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Abstract: A hybrid differential evolution (HDE) algorithm that minimizes the total earliness and
tardiness time (ET), a just-in-time objective, is studied for a single-batch-processing machine (SBPM)
scheduling problem with different processing times, release times, sizes and delivery times. A hybrid
differential evolution algorithm with an integrated Tabu search (TS) algorithm is proposed to improve
the capacity of the neighborhood search of a differential evolution algorithm (DE). The experimental
results show that the proposed HDE can obtain better an objective value than the basic DE can.

Keywords: differential evolution algorithm; Tabu search algorithm; single-batch-processing machine
scheduling problem

1. Introduction

The problem of batch processing machine (BPM) scheduling is a significant branch
of the production scheduling problem. The scheduling problem of burn-in operations in
semiconductor manufacturing is a BPM scheduling problem. Therefore, it is important to
carry out research on BPM scheduling in the context of intelligent manufacturing.

Many research studies have been conducted in the literature. Donbson and Nambi-
madom studied the SBPM scheduling problem to optimize the mean weighted flow time
with different job sizes [1]. Chou et al. designed an improved genetic algorithm to solve
the SBPM scheduling problem with different sizes and delivery times of jobs [2]. Zhou
improved the DE by selecting the mutation operator adaptively for the same problem
that is mentioned in the literature to minimize the makespan [3]. In order to optimize the
maximum lateness for the SBPM problem with non-identical job sizes and release dates,
Zhou presented a modified particle swarm optimization (MPSO) algorithm [4]. Parsa et al.
designed a dynamic programming algorithm to optimize the BPM scheduling for the JIT
objective with a common due date, and different processing times and sizes of jobs [5].
Zhang et al. designed SLTS heuristic rules for the SBPM scheduling problem with different
processing times and due dates, which can effectively minimize the ET [6]. Zhang et al.
designed AABF and ITSLS rules to optimize the total weighted earliness and tardiness [7].

This article researches an SBPM problem to minimize the ET objective, and a hybrid
differential evolution algorithm is designed to minimize the ET.

2. Problem Description

The problem can be described like this: n jobs will be processed on a SBPM. First, the
jobs will be assigned to a batch and one job can only be assigned to a batch once. The total
size of the jobs in a batch cannot be greater than the constraint of the machine S. Then, the
processing sequence of the batches is determined to optimize the ET.

Eng. Proc. 2022, 23, 4. https:/ /doi.org/10.3390/engproc2022023004

https:/ /www.mdpi.com/journal/engproc


https://doi.org/10.3390/engproc2022023004
https://doi.org/10.3390/engproc2022023004
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/engproc
https://www.mdpi.com
https://doi.org/10.3390/engproc2022023004
https://www.mdpi.com/journal/engproc
https://www.mdpi.com/article/10.3390/engproc2022023004?type=check_update&version=1

Eng. Proc. 2022, 23, 4

2 of 5

Some assumptions need to be considered: (1) pj, r;, s; and d;, respectively, represent
the processing time, release time, size and delivery time of job j. (2) The process cannot be
interrupted, even if there are still some jobs in the batch have not been finished. (3) The
largest release time of the jobs in the batch determines the release time of a batch. (4) The
longest processing time of the jobs in the batch determines the processing time of a batch.
Using the three-field notation «|B|y which was introduced for describing scheduling
problems, we denote our problem by 1‘;9]', ri, d]', Sj, S|ETml~n .

3. Description of DE and HDE

As a frequently used evolutionary algorithm, DE is widely used. DE includes popu-
lation initialization, mutation, crossover, selection operations, and it can quickly explore
solution space.

3.1. Initialization

The initial population of DE is a P x n set that is constructed by P individuals. P de-
notes the population size. Each individual has n elements, and n denotes the number of jobs
that there are. Therefore, the initial population can be denoted by x! = (xf,l, xfrz, cee xfln),
which represents the ith individual in a generation (i = 1, ..., P). In this article, a job
permutation list is obtained by a ranked-order-value (ROV) rule, which is dependent on
the random key representation. As Table 1 shows, the random key of the jobs is {0.3, 0.6,
0.1, 0.8, 0.4, 0.9}, and we can get the permutation of job X = {3, 1, 5, 2, 4, 6} by using ROV.
Then, a first-fit (FF) rule is employed to group the jobs that are sorted into batches. We
assume that the capacity of the machine is S = 10, and the two batches.

Table 1. Job permutation obtained by ROV.

Jobs 1 2 3 4 5 6

Random key 0.3 0.6 0.1 0.8 0.4 0.9
Job permutation 3 1 5 2 4 6
Job size 1 8 5 1 3 1

B = {b1,b} = {{3,1,2},{5,4,6}} will be obtained. The individual X!,i=1,...,Pis
randomly generated. Each random key value of the individual is generated by Formula (1)

xgj:xd+random>< (xu—x4), j=1,---,n (1)

xg = —1, x, =1, random is a random value, random € [0, 1].

3.2. Mutation

In this step, this article applies DE/rand/2 to generate the mutant individuals v!. The
mutation operator can be described as Equation (2):

V=X +Fx (X — X))+ Fx (X;—XE) @)

where g, b, c, d, e are not equal to each other and are respectively generated in the set
{1,..., P}, and F is randomly chosen in the range [0, 1].

3.3. Crossover

A trial individual Ul.t will be produced in the crossover operator, j.,,40m is @ random
natural number jyugom € {1,...,1n}. The CR determines whether an element of V/ can be a
part of U!, and the CR is randomly generated in the range [0, 1]. The crossover operator
can be described as Equation (3):

j=1,---,n ©)

L= t. otherwise

P .
S v j if random < CR o7 j = jrandom
X i



Eng. Proc. 2022, 23, 4

30f5

3.4. Selection

In this step, we demonstrate how to compare the fitness of U! with V! and select the
better one which will be used as a new individual of the next population. f represents the

fitness value. . , ,
e U if f(U) < £(XG)
i X! otherwise

4)

Equation (4) describes how to select an individual to become a new part of the
next population.

3.5. Combination of Two Algorithms

The DE has a weak local search capacity. Therefore, a local search strategy is embedded
into the DE to improve the local search capacity of DE, as it is proposed. The TS algorithm is
a common local search algorithm. The TS sets a Tabu list to forbid some repeated operations
and uses aspiration criterion to assoil a good solution status. After the selection operator of
DE, the next step is choosing the best individual of this population as a candidate solution
to perform the Tabu operation. Introduced next is 2-opt which produces a new candidate
solution. As shown in Figure 1, by exchanging two and four, we can obtain a new solution.

candidate 1 ‘ J ‘ < 4 5

sloution

Figure 1. The process of 2-opt.
3.6. The Process to Sort the Batches

The batches are sorted according to the median of the job due date in the batch, and
the steps are as follows:

1.  They are given a job permutation, and the jobs are assigned to a batch by the FF rule,
and b batches are obtained;

2. The median of the jobs due dates dm“d’”” (i=1,...,b)in the batch are found, and
they are sorted in to an increasing order which dec1des the order of the batches that
are being processed: By, By, ..., By;

3.  The start time of the batch SB,. = max{rgp,, Cp,_, } is, wheni=1, Cg,= 0. The comple-
tion time of the batch is checked, to see if Cp, < dme"li“" B; is shifted from the left to

the right until Cp, = dmedl“” if the situation is otherw1se, then nothing needs to be
changed. The operatlon is repeated until all the batches are scheduled.

4. Computational Experiments
4.1. Data Generation

Extensive computational experiments are done. Let n = 10, 12, 15, 20, 40, 60, 80,
100 for these. The processing time p;, the release time r; and the size s; of job were,
respectively, discrete distributions in the range of [1, 100], [0, 50] and, [1, 10]. The due
date of the job d; satisfies the following formulae d; = p; + U[dyin, dinin + B % P]/2 and
Amin = max(0,P x (« —B/2)), P = i pj, « =1, p = 0.5. The machine’s capacity is
S = 30.
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4.2. Results Analysis

To compare the quality of the DE and HDE, each scale data were randomly produced
in 10 instances. Table 2 shows the average values of the completion time (CT) and the ET
that were obtained by testing every scale of the jobs.

Table 2. Results that were obtained by different algorithms.

DE HDE
n Gap (%)
CT ET CT ET

10 2.24 224.3 9.04 2243 0

12 2.72 309.9 20.96 306.2 —0.01
15 13.39 384.5 27.30 378.2 —0.02
20 52.81 617.8 106.42 585.4 —0.05
40 110.12 2035.5 207.26 1434.9 —0.30
60 168.83 5744.6 570.46 2807.1 —0.51
80 222.60 10966.4 803.57 4304.3 —0.61
100 274.67 22962.7 925.48 6649 —-0.71

The sixth Column of Table 2 shows the gap between the DE and HDE,
Gap = (EType — ETpg)/ETpg % 100%. According to Table 2, the ET that was obtained by
HDE is close to the DE when 1 < 0, because two kinds of algorithm can explore the solution
space completely. With the increase of job scale, the ET that can be obtained by HDE is
much better than the DE when n > 40, which indicates that the exploitation capacity of
HDE is obviously better than DE.

5. Conclusions

In this paper, a SBPM scheduling problem with non-identical processing times, release
times, due dates and arbitrary job sizes to minimize the ET was addressed. An HDE was
proposed according to the characteristics of the problem. Compared to the basic DE, HDE
can achieve a better solution, especially in situations where there are more than 60 jobs.
Future research may consider the parallel-batch processing machine problem. At the same
time, many objectives will be considered to be closer to the reality.
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