1721 139 1721* | 1721 115 2022 2066 260

la35 10x30 1888 1888* | 1888* | 1888 160 1888* | 1888 124 2152 2258 237

la36 15x15 1268 1268* | 1268* | 1271 | 13928 | 1268* | 1269 8520 1560 1612 86

1a37 15x15 1397 1407 | 1397* | 1410 8785 1397* | 1407 7084 1670 1742 108

1a38 15x15 1196 1196* 1201 1205 | 14155 1201 1207 9599 1495 1551 99

1a39 15x15 1233 1233% | 1233* | 1236 | 9737 | 1233* | 1237 7802 1543 1619 83

1a40 15x15 1222 1229 1224 1226 | 11678 1224 1227 | 12398 1540 1576 119

tall 15x20 | (1364) — 1386 1396 | 41628 1380 1394 | 28701 1826 1863 223

tal2 15x20 | (1367) 1377 1377 1379 | 32317 | 1377 1385 | 31288 1814 1899 196

Note: (1) Zys refers to results from [2].

(2) A solution is marked * if it is found to be the optimal solution value.

- GrosaL InFormATION PuBLISHER | 189




International Journal of Computational Science

Table 3. Summary from results of Table 2

Problem Axs JSP-PSOvyns JSP-VNS JSP-PSO
type (%) A (%) Time A (%) Time A (%) Time
5% 10 0.00 0.00 34 0.00 12 3.58 1
5x 15 0.00 0.00 11 0.00 1 1.21 3
5% 20 0.00 0.00 4 0.00 4 1.62 6
10x 10 0.00 0.00 320 0.00 266 9.99 7
10x 15 0.10 0.14 2397 0.06 2214 20.46 28
10x 20 0.16 0.27 4871 0.19 3571 21.34 81
10x 30 0.00 0.00 148 0.00 120 14.06 275
15x 15 0.26 0.12 11657 0.12 9081 23.75 99
15x 20 — 1.17 36973 0.95 29995 33.29 210

Note: Ays refers to average deviation between the upper bound value and the best solution value found by the algo-

rithm from [2].

5 Conclusions

This research compares the performance of JSP-PSOyys, JSP-VNS, and JSP-PSO, where JSP-
PSO and JSP-VNS are two partitioned algorithms from JSP-PSOvyys. The numerical results show
that JSP-VNS outperforms other algorithms. Thus, JSP-VNS applied on JSP as proposed in this
paper is more efficient than JSP-PSOyys. Moreover, it is also interpreted that VNS shoulders a
greater contribution to the performance of JSP-PSOynys.

In addition, although JSP-PSO does not perform well in the comparison, it does not mean that
PSO, when it stands alone, always performs poorly on JSP. For this, the following suggestions to
improve the performance of PSO on JSP are presented; (1) that future papers are recommended to
use one of the recent variants of PSO [19, 20, 21] which indicated a better performance than that
of the standard PSO; and (2) that a smaller (than the set of semi-active schedules generated from
the PSOyys algorithm) solution space (e.g., a set of all active schedules, a set of all non-delay
schedules, etc.) would exclude schedules with unnecessary delay times, hence giving a better
solution quality in terms of makespan. On the same directions, even though JSP-VNS shows high-
est performances in comparison, the algorithm may be improved by using some improved
neighborhood structures, and using a better solution space such as the set of all active schedules.
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Abstract. The proposed anthropocentric manufacturing system (AMS) scheduling method
consists of a pre-process and a post-process. The pre-process is an estimation of the degree of
job and technicians’ characteristics in one lot of jobbing by a leader, using a skill-based
manufacturing thought model. The post-process consists of skill level evaluation algorithm
and GA algorithm. The estimated results are valuated to be technician’s skill level on each
job, using skill level evaluation algorithm; and GA initial populations construct the
chromosomes by randomly selection high skill level technicians and their operable machines.
An example of one lot of special parts is used for scheduling by this proposed method. The
best result performs a maximum total skill level index (TSI) and a total earliness index (TEI);
and a minimum man-hour index (MHI). The simulation results also ensure that the algorithm
can solve the scheduling problems by limiting approximately 40% of manufacturing cell

resources.

Keywords: Genetic algorithm, 3M scheduling, skill-based scheduling, anthropocentric manu-

facturing system.

1 Introduction

Scheduling is a problem of allocating limited resources to operations over time, and the goal of
scheduling is to find an appropriate allocation-schedule, which maximizes certain performance [1].
The maximum performance of scheduling will help manufacturers to respond to market demands
quickly and to run plants efficiently. The modern manufacturing system, a flexible manufacturing
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cell (FMC), is a group of machines, working together to perform a set of functions on a particular
part or product. A manufacturing cell can produce more than one family part as long as each part
can be completely processed in that cell [2]. The advanced manufacturing technology, however,
does not improve productivity unless it is accompanied with a coherent strategy and operated by
skilled or capable technicians. The integration of people and technology in the factory according
to an anthropocentric manufacturing system (AMS) is accepted as an essential to improve
productivity [3].

The AMS, an extension version of FMC, is important to customer production as a make-to-
order production type. This manufacturing cell is capable to produce a variety parts in small lots
by skilled technicians with attitudinal skills working in an autonomous working environment such
as working with computer numerical control (CNC) machines. The CNC machines have large
magazines, which is capable to holding a variety of tools and automatic tool changers [4]. How-
ever, the allocation of skilled technicians on the suitable jobs is difficult and complicated due to
varieties of technicians, job characteristics, machine types and machine models. Thus, the efficient
allocation of skilled technicians is a problem that limits the AMS scheduling for enterprises.

The scheduling problem is generally derived the schedule associated with evaluation of
worker’s skill level and adapted to genetic algorithms (GA) scheduling. For this purpose, firstly,
the evaluation of job and technicians’ characteristics, using skill-based manufacturing thought
model is introduced. Secondly, the skill level evaluation is presented. The high skilled level tech-
nicians and their operable machine tools adapted to GA approach are utilized to solve the schedul-
ing problem. Thirdly, the simulation of scheduling is performed to find minimum manufacturing
cell resources for employing with this proposed scheduling method. This article is organized as
follows: section one comprises the introduction and background of the study. Section 2 presents
the scheduling method of AMS including pre-process and post-process of scheduling. Section 3
describes an example of this scheduling and simulation experiments. The scheduling and simula-
tions results are presented in section 4; and the conclusions are summarized in section 5.

2 Scheduling Method of Anthropocentric Manufacturing System

The production of shop floor is done and each job is produced specifically to meet the customers’
specification. All operation processes of a job is handled by a skilled technician and completed
within a machine. Thus, the scheduling problem characteristics of this production are probably
defined as discrete, automated groups of open job shop or batch shop [S]. This paper also deals
with the scheduling problem of a single manufacturing cell, assuming that the activities related to
the cell formation have been completed.

The AMS scheduling method is divided into two processes. The first is pre-process of schedul-
ing, which the FMC leader as an expert skilled technician determines the degree of job and the
technicians’ characteristics for each job, based on the skill-based thought model. The second is
post-process of scheduling, which the compatibility of the job and the technicians’ characteristics
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is evaluated to determine the technicians’ skill level for each job. This evaluated skill level algo-
rithm is integrated to GA scheduling, in order to allocate the appropriate skilled technicians to the
operable machine tools and jobs. The main contribution of this proposed scheduling method is
described as follows.

2.1 Pre-process of Scheduling

The pre-process of scheduling is an evaluation method of the degree of job and technicians’ char-
acteristics in one lot of jobbing productions with skill-based manufacturing thought model. The
thought model (mental model), consisting of idea extraction, concept and design, shows the route
of decision-making processes of skilled workers, based on their knowledge and skills. The model,
therefore, can solve many problems, related to skill-based manufacturing in cells such as process
planning and cell concept design [6]. The thought model is also a fundamental aspect of AMS
solutions for the problems in manufacturing cells.

The first step of the pre-process is a consideration of all orders process, based on group tech-
nology in order to classify the jobs. After that, the FMC leader takes a job balance and job distri-
bution to a cell using skill-based manufacturing thought model as shown in Figure 1. This model
is extracted from reviewing data among small enterprises in Japan. All nodes are determined,
based on Japanese manufacturing culture and process design [7] [8]. The process of job balance is
considered from amount of experience based on measuring the skill on the jobs, a due-date speci-
fying expected finish date, production cost, available capacity of facilities, and quantity of produc-
tion parts as represented in the center of the model. The aim of job balance is to equally spread the
load of each jobbing in such a way that maximizes cell resource utilization while minimizing the
total job throughput time. The job distribution is an evaluation of the degree of job and techni-
cians’ characteristics, consisting of quickness, difficulty, complexity, thoroughness and reliability
of work. The drawings and production details of jobs such as size, shape, material, processing
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Fig. 1. Skill-based manufacturing thought model
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method, capacity requirement and accuracy are matched to job characteristics. The technicians are
motivated to the points in the production process and machine tools operation for each job. The
technicians are observed and interviewed to evaluate their experiences, performances and learning
skills in order to determine each technician’s characteristics. The FMC leader evaluates both job
and technicians’ characteristics by decision-making, based on experience and cognitive psychol-
ogy of production [9] [10]. The semantic differential [11] is used to help the FMC leader to deter-
mine the degrees (ratings) of each subject of job and technicians’ characteristics. The ratings of
semantic differential have five levels [12], consisting of 1, 2, 3, 4 and 5 which is represented very
low, low, medium, high and very high, respectively.

2.2 Post-process of Scheduling

The post-process is an application of algorithms to schedule appropriate jobs to skilled technicians
and their operable machine over limited time. This process consists of skill level evaluation and
adaptive GA scheduling.

2.2.1 Skill Level Evaluation

The technician’s skill level evaluation method is a matching of the compatibility of evaluated
degree of job and technicians’ characteristics from pre-process scheduling. This evaluation
method uses an algorithm as shown in Figure 2 (a). In this algorithms, char means the content of
the job and technicians’ characteristics; numerical of char = 1, 2, 3, 4 and 5 represents quickness,
difficulty, complexity, thoroughness and reliability, respectively. The example of skill level
evaluation for technician IDO1 on Job01 is shown in Figure 2 (b). The result shows that evaluated
skill level is level 4. The definition of skill level 1, 2, 3, 4 and 5 is defined as unskilled, semi-
skilled, skilled, skilled with addition and technical skilled, respectively [13]. This proposed algo-
rithm is attached at the beginning of GA algorithm as presented in Figure 3.

procedure: Technician’s skill level evaluation An example of skill level evaluation
input: job and technicians’ characteristics (Technician IDO1’s skill level on Job01)
output: technician’s skill level on each job
n : number of jobs, t : number of technicians — -
begin characteristic subjects |IDO1 VS Job01
for (job=1;job < n) 1:Quickness 2 = 2
for (tech = 1; tech <) 2:Difficulty 3 < 4
for (char = I; char < 5) -
if (techy,, > jobg, ) then {CompareSubject ,, =1} 3:Complexity 4 = 4
end char=5 4:Thoroughness 4 > 2
end SkillLevel,., jon = cg; ICompareSub]ect; S:Reliability 3 - 3
end Evaluated skill level = 4
end
(a) Skill level evaluation algorithm (b) Extracted evaluation an example

Fig. 2. llustrations of skill level evaluation method
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2.2.2 GA based AMS Scheduling

Genetic algorithms (GA) are stochastic search techniques for approximating optimal solutions
within complex search spaces. The technique is based upon the theory of evolution, in which the
fitness of an individual determines its ability to survive and reproduce [14] [15].

In this research, the general GA procedure is used. The technician’s skill level evaluation
method is attached before randomly initial populations. The algorithm is illustrated in Figure 3.
The high skilled technicians (levels 3-5) and their operable machine tools, related to the machining
method of each job, are randomly selected for each chromosome. Each operation is encoded into a
gene, represented by an alphanumeric string. Each chromosome is divided in to 7 bits (jobs); and
each job is distributed into three sub-bit strings that represent the machine type (7'), the machine
model (M), and the technician (£ ). We define the fitness evaluation of the chromosomes as
maximum number of non-delayed jobs of candidate solutions on each chromosome. A traditional
roulette wheel selection operator is used to select a pair of individuals from the current popula-
tions in order to reproduce new initial populations. After a new population of chromosomes is
selected, it will be processed by genetic operation process, using crossover and mutation opera-
tions. One point crossover and random change in one chromosome of mutation are used. The
termination of the genetic searching process is determined, when allocated working time of all
jobs are equal to or less than a due-date, then the genetic searching process will be stopped. Oth-
erwise, the process will proceed to the next generation with new populations.

[ Job ] Technician’s T ;
characteristics characteristics i | Ty, |M1 ,| E | | Ty, |M|,,| E,, |Chromosomeli
Population i | T, |M l| E,, | | T, l1|Mm nl Emn|ChromosomemE
— ~~ !
[Chromosomel] ' Job, Job, !
Chr Selection
Undate Hite set Randomly [ omosome, Evaluation
pdate chite 5¢ combine : R";nd?m Fi Routl
. . enes | selection itness outlette
High Sk%u. level £ > [Chromosome,,] testing wheel
technicians
Operable Genetic operation Reproduction
machines Crossover
- [Parent 1]
Solution space No [Parent 1] [Offsprmg 1]
YVes s D < {Parent zJ
End [Parent 2] [Offspring 2] :
- {Parent ,,J
Mutation
[Parent 3]I:> [Offspring 3]

Fig. 3. Flow chart of post-process in AMS scheduling
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3 An Example of AMS Scheduling and Simulation Experiments

We performed the scheduling to confirm effectiveness of the proposed AMS scheduling and
evaluate performance of the scheduling results, which relate to the quality and quantity of FMC.
The minimum FMC resources are also examined by simulation of scheduling. This aims to ensure
the implementation of designed algorithms within the limitation number of FMC resources.

Table 1. Manufacturing cell resources including of machine types and models, and operators

CNC Milling CNC Lathe Milling Center (MC) Turning Center (TC)

.§ Model No. Model No. Model No. Model No.

E

[5_.3 11 v 111 v 11 11 v 1 1T 11 v
1DO1 | ] | v X X X v | v ]
1D02 X %] X X X ] M X X X X
1D03 %] %] M o4 ] o4 %] X X X %]
1D04 | ] X v X X | X | v ]
1D05 X ] v v ] v | X X X X
1D06 X ] M ] X X X X X ] %]

Resource 75.00 % 75.00 % 50.00 % 41.67 %

M : Operable; X : Inoperable

Table 2. An example of a lot of job, estimated job and technicians’ characteristics

Job Technician’s
characteristic =) N characteristic
. .| 2 5| £ @ g |z
S|l g| Bl 8| 8|E| @ 3 S5 = S| B8| 2| =3
S| 38| =l 2| 2| § g g s 3 2125l 23
- Q > S o o 2 S
HHHHE R e HEHHE
= = =
30 75 i
1 21241213 Turning D01 213 4 3
2 214|423 |45 65 Milling
3 31314 2]4]15 40 Turning ID02 51413212
4 | 4|13 ]13[2|4]50 115 Milling
s | 3243335 6 | Tuming | ™S | 3]2]2]3]3
6 3123 |4]4]35 75 Turning D04 213552
7 31412 (2]3]50 85 Milling
8 21414 (3]2]50 90 Milling ID0S 2151434
9 314 (213|340 80 Turning
104423330/ 60| Tuning | 0 |3 2]4]3]*
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Table 3. Reducing of FMC resources for simulation experiments

CNC CNC Total
Fxperiment Milling (%) Lathe (%) Mo Teen average (%)

1 75.00 75.00 50.00 41.67 60.42
2 50.00 50.00 50.00 41.67 47.92
3 50.00 50.00 44.44 41.67 46.53
4 41.67 50.00 44.44 41.67 44.45
5 41.67 41.67 44.44 41.67 42.36
6 41.67 41.67 38.89 41.67 40.98
7 33.33 41.67 38.89 41.67 38.89
8 33.33 41.67 38.89 37.50 37.85
9 33.33 33.33 38.89 37.50 35.76

The AMS scheduling implementation is performed with an example of one jobbing, consisting
of ten jobs, and six technicians. The details of the operable tools of each technician, which show
the difference of operable number of machine types and models, are summarized in Table 1. All
drawings of jobs are based on considerations of the FMC leader, concerning of determining the
most suitable machining process and working time. However, job characteristics are considered by
a skill-based thought model, previously mentioned in the pre-process scheduling. The results of
job characteristics, working time, job due-date and technician’s characteristics consideration are
shown in Table 2. These data are used in scheduling and simulation experiments.

For the simulation experiments, the number of operable machines of technicians in each ma-
chine type is randomly reduced. Table 3 shows the simulation experiments, consisting of nine
experiments with maximum and minimum number of resources equal 75% and 33.33%, respec-
tively. For instance, the experiment 1 in Table 3 represents the average number of resources, for-
merly presented in Table 1. The simulation as 16 runs algorithms is defined as standard sample
size, calculated from 50 populations with 95% of confidence level and 20% of confidence interval
[16]. Each experiment will be simulated until the accumulation runs of algorithms, which are
under a limited iteration, equal to stand sample size. The minimum resources determination is
obtained from analysis numbers of run over limited iteration of GA solution convergence. The
parameters, used in our algorithms are as follows: limited iteration = 10000, population size = 40,
crossover probability rate = 0.7, mutation probability rate = 0.1. The algorithm is developed using
MATLAB 7.1; the scheduling and simulation experiments are performed on a PC Pentium IV 3.0
GHz with 1.0 GB RAM.

4 Results

The technician-work gantt-chart illustrates the scheduling results from the post-process in AMS
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scheduling. The gantt-chart shows job handlings, machine tool usages, skill levels and working
time of each technician. As shown in Figure 4, the gantt-charts that have the same make-span are
different in man-hour of each technician and technician’s skill level on each job. Our proposed
new method evaluates the performance of scheduling results in order to choose the best one
among same make-span of scheduling results, using three scheduling performance indexes includ-
ing a total skill level index (TSI), a total earliness index (TEI) and a man-hour index (MHI). TSI is
sum of the technician’s skill level of each job in one lot of jobs. Thus, the TSI can be defined by
equation (1).

TSI= > Technician's skill level (D

TEI, a total earliness of all jobs, can be calculated by equation (2).

Job=n
TELI= 3 (Due-date—Working finished time) 2)
Job=1
MHI is the difference between the maximum man-hour and the minimum man-hour of the
technicians. This index is determined by equation (3).

MHI = (Man-hour)y.x — (Man-hour)mi, 3)

Table 4 shows the analysis of scheduling performance results. All forty scheduling results are
classified into three groups, consisting of group B, k¥ and w at TEI equals to 240, 235, and 205,
respectively. Each group consists of different number of levels. The numbers of scheduling results
of group [ shows the highest possible occurrence and performs less mean iterations among the
other groups. In this group, the B4 level presents maximum possibility to obtain the results with
2188 mean iteration of computing. However, the best answer of scheduling with the minimum
MHI = 50, the maximum TEI = 240 and TSI = 38 (Figure 4) is similar to the result of 1 in Table
4. The maximum TEI affects the manufacturing starting time of a new lot to achieve the quantity
of FMC production. The maximum TSI also responds to the output quality of production. Since, it
is difficult to allocate similar man-hours for each technician in one lot of job, thus the minimum
MHI resulting from this approach makes an easier scheduling for a new lot of job and satisfies

Time: 0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100y

N R I T N T N SN AN S I R R RN A A A

D01 [job3 Tem[3]]_ Job 10TCI[3) | MHI= 50
g 02| Job 7 CNC Milling IV [4] | TEI =240
2 D03 Job S TCIV [4] I Job9 TCIV[4] | TSI = 38
'Es D04 Job 8 MC IV [4] |

D05 Job 2 MCIL[5] | Job 4 MC III [4] |

D06 Job 1 TCI [5] [ sobscNCLatherviey | [ 1=Skill level

Fig. 4. Technician-working gantt-chart, represented the best scheduling result
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workers. However, an implementation of the skill-based manufacturing thought model, using
semantic differential, to other varying lots may result in different number of classified groups and
the value of each index. These groups and value of indexes depend on job and technicians’ char-
acteristics, due-date and working time of each job.

Table 4. Analysis scheduling performance

Number of Total number of Mean
Group Level TEI TSI MHI
result result iteration
240 40 50 1
Bl 2 1757
240 40 65 1
240 39 60 2
B2 4 1580
240 39 65 2
240 38 50 1
B3 240 38 55 1 4 1628
240 38 60 2
240 37 50 4
p4 240 37 55 2 10 2188
B 240 37 65 4
240 36 50 1
240 36 55 1
pS 9 2027
240 36 60 2
240 36 65 5
240 35 50 1
B6 240 35 60 1 5 885
240 35 65 3
240 34 55 1
B7 2 583
240 34 65 1
k1l 235 39 65 1 1 2693
K
K2 235 36 65 1 1 2745
T nl 205 38 95 2 2 8241
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Fig. 5. Results of simulation experiments

Figure 5 shows the results of simulation experiments. The numbers of accumulate run and run
over limited iteration are used to analyze the reliability of each experiment. The analysis results
show that unreliability of computing the scheduling performance of the experiment 8 and 9 are
-31.25% and -137.5%, respectively. According to the number of run over limited iteration is
higher than the standard sample size, the experiment 7 is a critical point for reducing the number
of operable machine with 38.89% of total average resources. This result ensures that the schedul-
ing can be performed in the case of many machines breaking down or the technicians suddenly
losing control on some machines.

5 Concluding Remarks

The AMS scheduling method, presented in this paper, consists of both pre-process and post-
process. The pre-process, a skill-based manufacturing thought model, is used to estimate the de-
gree of job and technicians’ characteristics. The technician’s skill level evaluation, the matching of
job and technicians’ characteristics, and GA algorithms are developed for skill-based scheduling
in the post-process.

The scheduling results are shown through the technician-working gantt-chart. The optimal
scheduling results are reached within approximately 2200 mean iterations of computation. The
best scheduling result performs both a maximum TEI and TSI with a minimum MHI on the gantt-
chart. The maximum TEI and TSI affects to the highest quantity and quality of shop floor produc-
tivity for a lot of jobbing, respectively; and the minimum MHI eases of a next production lots
scheduling. The simulation experiment shows that the developed algorithm can be performed with
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limited number of manufacturing cell resources with approximately 40% of total average re-
sources.

According to the solving process of complex scheduling problems as a 3M (man, machine, and
manufacturing) scheduling, several popular scheduling methods generally concern with only the
allocation of manufacturing jobs and machines over time. However, this proposed scheduling
method concerns not only manufacturing jobs and machines, but also men who handle the jobs.
This could be the advantage of the proposed method to help enterprises and shop floors to allocate
the technician and the operable machine tool to a suitable job resulting in an efficiency increase of
manufacturing cell. Furthermore, the proposed method also schedules within the limited manufac-
turing cell resources (3M), using scheduling algorithms with a few computational time and high
reliability of solution convergent. The proposed scheduling method, however, still has an ambigu-
ity in determination of the degree of job and technicians’ characteristics in the pre-process of
scheduling; because the FMC leader possibly makes different decisions on the same type of job.
Thus, further work will be addressed this problem for more efficiency of AMS scheduling.
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Abstract. This paper investigates scheduling heuristics to seek the minimum of a positively
weighted convex sum of makespan and the number of tardy jobs in a hybrid flow shop envi-
ronment where at least one production stage is made up of unrelated parallel machines. Se-
quence-and machine-dependent setup times are considered. The problem is a combinatorial
optimization problem which is difficult to be solved optimally, and hence heuristics are used
to obtain good solutions in a reasonable time. Some dispatching rules and flow shop
makespan heuristics are developed. Then this solution may be improved by fast polynomial
heuristic improvement algorithms based on shift moves and pairwise interchanges. In addi-
tion, a metaheuristic tabu search algorithm is proposed. Some tabu search parameters are
briefly discussed. The performance of the heuristics is compared relative to each other on a

set of test problems with up to 50 jobs and 20 stages.

Keywords: Hybrid flow shop scheduling, Unrelated parallel machines, Setup times, Con-

structive algorithms, Improvement heuristics, Tabu Search algorithm.

1 Introduction

This article is concerned with an industrial scheduling problem, which belongs to the class of NP-
hard combinatorial optimization problems. Therefore, the search for efficient methods providing a
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good feasible solution continues to be a challenge. The heuristics concerned can be classified into
two types: constructive and iterative heuristic algorithms. A constructive algorithm generates a
single solution. Alternatively, one may also generate several solutions in parallel from which the
best one is chosen as the heuristic solution. The interest in iterative algorithms results from the
difficulty of solving real large-size problems. This study deals with one of the most popular itera-
tive algorithms known as a tabu search (TS) algorithm, originally proposed by [1]. It has been
often used for the approximate solution of combinatorial problems [2] and has been successfully
applied to problems in many different areas [3].

In this paper, heuristics are used to solve the problem of scheduling a given set of » jobs at k
stages on m unrelated parallel machines. Such a problem occurs in real world problems such as e.g.
in the textile industry, the production unit of which is characterized by a multi-stage manufactur-
ing process with multiple production units per stage, called the hybrid flow shop (HFS) problem.
Most textile companies are ageing while the technology changes rapidly. It is common to find
more modern machines running side by side with older machines. Hence, these companies own
machines of different ages, performing the same operations as the newer ones, but would gener-
ally require a longer operating time for the same operation. In addition, sequence-dependent setup
times incur when machines often have to be reconfigured between jobs. If the length of the setup
depends on the job just completed and on the one about to be started, then the setup times are
sequence-dependent.

The hybrid flow shop scheduling problem has attracted many researchers due to two main rea-
sons [4]. Firstly, it is a category of problems which is difficult to solve [5]. Secondly, it finds
many real-world applications. Although such a problem has been widely studied, most studies
concentrate on problems with identical processors [6] — [9]. In this paper, the hybrid flow shop
problem with unrelated parallel machines and sequence-dependent setup times is considered. The
rest of this paper is organized as follows. The problem is described in Section 2. Some heuristic
algorithms are proposed in Section 3. A TS algorithm is presented in Section 4. Computational
results and conclusions are shown in Section 5 and Section 6, respectively.

2 Statement of the Problem

The hybrid flow shop system is defined as follows: a set of jobs J = {1,..., j,..., n} has to be se-
quenced in a flow shop environment with k stages. For each stage ¢, a set M' = {1,..., i,..., m'} of
m' unrelated machines is considered. Each job j has its release date 7, > 0 and a due date d; > 0. It
has its fixed standard processing time for every stage 7. Preemption is not permitted. Each job is
processed by at most one machine at each stage without overlapping between the stages. The
processing time p'; of job j on machine i at stage ¢ is equal to ps’;/ V', where ps'; is the standard
processing time of job j at stage ¢, and V'; is the relative speed of job j which is processed by ma-
chine 7 at stage 7. In addition, the setup times considered are classified into two types, namely a
machine-dependent setup time and a sequence-dependent setup time. A setup time of a job is ma-
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chine-dependent if it depends on the machine to which the job is assigned. It is assumed to occur
only when a job is the first job assigned to this machine. ch’; denotes the length of the machine-
dependent setup time of job j if job j is the first job assigned to machine i at stage 7. A sequence-
dependent setup time depends on the job just completed on that machine. s; denotes the time
needed to change over from job / to job j at stage ¢, where job [ is processed directly before job j
on the same machine.

All data are assumed to be known and constant. The scheduling problem has dual objectives,
namely minimizing the makespan and minimizing the number of tardy jobs. The objective func-
tion to be minimized is:

//i'Cmax+( lfﬂ’)nT (1)

where C,,,. is the makespan, which corresponds to the completion time of the last job to leave the
system, 777 is the total number of tardy jobs in the schedule, and A is the weight (or relative impor-
tance) given to C,,,c and 777, (0 < A< 1).

3 Heuristic Algorithms

Since the hybrid flow shop scheduling problem is NP-hard, algorithms for finding an optimal
solution in polynomial time are unlikely to exist. Thus, heuristic methods are studied to find ap-
proximate solutions. Most researchers develop existing heuristics for the classical hybrid flow
shop problem with identical machines by using a particular sequencing rule for the first stage [10].

Firstly, a job sequence is determined according to a particular sequencing rule, see the next sec-
tion. Secondly, jobs are assigned as soon as possible to the machines at every stage using the job
sequence determined for the first stage. There are two approaches for this subproblem. The first
way is to order the jobs for the other stages, i.e. from stage two to stage k, according to their com-
pletion times at the previous stage, called the FIFO (First-In-First-Out) rule. The second way is to
sequence the jobs for the other stages by using the same job sequence as for the first stage, which
is called the permutation rule.

3.1 Constructive Heuristics

In order to determine the job sequence for the first stage, we remind that the processing and setup
times for every job are dependent on the machine and the previous job, respectively. This means
that they are not fixed, until an assignment of jobs to machines for the corresponding stage has
been done. Thus, for applying an algorithm for fixing the job sequence for stage one, an algorithm
for finding the representatives of the machine speeds and the setup times is necessary.

The representatives of machine speed v"; and setup time s"; for stage ¢, #=1,...,k, use the mini-
mum, maximum and average values of the data. Thus, the representative of the operating time of
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job j at stage 7 is the sum of the processing time ps';/v"; plus the representative of the setup time
s"j. Nine combinations of relative speeds and setup times will be used in our algorithms. The job
sequence for the first stage is then fixed as the job sequence with the best function value obtained
by all combinations of the nine different relative speeds and setup times. For determining the job
sequence for the first stage, we adapt and develop several basic dispatching rules and constructive
algorithms for the flow shop makespan scheduling problem.

The Shortest Processing Time (SPT) rule is a simple dispatching rule, in which the jobs are se-
quenced in non-decreasing order of the processing times, whereas the Longest Processing Time
(LPT) rule orders the jobs in non-increasing order of their processing times. The Earliest Release
Date (ERD) rule is equivalent to the well-known FIFO rule. The Earliest Due Date (EDD) rule
schedules the jobs according to non-decreasing due dates of the jobs. The Minimum Slack Time
(MST) rule concerns the remaining slack of each job, defined as its due date minus the processing
time required to process it. The Slack time per Processing time (S/P) is similar to the MST rule,
but its slack time is divided by the processing time required [11].

Palmer’s heuristic [12] is a makespan heuristic denoted by PAL in an effort to use Johnson’s
rule by proposing a slope order index to sequence the jobs. The idea is to give priority to jobs that
have a tendency of progressing from short times to long times as they move through the stages.
Campbell, Dudek, and Smith [13] develop one of the most significant heuristic methods for the
makespan problem known as CDS algorithm. In so doing, £ — 1 sub-problems are created and
Johnson’s rule is applied to each of the sub-problems. Gupta [14] provides an algorithm denoted
by GUP, in a similar manner as algorithm PAL by using a different slope index and scheduling the
jobs according to the slope order. Dannenbring [15] develops a method, denoted by DAN. Fur-
thermore, the CDS and PAL algorithms are also exhibited. Nawaz, Enscore and Ham [16] develop
a method, called the NEH algorithm, which is based on the idea that a job with a high total operat-
ing time on the machines should be placed first at an appropriate relative order in the sequence.
Thus, jobs are sorted in non-increasing order of their total operating time requirements. The final
sequence is built in a constructive way, adding a new job at each step and finding the best partial
solution.

3.2 Improvement Heuristics

Unlike constructive algorithms, improvement heuristics start with an already built schedule and try
to improve it by some given procedures. Their use is necessary since the constructive algorithms
(especially some algorithms that are adapted from pure makespan heuristics and some dispatching
rules such as SPT and LPT) do not consider due dates. In this section, some fast improvement
heuristics will be investigated to improve the overall function value by concerning mainly the due
date criterion.

The iterative algorithms described in the following and in Section 4 are based on the shift move
(SM) and the pairwise interchange (PI) neighborhoods.
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The SM neighborhood repositions a chosen job 7. at position r, which is shifted to position i,
while leaving all other relative job orders unchanged. The PI neighborhood exchanges a pair of
chosen jobs 7, and 7, while leaving all other jobs in the original positions. In order to find a satis-
factory solution of the due date problem, we apply fast polynomial heuristics by applying either
the shift move (SM) algorithm as an improvement mechanism based on the idea that we will con-
sider the jobs that are tardy and move them left and right or the pairwise interchange (PI) algo-
rithm, where tardy jobs are swapped to different job positions left and right, either to randomly
determined two positions (denoted by the number “2”) or to all other positions (denoted by the
letter “A”). The best schedule among the generated neighbors is then taken as the result.

4 Tabu Search Algorithm

A TS algorithm is an iterative improvement approach designed to avoid terminating prematurely
at a local optimum for combinatorial optimization problems. The TS algorithm is based on the
idea of exploring the solution space of a problem by moving from one region of the search space
to another in order to look for a better solution. To escape from a local optimum, the TS algorithm
allows the search to move to the best solution among a set of candidate moves as defined by the
neighborhood structure, although it can move to a neighbor with a worse objective function value.
Nevertheless, subsequent iterations may cause the search to move repeatedly back to the same
local optimum. To prevent cycling back to recently visited solutions, it should be forbidden or
declared tabu for a certain number of iterations, called the size (or length) of the list. Its size is a
key control parameter of the TS algorithm. This is accomplished by keeping the attributes of the
forbidden moves in a list, called the tabu list.

4.1 Choice of an Initial Solution

To improve the quality of the solution finally obtained, we also investigated the influence of the
choice of an appropriate initial solution by using particular constructive algorithms. We used as an
initial solution those obtained from the constructive algorithms and the fast improvement (SM, PI)
heuristics.

5 Computational Results

Firstly, the constructive algorithms and different fast improvement heuristics are studied. The
constructive algorithms are the simple dispatching rules (i.e., the SPT, LPT, ERD, EDD, MST and
S/P rules) and the flow shop makespan heuristics (i.e., the PAL, CDS, GUP, DAN and NEH rules).
Then, we applied the fast polynomial improvement heuristics based on the four variants discussed
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in Section 3.2. We used problems with 10jobsx5stages, 30jobsx10stages, and 50jobsx20 stages
and A € {0, 0.001, 0.005, 0.01 0.05, 0.1, 0.5, 1} in the objective function. Ten different instances
for each problem size have been run. An experiment was conducted to test with the following data:
The standard processing times are generated uniformly from the interval [10,100]. The number of
unrelated parallel for each stage is generated uniformly from the interval [1,5], but at least one
stage is made up of parallel machines. The relative speeds are distributed uniformly in the interval
[0.7,1.3]. Sequence- and machine-dependent setup times are generated uniformly from the interval
[0,50]. The release dates are generated uniformly from the interval between 0 and half of their
total standard processing time mean. The due date of a job is set in a way that is similar to the
approach presented by [17] and is as follows:

di=r + ﬁlps; + total of mean setup time of a job on all stages +
P

2

(n — 1)x(mean processing time of a job on one machine)xU(0,1)

First, we have observed in our tests that the improvement heuristics from Section 3.2 improve
the quality of the constructive algorithms by about 60 — 70 percent. In general, the A-PI algorithm
should be selected as the improvement algorithm. Hence, we use in the following only the A-PI
improvement heuristics.

Next, we tested the constructive algorithms that are separated into four main groups. The first
heuristic group includes the simple dispatching rules, and the second heuristic group includes the
flow shop makespan heuristics adapted. The third and fourth heuristic groups are generated from
the first two groups of heuristics where the solutions are improved by the selected polynomial
improvement algorithm based on the A-PI improvement heuristics (hereafter, these algorithms are
denoted by the first letter “I” in front of the letters describing the heuristics of the first two groups).
Among the simple dispatching rules (heuristic Group I), the SPT, LPT and ERD rules are good
dispatching rules. However, in general the SPT rule outperforms the other dispatching rules for
A1<0.01, and the LPT rule is better than the other rules otherwise. Among the adapted flow shop
makespan heuristics in the heuristic Group II, the NEH algorithm is clearly the best algorithm
among all studied constructive heuristics (but in fact, this algorithm takes the convex combination
of both criteria into account when selecting partial sequences). The CDS algorithm is certainly the
algorithm on the second rank (but it is substantially worse than the NEH algorithm even if the
makespan portion in the objective function value is dominant, i.e. for large A values). These re-
sults are similar to the conclusions of [18], where the results for small problem sizes are compared
with the optimal solutions.

Thirdly, we studied the TS algorithm with a random initial solution. The favorable TS parame-
ters, i.e., the number of neighbors (10 through 50, in step of 10), the neighborhood structure (PI
and SM), and the size of tabu list (5, 10, 15, and 20) were investigated. From the preliminary tests,
we set the time limit equal to one second for the problems with ten jobs, ten seconds for the prob-
lems with 30 jobs, and 30 seconds for the problems with 50 jobs. In Table 1, we give the average
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Table 1. The effect of the tabu search parameters

Neighborhood
A Problem Number of Neighbors Size of Tabu List
Structures
size 10 20 30 40 50 PI SM 5 10 15 20

10x5 0.029° 0.017 0.033 0.050 0.083 0.033 0.052 0.057 0.030 0.040 0.043
0 30x10 0.400 0.242 0.313 0.392 0.463 0.337 0.387 0.380 0.367 0.347 0.353
50%20 0.050 0.146 0.346 0.533 0.625 0.163 0.517 0.380 0.347 0.287 0.347

Sum 0.479 0.404 0.692 0.975 1.171 0.533 0.955 0.817 0.743 0.673 0.743

10x5 0.954° 0.989 0.943 1.477 3.281 0.911 2.146 2254 1.152 0.924 1.786
0.001 30x10 7912 5.236 4.940 5.640 6.250 5.923 6.068 6.046 5912 6.412 5.612
50%20 0.981 0.945 2.040 3.409 4.250 2.050 2.600 2.511 2.221 2.339 2.228

Sum 9.847 7.170 7.923 10.526 13.781 8.884 10.814 10.811 9.285 9.675 9.626

10x5 1.136 0.648 0.618 0.799 1.282 0.826 0.967 1.036 0.707 0.894 0.949
0.005 30x10 6.057 3.942 3.611 4.134 4.195 4.650 4.125 4.325 4354 4.341 4.532
50%20 1.875 1.663 2.623 3.493 4.099 2.635 2.867 2.837 2.746 2.711 2.710

Sum 9.068 6.253 6.852 8.426 9.576 8.111 7.959 8.198 7.807 7.946 8.191

10x5 0.781 0.419 0.474 0.730 1.099 0.667 0.735 0.855 0.534 0.552 0.863
0.01 30x10 5.264 3.653 3.549 3.931 4.390 4413 3.903 4.097 4.165 4238 4.131
50%20 2.171 1.807 2.783 3.744 4.161 2.759 3.108 2.933 3.134 2.687 2.979

Sum 8.216 5.879 6.806 8.405 9.650 7.839 7.746 7.885 7.833 7.477 7.973

10x5 0.535 0.176 0.166 0.191 0.332 0.379 0.181 0.261 0.239 0.257 0.364
0.05 30x10 4.585 3.727 3.632 3.777 4.119 4.298 3.638 3.939 4.019 3.989 3.926
50%20 2.410 1.734 2.793 3.338 3.905 2.839 2.834 2.667 2.905 2.903 2.869

Sum 7.530 5.637 6.591 7.306 8.356 7.516 6.653 6.867 7.163 7.149 7.159

10x5 0.381 0.119 0.158 0.154 0.344 0.324 0.138 0.278 0.150 0.230 0.267
0.1 30x10 4.067 3.542 3.458 3.773 3.714 4.004 3.418 3.684 3.769 3.682 3.708
50%20 2.174 1.491 2313 2.925 3.555 2.407 2.576 2513 2.444 2.427 2.582

Sum 6.622 5.152 5.929 6.851 7.613 6.735 6.132 6.475 6.363 6.339 6.557

10x5 0.331 0.164 0.108 0.228 0.282 0.283 0.162 0.219 0.190 0.217 0.264
0.5 30x10 3.705 2.962 3.168 3.182 3.569 3.561 3.073 3.379 3.219 3.375 3.295
50%20 2.008 1.304 2.098 2.860 3.510 2.310 2.402 2.369 2.340 2431 2.283

Sum 6.044 4.430 5.374 6.269 7.360 6.154 5.637 5.967 5.749 6.023 5.842

10x5 0.358 0.127 0.152 0.218 0.327 0.290 0.183 0.290 0.167 0.207 0.283
1.0 30x10 3.523 2.805 2.877 3.169 3.299 3.341 2.928 3.171 3.105 3.085 3.177
50%20 2.129 1.415 2321 2.861 3.551 2.345 2.566 2.434 2451 2.521 2.416

Sum 6.011 4.347 5.351 6.249 7.177 5.976 5.677 5.895 5.723 5.813 5.876

*average absolute deviation for A =0, ® average percentage deviation for 4> 0.

(absolute for A = 0 resp. percentage for 4 > 0) deviation of a particular algorithm from the best
solution in these tests. From the full factorial experiment, we analyzed our results by means of a
multi-factor Analysis of Variance technique using a 5% significant level. We have found that for
all TS parameters, there are significant differences. For the number of neighbors, 20 and 30 non-
tabu neighbors are good parameters, but generating 20 nontabu neighbors is the best variant. The
PI moves are better than the SM for A < 0.005, whereas for A = 0.005 and the problem sizes 10
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jobs x 5 stages as well as 50 jobs x 20 stages, there are not statistically significantly differences in
both neighborhood structures, but they are statistically significant for the problem size 30 jobs x
10 stages. For the problem size 50 jobs x 20 stages and A > 0.1, although the average main effect
of the PI moves is better than that of SM, it has been found that there is a statistically significant
interaction between the neighborhood structure and the number of neighbors, that is, for 20 non-

Table 2. Average performance of tabu search algorithms with biased initial solutions

Group I Group 11 Group III Group IV
7] 72} wn 172} w 7] 7] 72] 2 72] 7] 72}
N Problem E ; E S 2 ; ; : E : 2 E
. a - A~ & < = =
size 7 5 % 5 @) 7 2] = =] & = g

10x5 0.020  0.000 0.020 0.000 0.000 0.000 | 0.000 0.000 0.000 0.000 0.020  0.000
0 30x10 | 0.220 0.220 0.260 0.260 0.340 0.180 | 0.280 0.220 0.220 0.220 0.300  0.160
50x20 | 0.060 0.060 0.100 0.120 0.020 0.000 | 0.100 0.120 0.080 0.140 0.040  0.000
Sum 0.300 0.280 0.380 0.380 0.360 0.180 | 0.380 0.340 0.300 0.360 0.360  0.160
10x5 | 0.014°  0.090 0.071 0.163 0.100 0.166 | 0.531 0.575 0.044 1.024 1.056 0.534
0.001 | 30x10 | 3.674 4.649 4377 | 4.142 3.715 3.413 | 4.107 3.829 4.898 4915 4934 3421
50x20 | 0.667 0.938 1.415 0.648 0.544 0.343 0.847 1.014 0.797 1.087 0.380  0.350
Sum 4.355 5.677 5.863 4.953 4359 3.922 | 5485 5.418 5.739 7.026 6.370 4305
10x5 0.306 0.984 0.912 0.615 1.179 1.076 | 0.573 1.279 1.044 0.832 1.103 0.721
0.005| 30x10 | 2.892 3.177 2.847 2.776 2.967 3.353 | 2.906 3.068 3.140 3.182 3.329 3.461
50x20 | 1.363 1.223 1.491 1.395 0.876 0.540 | 0.932 1.745 2.025 2.089 0.676  0.543
Sum 4.561 5.384 5.250 | 4.786 5.022 4969 | 4411 6.092 6.209 6.103 5.108 4.725
10x5 0.598 0.551 0.356 0.420 0.779 0.664 | 0.468 0.481 0.477 0.628 0.387 0.706
0.01 | 30x10 | 3.063 3.562 2.373 3.490 2.851 3.068 | 3.824 3.346 2.963 3.274 3.109 2.994
50x20 | 1.068 0.851 1.180 0.970 1.371 0.539 1.241 1.775 1.635 1.782 1.124  0.539
Sum 4.729 4.964 3.909 | 4.880 5.001 4.271 5.533 5.602 5.075 5.684 4.620  4.239
10x5 0.039 0.033 0.029 0.039 0.029 0.042 | 0.076 0.052 0.057 0.059 0.054  0.029
0.05 | 30x10 | 3.252 3.513 2.357 3.036 3.030 2.128 | 3.094 2.692 2.743 3.512 3.238 2233
50x20 | 1.064 0.959 1.146 1.083 1.421 0.491 1.027 1.146 1.700 1.531 0.891 0.491

Sum 4.355 4.505 3.532 | 4.158 4.480 2.661 4.196 3.891 4.500 5.101 4.183 2.753
10%x5 0.039 0.057 0.009 0.017 0.025 0.030 | 0.010 0.035 0.031 0.009 0.021 0.012
0.1 | 30x10 | 2.698 2.633 1.947 2515 2.295 1.839 | 2.569 2.628 2.107 2.682 2356 1.832
50x20 | 0.947 1.183 1.166 0.822 1.182 0.415 0.946 1.304 1.302 1.266 1.036  0.416
Sum 3.685 3.872 3.122 3.354 3.502 2.285 3.524 3.966 3.440 3.957 3.413 2.260
10x5 0.061 0.015 0.055 0.006 0.039 0.039 | 0.027 0.035 0.061 0.019 0.041 0.039
0.5 | 30x10 | 2.307 2.396 1.872 2.549 2.426 1.407 | 2.179 2.256 2.004 1.999 2.288 1.456
50x20 | 0.938 1.047 1.228 0.904 1.306 0.327 | 0.927 1.249 1.172 1.495 0876  0.314
Sum 3.306 3.458 3.155 3.458 3.771 1.773 3.133 3.540 3.237 3.514 3.205 1.809
10%x5 0.096 0.059 0.054 0.042 0.069 0.047 | 0.037 0.065 0.066 0.016 0.024  0.035
1.0 | 30x10 | 2.264 2.517 1.808 2.787 2.468 1.741 2.366 2433 2.082 2.654 2.181 1.747
50x20 | 0.878 0.981 1.107 1.172 1.356 0.362 | 0.972 1.226 1.172 1.328 1.033 0.362
Sum 3.237 3.557 2.969 | 4.000 3.893 2.150 | 3.375 3.724 3.320 3.998 3.237 2.143

*average absolute deviation for 1 =0, ® average percentage deviation for 4> 0.
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tabu SM neighbors become better than PI moves. Hence, in general the SM should be selected as
the neighborhood structure for A > 0.005. For the size of the tabu list, it has been found that a size
of 10 and 15 works best, but a size 10 of the tabu list is recommended.

Finally, we used the recommended TS parameters to test the choice of an appropriate initial so-
lution (some results are given in Table 2). The letters before TS denote the heuristic rule as an
initial solution for the TS algorithm. For example, SPTTS means that the SPT rule is used as an
initial solution for the TS algorithm. From the experiment, we have found that there are no statisti-
cally significant differences in the different initial solutions for the problem sizes 10jobsx5stages
and 30jobsx10stages, but it became statistically significantly different for the problem size
50jobsx20stages, in particular for A > 0.05 we have found that algorithms INEHTS and NEHTS
are better than the others. In general, algorithms INEHTS and NEHTS are good choices for the TS
algorithm when using a biased initial solution. These results are consistent with previous studies in
which the NEH algorithm is usually applied to provide the initial solution for an iterative algorithm
such as a tabu search [19].

6 Conclusions

In this paper, first some constructive algorithms have been investigated for minimizing a convex
combination of makespan and the number of tardy jobs for the hybrid flow shop problem with
unrelated parallel machines and setup times, which is often occurring in real world problems. All
algorithms are based on the list scheduling principle by developing job sequences for the first
stage and assigning and sequencing the remaining stages by both the permutation and FIFO ap-
proaches.

The constructive algorithms are compared to the best known solutions. We have found that
among the simple dispatching rules the SPT, LPT and ERD rules are good algorithms whereas
among the flow shop makespan heuristics, the NEH algorithm is clearly superior to the other con-
structive algorithms. When applying the polynomial improvement algorithm, we have found that
the all-pairwise interchange algorithm is a good improvement algorithm. Next, we used TS-based
algorithms as metaheuristic algorithms. Before we studied the influence of the initial solution on
the performance of the TS algorithm, we tested the TS parameters, i.e., the number of neighbors,
the neighborhood structure, and the size of tabu list. We have found that a constant number of 20
neighbors works best. The neighborhood structures should be based on shift moves for A > 0.05
and on pairwise interchanges of jobs otherwise. The size of the tabu list should be selected as 10.
For the recommended TS parameters, we have investigated the influence of the starting solution
by using several constructive and improvement algorithms. The variants INEHTS and NEHTS can
both be recommended in general.

Further research can be done to use other metaheuristic algorithms such as genetic or ant col-
ony algorithms. The choice of good parameters for them should be tested. The influence of the
starting solution should be investigated. Moreover, hybrid algorithms should be developed by
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using a tabu search algorithm as a local search algorithm within a genetic algorithm or the other
algorithms.
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Abstract. In this paper, we present a genetic algorithm approach that considers the single
machine scheduling problem. There are 7 jobs, in which each job ] ( ] =1,2,...,n) has
a normal processing time p;.a due date dj., earliness penalty 0{]. , and tardiness penalty
ﬂj . The objective is to find the sequence of jobs that minimizes the weighted sum of earli-
ness and tardiness penalty costs, with a learning effect. The machine idle times are not con-
sidered. The worker involved in doing the same operations on a machine, learns the task and
the worker become efficient in that job. Thus, in scheduling problems the job processing time
depends on the position of the job in a sequence. This is the learning effect. The problem of
finding the optimal sequence of jobs is a difficult combinatorial optimization problem. It can
be easily seen that there are 71! sequences are possible for this problem. Because of the diffi-
cult nature of this problem, we use genetic algorithm to obtain the best/optimal sequence of
jobs. Various issues related to genetic algorithm such as solution representation, selection
methods, and genetic operators are presented. We show via numerical examples (test prob-
lems) that the genetic algorithm approach takes only small computation time to solve fairly

large problems (50 jobs).
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1 Introduction

Single-machine scheduling problem is one of the well known problems studied by many research-
ers in the past fifty years. In most of these studies, the processing time of a job is assumed to be a
constant. Or in other words, the processing time of a job is independent of its position in the se-
quence. In practical situations, this assumption may not be true. This is due to the fact that workers
ability to learn when they are processing similar tasks. Because of the learning effect, the process-
ing time of a job depends on its position in the sequence. The concept of “learning effect” is
known in management literature.

The learning effect can arise in scheduling of jobs due to the fact that workers are processing
same type of jobs on the same machine. So it is easy for workers to improve their performance and
the processing time of a job will reduce because of the learning. The learning effect, for the case
of single machine scheduling problem is first considered in [1]. In this study, the objective is to
minimize the deviation from a common due date, in presence of learning effect. Another objective
considered is the minimization of flow time [2]. In both the studies [1] and [2], the optimal se-
quence of jobs is obtained by solving an assignment problem. The learning effect in a two ma-
chine flowshop scheduling is presented in [3]. The objective is to find a sequence of jobs that
minimize the total completion time in presence of learning effect. A branch and bound technique
is used for the solution. To speed up the computation several dominance properties are derived. A
heuristic algorithm is also introduced in [3], to improve the efficiency of the branch and bound
technique. In these studies [1,2,3], the importance of considering the learning effect in production
scheduling is discussed.

The learning effect for the problem of flow time minimization on parallel identical machines, is
considered in [4], and a polynomial time solution is presented. The problem of flowshop schedul-
ing with a learning effect is also studied in [5], and is shown that the classical Johnson’s rule is not
the optimal solution to minimize makespan. Single-machine scheduling problem with a learning
effect to minimize the number of tardy jobs is discussed in [6]. Various issues related to schedul-
ing problems with a learning effect, is also studied in [7,8,9].

It is shown in [10] that the problem of minimizing the total tardiness on one machine is NP-
hard. Another related research [11] that consider the case in which the processing times decrease
in a piecewise linear fashion, which is a good approximation to study the learning effect. A survey
of scheduling with time dependent processing times presented in [12], provide a framework to
show how the time-dependent processing time problems have been generalized from the classical
scheduling theory.

In this paper, we consider the single machine scheduling problem, in which, there are 7 jobs,
and each job j (j=1,2,...,n) has a normal processing time p;.a due date d_ Iz carliness pen-
alty a;, and tardiness penalty ,Hj . The objective is to find the sequence of jobs that minimizes
the weighted sum of earliness and tardiness penalty costs, with a learning effect. The machine idle
times are not considered. This is a difficult combinatorial optimization problem [10]. It can be
easily seen that there are 7! sequences are possible for this problem. Because of the difficult na-
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ture of this problem, we present a genetic algorithm approach to obtain the optimal/best sequence.
Genetic Algorithm (GA) is the most well-known technique for solving combinatorial optimization
problems. Genetic algorithms developed in [13] attempts to design artificial systems based upon
the adaptive process of natural systems. A complete description about genetic algorithms is avail-
able in [14,15,16]. A review of application of genetic algorithms in production and operations
management is given in [17].

This paper is organized as follows. In the next section, we describe the scheduling problem
considered in our study with a learning effect. In Section.3, we present a brief description of ge-
netic algorithm to this scheduling problem. In Section.4, we present the numerical results obtained
for the problems, using a genetic algorithm. A conclusion is presented in the last section.

2 Single-machine scheduling with a learning effect

We consider the single machine scheduling problem, in which, there are n jobs, and each job j
(j=L2,...,n) has a normal processing time p;-a due date dj , earliness penalty a;, and
tardiness penalty ﬂ/ This type of scheduling problems has been studied in [18,19,20,21]. The
objective is to find the sequence of jobs that minimizes the weighted sum of earliness and tardi-
ness penalty costs, with a learning effect. The machine idle times are not considered. The se-
quence is the order in which the jobs are processed in the machine. All the 7 jobs available for
processing at time 7 = 0. Because of the learning effect, the processing time of a job depends on
its position in the sequence. Hence, the processing time of the jobs are given as

P, =p;r’ (1)

Here p . is the processing time of job J, if it is in position 7 of the sequence, and a is the
learning index (@ < Q). This above equation is introduced in [1] to include the learning effect.
We can see from the above equation, the processing time of a job decreases as function of the
position in the sequence. The value of a is obtained from learning curves. An analysis of learning
curves in machine shops is discussed in [22]. The objective is to find the sequence of jobs that
minimizes the weighted sum of earliness and tardiness penalty costs, with a learning effect. Hence,
the objective function for our problem is

Minimize z {o,E,+ BT} ®)
J=1

Let C j is the completion time of job j . The earliness and tardiness of job j are given as

E, = Max{0,(d;,-C,)} 3)

T; = Max{0, (C; =d,)}. “)
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In this paper, we consider this above problem with a learning effect and present a genetic algo-
rithm to obtain the optimal/best sequence.

3 Genetic algorithm for Single-machine scheduling with a learning effect

Genetic Algorithms (GA) is a search algorithm based on the mechanism of natural selection that
transforms a population (a set of individuals) into a new population (i.e., next generation) using
genetic operators such as crossover, mutation and reproduction. A survival of fittest strategy is
adopted to identify the best strings and subsequently genetic operators are used to create a new
population for next generation. More details about how genetic algorithm works for a given prob-
lem can be found in literature [14,15,16].

In genetic algorithms, the search space contains all search nodes for a given combinatorial op-
timization problem. GA starts with an initial population of search nodes from the search space.
Each search node in the population is evaluated using the objective function and a fitness value is
assigned to each search node. New search nodes are generated for next generation based on fitness
value and applying genetic operators to the current search nodes. This process is continued for
generation after generation until the algorithm converges. To apply genetic algorithm to our
scheduling problem with learning effect, we need to address the following factors.

- string representation of search nodes

- population initialization

- selection function and genetic operators
- fitness function

- termination criterion

String Representation: The string representation is the process of encoding a sequence for the
scheduling problem. The string representation scheme depends on the structure of the problem in
GA and also depends on the genetic operators used. For our single-machine scheduling problem,
the sequence is a string of integers. The integers corresponds to job numbers. For example, the
string {4 3512}, in our problem represents the sequence in which the jobs are processed, when
there are 5 jobs. In general, the length of the string is equal to the number of jobs (7). We know
that for 7 jobs, there are 1! job sequences. We can see that in this string representation all the
possible (71!) sequences are represented and they are unique.

Population Initialization: In genetic algorithm based solution approach, initial sequences
(population) are generated using random generation procedure. The population size, and the method
of obtaining initial solutions will affect the convergence of the problem. Genetic algorithms itera-
tively improve the sequences, hence if the initial sequences are good sequences the convergence
of the problem will be faster. The population size is problem-dependent and has to be determined
through numerical simulation.
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Genetic Operators: In genetic algorithms, the basic search mechanism is done by genetic op-
erators. Genetic operators are used to create new sequences based on existing sequences in the
population. Crossover, mutation and reproduction are the commonly used genetic operators.

Crossover Operation: Crossover operation uses two sequences (search nodes) to produce two
new sequences. During crossover operation the parents exchange parts of their solutions. The idea
is to combine the good parts of solutions of the parents to produce offsprings. A number of cross-
overs for combinatorial optimization problems is given in [16]. They are single point crossover,
two point crossover, uniform crossover and partially mapped crossover. In our study, we use two-
point point crossover.

Mutation Operation: Mutation operation works on a single sequence to produce a single new
sequence. This operation is needed to ensure diversity in the population and to avoid the prema-
ture convergence and local minima. In our study, we have used swap mutation presented in [16].

Fitness Function: Fitness is the driving force in genetic algorithms. In our scheduling problem,
fitness function assigns a fitness value to each of the sequences in a generation. Fitness function
must be capable of evaluating every sequence in the search space. For our problem the search
space contains all 72! possible sequences. Genetic algorithm does not know anything about the
problem domain or fitness function. The only information used in the execution of genetic algo-
rithm is the observed value of fitness for the sequences present in the population. Genetic algo-
rithm is guided by the fitness value to search for the most efficient sequence for the problem. The
fitness function for our problem is the objective function, and is minimization of the sum of the
deviations. The objective function for our problem is given in (2). The genetic operators will try to
maximize the fitness function for a maximization problem. Our scheduling problem is a minimiza-
tion problem and so needs a transformation of the fitness value. For this purpose, we refine our
selection criterion which selects a solution with lower fitness value (objective function value). The
selection method used in our scheduling problem is explained below.

Selection function and Elitism Strategy: In genetic algorithm, the selection of a sequence
from the existing population (sequences) plays an important role. The idea is that better sequence
(sequence with better fitness value) should have a better chance of being selected for genetic op-
erations to produce new sequences. In genetic algorithms there are several selection methods such
as roulette wheel selection and its extensions, scaling techniques, elitist models and ranking meth-
ods are presented. In our study, we have used binary tournament selection method. The criterion
of binary tournament selection is to randomly select two sequences (solutions) and compare their
fitness values. The solution with better fitness is selected for maximization problems. Since, the
scheduling problem is a minimization problem, solution with a lower fitness is selected. The elit-
ism strategy is to select a number of elite solutions from external archive. The number of elite
solutions depend on the population size and elitism rate.

Termination Function: In a genetic algorithm, in each generation, sequences are selected on
the basis of their fitness and subject to genetic operators to produce new sequences for the next
generation. The evolution process of successive generations continues until a termination criterion
is satisfied. The most frequently used stopping criterion are population convergence criteria and a
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specified maximum number of generations. Population convergence criteria for our problem is
that all the sequences in the population are the same in two successive generations. This sequence
is the best or optimal sequence to the problem. Another stopping criteria is to stop the evolution
process when the maximum number of generations is reached. The best sequence is the one in the
population with maximum fitness value.

4 Simulation Results

The genetic algorithm to obtain the sequence for single-machine scheduling problem with a learn-
ing effect is tested with known problems, and with standard test problems from literature.

It is known that the solution obtained from genetic algorithms, for combinatorial optimization
problems, can not be guaranteed to be optimal; i.e., no formal proof of optimality. But, for a large
class of difficult combinatorial optimization problems, it has been shown that the genetic algo-
rithm produces solution that are close to the optimal or among the best available solutions [16]. So
in our studies, we call the sequence obtained from genetic algorithm as “best" sequence instead of
optimal sequence. The genetic algorithm to obtain the sequence, for single-machine scheduling
problem with a learning effect is implemented in Java on a Pentium-IV machine. The genetic
algorithm used the following parameters given in Table.1 in all our simulations.

Table 1. Parameters used in simulation

Parameters Description Value
P, Mutation probability 0.30
P. Crossover probability 0.50
M Maximum number of generations 100
N Population size 100

The following steps are carried out in a genetic algorithm for single-machine scheduling prob-
lem with a learning effect.

1. STEP.1: Initialization: An initial population (N ) sequences are randomly generated.

2. STEP.2: Evaluation: The fitness for each of the sequence in the population is calculated ac-
cording to the fitness function.

3. STEP.3: Perform selection function using binary tournament selection method and elitism
strategy, to select sequences for genetic operations.

4. STEP.4: Genetic Operations: Perform crossover and mutation operations based on probability
of crossover and mutation. Here we may get more sequences than the population size (N ).
Perform reproduction using elitist model to obtain N best sequences.

5. STEP.5: Now, we have the best N sequences from previous step. Repeat steps 2, 3, and 4,
until the algorithm converges.
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The advantage with genetic algorithm is that it starts with a random sequences and modify the
sequences in successive generations, and the best sequence is obtained. The only information used
is the fitness value.

For our problem, this genetic algorithm is used to obtain the sequence of jobs that minimizes
the weighted sum of earliness and tardiness costs, with a learning effect. Machine idle times are
not considered. For our problem, we have considered three values of o =-0.152,-0.322, and
—0.515, which corresponds to 90%, 80% and 70% learning curves respectively.

For the single machine scheduling problem is considered in this study, many test problems are
provided with job dependent earliness and tardiness penalties in [23]. These test problems are
generated in the following manner and are available in the internet. For a given value of 7 (number
of jobs), the processing times are generated randomly from the uniform distribution U =[10,100].
The due dates 4 are generated from U= 4,4, +PP], where d,, =Max{0,P(t—p/2)} and
P= z =P The two parameters 7 and O are tardiness and range parameters These test prob-
lems are available in [23] for ne {20,30,40,50} , 7€ {0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9} and for the
value of pe {0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9} . The earliness (aj) and tardiness (,B,-) for all jobs
are generated randomly from the uniform distribution U =[1,5].

We have considered the situation when the number of jobs is 20, 30, 40 and 50, with a learning
effect. These problems are taken from [23], and the problem numbers are sks222, sks322, sks422
and sks522 . Genetic algorithm is able to obtain the “best" sequence in a very short time. The
objective function value and the computation time required by our genetic algorithm is given be-
low in Table.2 for learning rates ¢ =—-0.515, o =-0.322, and & =-0.152. In our simulations, for
each of these problems, the genetic algorithm was run 20 times and the average computation time
is given in Table.2. Also, the minimum, mean and maximum value of the objective function value
obtained from these 20 runs are given in Table.2. From this Table.2, we see that our genetic algo-
rithm approach, takes only a small computation time to obtain the best sequence. The source code
for the genetic algorithm and the results obtained are given in the website [24].

The parameters used in genetic algorithms P,,, P., and N are usually determined by trial-and-
error. We have tried with different values of crossover probability (P, ), and different values of
population size (V). We obtain the same optimal sequence in our simulation and the change in
computation time is not significant.

We have also used branch and bound technique for this problem, and noticed that the computa-
tional time depends on the value of p and 7 . This is because of the number of nodes in the
branch and bound technique. For example, when 7=0.2 and p=0.2, the branch and bound com-
putation time for 50 jobs is 48.38, and the computation time for genetic algorithm is 3.5 seconds.
It is important to note that the branch and bound technique obtains the optimal sequence, but the
sequence obtained from genetic algorithm can not be guaranteed to be optimal; i.e., no formal
proof of optimality. But, for a large class of combinatorial optimization problems, it is shown that
the genetic algorithm produces solution that are optimal or close to optimal solution.
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Table 2. Objective function and computation time for different Learning rates

number of Objective function Computation

Learning rate . Minimum Maximum .
jobs value Mean time
o =-0.515 20 743.16 753.14 792.43 0.99223
o =-0.515 30 1260.90 1317.40 1369.90 1.58460
o =-0.515 40 1351.50 1358.00 1379.00 2.37970
o =-0.515 50 2081.70 2115.50 2140.30 3.41820
o =-0.322 20 1748.80 1750.90 1767.20 0.98490
o =-0.322 30 3400.60 3458.50 3626.20 1.57800
o =-0322 40 5602.10 5672.20 5794.90 2.38380
o =-0322 50 4454.00 4525.60 4675.80 3.41620
o =-0.152 20 3287.10 3291.10 3319.20 0.98477
o =-0.152 30 6823.00 6827.30 6862.80 1.56870
o =-0.152 40 13726 13786 13890 2.35200
o =-0.152 50 13966 14000 14145 3.40210

5 Conclusions

In this paper, we consider The single machine scheduling problem, in which, each job has an indi-
vidual due-date, earliness and tardiness penalties is considered in presence of a learning effect.
Because of the learning effect, the processing time of a job depends on its position in the sequence.
The objective is to find the sequence of jobs that minimizes the weighted sum of earliness and
tardiness costs, without considering machine idle times with a learning effect. Since, this is a diffi-
cult combinatorial optimization problem, we have used genetic algorithm approach to obtain the
best/optimal sequence. We shown via numerical examples that the genetic algorithm approach
takes only small computation time to solve fairly large problems (50 jobs).
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