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ABSTRACT
This paper tackles a parallel scheduling problem, with considering deterioration to minimize make-span function. A mathematical
model is developed and because of high complexity, two meta-heuristics including the extended compact genetic algorithm (ECGA)
and simulated annealing (SA) are used to obtain near optimal solutions in reasonable run time.
For the computational measures, the sensitivity analysis is implemented for deterioration, and various instances are presented that
show the effectiveness and capability of proposed methods.
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1. INTRODUCTION

single batch processing models to minimize the total weighted

Parallel machine scheduling is one of the oldest
problems in the scheduling area that is applied widely in
manufacturing and real industry.
Parallel machine scheduling has practical application
in wafer fabrication process, testing process of electrical
circuits, chemical processes performed in tanks or kilns, and
heat-treating ovens. The assignment of an item to those
machines is somehow different form classical assignment. At
first, the batches are formed and the items are allotted to them,
and then, they need to be assigned to the machine in order to
optimize the scheduling criteria such as make-span, total
tardiness, etc. The batch-processing machine problems might
be classified into three major categories according to the batch
processing time. The first is called fixed batch model in which
the items that a batch contains have identical size, so the batch
processing time is equal to processing time of each of the items
and is constant. In this case, the number of items assigning to a
batch is limited [2, 3]. The second is called burn-in model, in
which the processing time of a batch depends on the size of the
jobs constitute it [4, 5]. In this case, the longest processing time
of the jobs which the batch includes determines the batch
processing time. In these two discussed case, the machine is
capable of processing several items simultaneously, and also all
jobs assigned to a batch have identical starting and completion
times. The third one is serial batching model, in which the
machine processes only one item at the time, and the
processing time of the batch is equal to sum of the processing
times of the jobs that the batch contains [6]. Ikura and
Gimple(1986)[7] proposed a fixed batch model in which
dynamic job arrivals is considered, and an optimal algorithm to
minimize the makespan is suggested. Considering a single
batch processing machine model, Chandru et al. (1993a) [8]
developed a branch-and-bound procedure to obtain exact
solution, but the algorithm handles the small instances. Dobson
and Nambimadom (1992, 2001) [9,10] and Uzsoy (1994, 1995)
[11,12], considering non-identical job sizes, proposed their

completion time (
time (
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i
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i
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),

minimizing total completion

), and maximum lateness (Lmax) and also total

weighted completion time, respectively. Also, Kempf et al.
(1998) [13] suggested a single batch processing models to
minimize the total completion time and makespan under
constraint of the board availability as well as oven capacity.
Dupont and Dhaenens-Flipo[14]proposed a branch-and-bound
algorithm in order to minimize makespan of a single batchprocessing machine. Melouk et al. [15]applied a SA approach
to minimize the makespan of a single batch-processing machine
considering non-identical job sizes. Damodaran et al. [16] used
a simulated annealing approach and a genetic algorithm to
minimize the makespan of the single batch processing machine
model. Kashan et al. [17] solved the single batch processing
machine model with non-identical job size applying two
different genetic algorithms in order to minimize the makespan.
Considering parallel machines, Chandru et al. 1993a, Uzsoy
1995, Hochbaum and Landy 1997, and Chandra and Gupta
1997 have proposed their batch processing models considering
identical job size [18, 19, 20, 21]. Koh et al [22] examined
parallel batch processing machines with non-identical job size
and incompatible job batches to minimize makespan, total
completion time, and total weighted completion time using
some heuristics and genetic algorithm. Chang, Damodaran, and
Melouk [23] developed a SA algorithm to obtain the minimized
makespan on parallel batch processing machines. Lin and Jeng
[24] utilized a dynamic programming algorithm to determine
the minimum of Lmax and the number of tardy jobs in a parallel
batch processing machine problem. Malve and Uzsoy [25]
considered dynamic job arrivals in a parallel batch processing
machine to minimize Lmax. They also, suggested some iterative
improvement heuristics and integrated them using a genetic
algorithm. Assuming non-zero job preparation times, Chung et
al. [26] suggested a model and three heuristics to minimize the
makespan. Damodaran et al. [27] developed a Greedy
Randomized adopted Search Procedure (GRASP) approach and
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showed how it outperforms other non-exact procedures to
minimize the makespan. Some studies are directed on flow
shops that contain one or more batch processing machines.
Ahmadi et al. (1992) [28] analyzed a class of problems in
which there are a two or three machine flow shops, where one
of the machines is a batch processing machine. Sung and Kim
[29] suggest a two-batch-machine flow shop scheduling
problem to minimize maximum tardiness, total tardiness and
number of tardy jobs. Mosheiov et al. [30] introduced a
solution procedure for batch scheduling on an m-machine flow
shop minimizing flow time where jobs have equal processing
time and setup times are assumed to be independent of the
sequence and machine. Lin et al. [31] presented a threemachine assembly-type flow shop model considering identical
processing time on the batch processor stage while aiming at
the minimization of makespan.
The remainder of this paper is organized as follows:
The notation and problem description are introduced in section
2. Section 3 presents the solution approaches. In section 4,
computational experiments are reported and statistical analysis
is performed. Finally, some concluding remarks are made in
section 5.

2. PROBLEM FORMULATION

machine k
δ

Rate of deterioration

And decision variables are as follows:
If job i is executed in priority j on machine k

1
xijk = 
0
Otherwise

And the proposed model is as follows:

Min max{c j, k }

St:

∑∑ x
j

𝑝[𝑖] = 𝑝𝑖 (1 + 𝑝1 + 𝑝2 + ⋯ + 𝑝[𝑖−1] )𝛿

(2)

K=1,2,…,M

ijk

In this paper, the problem of sequencing of N jobs on
M parallel machines with deteriorating jobs is considered. Each
machine works with no idle and all the jobs are ready to be
processed at time zero.
The aim is to find a schedule of jobs that minimizes
makespan. For this regard a mathematical model is presented.
According to deterioration, the processing times of
jobs have not constant values and are dependent to their
positions. We use of the time dependent deterioration model
investigated by Wang et al [37] that is presented as:

J=1,2,..,N

≤1

J=1,2,..,N

k

∑x

ijk

(3)

K=1,2,…,M

=1

i=1,2,…,N

(4)

K=1,2,…,M

(5)

J=1,2,..,N

(6)

i

c0 , k = 0
n

c j ,k = c j −1,k + ∑ xijk P[i ]
i =1

(1)

Where 0< δ <1 and𝑝[1] = 𝑝1 .

The variables and parameters of problem are defined as
follows:
N

Number of jobs are ready to scheduled

M

Number of machines

pi

The normal processing time of job
where scheduled in i-th position

p[i]

The actual processing time of job where
scheduled in i-th position

Cj,k

The completion time of j-th position on

Equation (2) introduces the objective function and
tries to find a schedule of jobs that minimizes makespan.
Constraint (3) states that in each priority of machines just one
job could be planned. Constraint (4) assures that each job must
be processed only one time. Constraint (5) mentions that
machine is available from time zero. Constraint (6) declares
that how the value of completion time for each machine is
calculated.

3. SOLUTION APPROACH
3.1 Extended Compact Genetic Algorithm
ECGA, proposed by Harik (1999) is based on a key
idea that the choice of a good probability distribution is
equivalent to linkage learning. Linkage learning can be
considered as identifying blocks. The measure of a good
distribution is quantified based on minimum description length
(MDL) models. The key concept behind MDL models are that

387

Volume 2 No.6, June 2012

ISSN 2224-3577

International Journal of Science and Technology

©2012 IJST. All rights reserved
http://www.ejournalofsciences.org

given all things are equal, simpler distributions are better than
the complex ones.
CGA views the GA population as a vector of
probability distributions and the crossover as a sampling
operation on the distributions. ECGA extend the probability
model in CGA from a probability vector to the marginal
product model (MPM). MPMs are similar to the models
employed by CGA and PBIL; expect that they can represent the
joint probability distribution over more than one gen at a time.
The object of ECGA is to find “good” distributions.
Good distributions are those under which the representation of
the distribution using the current encoding, along with the
representation of the population compressed under that
distribution, is minimal. One way to realize this concept is the
minimum description length (MDL).
A flowchart of ECGA procedure is given in fig 1. Two
things need further explanation, one is the identification of
MPM using MDL and the other is the creation of a new
population based on MPM. The identification of MPM in every
generation is formulated as a constrained optimization problem,
so that combined complexity would be minimum.

combined complexity

Cm + C p

(7 )
m

Cm = Model Complexity = log N ∑ 2 si

(8)

i =1

m

C p = Compressed Population Complexity = N ∑∑ − p log 2 p
i =1

Where m is the number of groups,

(9)

p

si is the size of i th group,

p is the probability of an allele pattern in i-th group, and N is
the population size. The combined complexity is the
summation of the model complexity and the compressed
population complexity.
As an example, a simple MPM is shown in Table 1.
MPM divides the genes or variables into several groups. In
Table 1, four genes are divided into three groups [gene 0, gene
3], [gene 2], and [gene 1]. For each group, we count the
occurrence of different patterns in the whole population and
store it in the table. For gene 2, the number of 1’s and the
number of 0’s are the same. We choose the MPM for two
reasons: 1) they make the exposition simpler; and 2) the
structure of the model can be directly translated into a linkage
map.

Table 1: An Example MPM for Four Genes
Group 1 [0 3]

Group 2 [1]

Group 3 [2]

allele

prob.

allele

prob.

allele

prob.

00

0.1

0

0.5

0

0.6

01

0.3

1

0.5

1

0.4

10

0.2

11

0.4

3.2 Simulation Annealing
Simulated annealing (SA) is a class of optimization
Meta heuristics that performs a stochastic neighborhood search
through the solution space that have been applied widely to
solve many combinatorial optimization problems. The immense
advantage of SA over classical a local search method is its
ability to avoid getting trapped in local optima while searching
for a global optimum.
In this case, SA starts with a randomly generated
solution and neighborhood search is also implemented by
swapping the two randomly selected positions in the current
solution string.

4. COMPUTATIONAL RESULTS
To illustrate the efficiency and performance of the
proposed methods, the algorithm procedure was coded in
Visual Basic 6 and was run on a Vostro 1500 with 2.2 GHz
CPU and 2 GB Ram. All the instances were randomly
generated as follows. For each job, an integer processing time
was generated from a uniform distribution [1, 100]. The results
of the ECGA algorithm are compared with SA, then the
sensitivity analyze of problem is checked to the deterioration
rate. Table 3 illustrates the comparison of the ECGA algorithm
with SA for different deteriorating rates. It’s clear that the
ECGA algorithm acts much better than the simple SA.

Table 2: Comparison between the Results of ECGA
and SA
N

5

10

25

50

75

M

2
3
5
2
4
6
2
4
10
2
6
18
5
10
20

δ

0.2
0.4
0.8
0.2
0.4
0.8
0.2
0.4
0.8
0.2
0.4
0.8
0.2
0.4
0.8

ECGA
VOF
Time
(Sec)
34142
0
43622
18742
341201
0
359100
272732
3172107
5
3305152
3551189
17512709
45
15217431
13447632
28455311
245
40012023
47812415

SA
VOF
34142
43622
20831
363101
389177
304645
3201679
3353239
3687950
17512815
16191189
14428721
37799277
43795066
59054645

Time
(Sec)
0

0

2

20

122
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Where N demonstrates the number of jobs, M shows the
number of machines and δ represents the rate of deterioration.
Columns 3 and 4 also show the performance of ECGA include
value of objective function (VOF) and running time and
columns 5 and 6 represent the results of SA.
Furthermore, the performance of ECGA and SA are
tested by consider of several rate of deteriorations with choose
of medium scale of jobs and the results are depicted in table 4.

Table 3: Sensitivity Analyze based on Deterioration
Rate
δ

ECGA
VOF
2904959
3049109
2469869
3759849
3467239
2980549
4039459
3944670
3345769

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

[2] C.S. Sung, Y.H. Kim, S.H. Yoon,( 2000) " A problem
reduction and decomposition approach for scheduling
for a flow shop of batch processing machines,"
European Journal of Operational Research, Vol. 121,
pp. 179-192.

Where the value of deterioration rate is shown by δ and second
and third columns show the performance of presented methods.
In order to better view, this comparison is depicted in below
figure.
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