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Abstract: This paper investigates the problem of processing jobs on unrelated parallel batch machines,
taking into account job arrival times, machine deterioration effects, and variable preventive main-
tenance (VPM). To address this complex scheduling problem, this paper proposes a Self-Adaptive
Artificial Bee Colony (SABC) algorithm, incorporating an adaptive variable neighborhood search
mechanism into the algorithm. To verify the effectiveness of the proposed algorithm, we designed
comparative experiments, comparing the SABC algorithm with the NSGA-III algorithm on problem
instances of different scales. The results indicate that the SABC algorithm outperforms the NSGA-III
algorithm in terms of solution quality and diversity, and this advantage becomes more pronounced
as the problem scale increases.

Keywords: self-adaptive artificial bee colony algorithm; deterioration effects; unrelated parallel batch
machine scheduling

1. Introduction

Due to machine wear and performance degradation from long-term operation, the
processing time of jobs may be affected by machine deterioration effects. Therefore, with
the presence of deterioration effects and potential machine interruptions, formulating a
scientific and reasonable scheduling plan becomes a key issue for enterprises to improve
efficiency and reduce costs.

For the equivalent parallel batch processing machines, Wang and Chou studied the
parallel BPM problem of minimizing the makespan. They proposed a hybrid genetic
algorithm involving job allocation, sequencing, and batching [1]. Wang et al. studied
the hybrid flow shop scheduling problem with practical constraints and proposed an
adaptive artificial bee colony algorithm with six search operators that can adjust adaptively
to minimize makespan [2]. Li et al. proposed a hybrid artificial bee colony algorithm to
address the distributed flow shop batch scheduling problem with deterioration effects.
They designed five types of neighborhood structures and a novel scout bee heuristic method
to optimize the makespan [3]. Wang et al. studied a distributed assembly line scheduling
problem with specific constraints, including factory capacity, transportation capabilities,
and setup times. They introduced a Q-learning artificial bee colony algorithm to minimize
both makespan and total tardiness simultaneously [4].

Li et al. explored the distributed unrelated parallel machine scheduling problem,
considering practical constraints of preventive maintenance. They proposed a partitioned
artificial bee colony algorithm. To generate high-quality solutions, the entire population
was divided into one employed bee group and three follower bee groups. These four groups
employed different search strategies [5]. However, the processing of jobs can cause machine
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deterioration, which reduces machine performance and increases job processing time over
time [6]. For batch scheduling problems that simultaneously consider deterioration effects
and maintenance, Lu et al. studied a class of unrelated parallel machine scheduling
problems involving maintenance activities, parallel batch processing, and deterioration
effects, aiming to minimize makespan [7].

In the study of preventive maintenance in batch scheduling problems, Beldar et al.
focused on investigating issues related to variable preventive maintenance of machines.
They targeted the equivalent parallel batch processing machine scheduling problem with
deadline requirements and dynamically arriving jobs, aiming to minimize total tardiness.
To address this challenge, they proposed two metaheuristic approaches: one based on
simulated annealing and variable neighborhood search, and another heuristic method for
generating initial feasible solutions. However, in the application of the heuristic algorithm
with variable neighborhood search, sorting solutions based on objective values and se-
lecting them for the next generation may potentially diminish the algorithm’s exploration
efficiency [8].

Compared to other studies, there are fewer investigations using the artificial bee
colony algorithm for unrelated parallel batch processing machine scheduling problems that
consider deterioration effects and variable maintenance. This paper addresses this issue by
proposing an adaptive self-artificial bee colony algorithm and comparing it with the classic
Non-dominated Sorting Genetic Algorithm III (NSGA-III).

2. Description of the Problem

The problem can be described as follows: processing n diverse jobs on m unrelated
parallel batch processing machines, where the processing time is p; ;, the job size is s;, and
the deadline is d;. The capacity of the batch processing machine M,; is Q;, and its energy
consumption rate per unit time is /;. Machines need to consider variable preventive main-
tenance (VPM) to ensure they are in normal working condition, meaning the continuous
processing time or the machine’s age cannot exceed a set threshold UT. Additionally,
based on actual production considerations, job arrival times r; and machine deterioration
constraints are included, meaning the actual processing time of the job changes with the
machine’s continuous operation time.

The research problem can be represented using the three-field notation as
Ry, ’p — batch, Q,, Pijs dj, S/ Tjs VPM|Cm,1x, ET, TEC. The notation is described in detail as
follows: R, represents the machine environment as unrelated parallel batch processing
machines. p — batch indicates the batch processing characteristic. Q; denotes the capacity
of machine i. p; ; denotes the processing time of job j on machine i. d; represents the due
date of job j. s; represents the size of job j. r; represents the arrival time of job j. VPM
denotes variable preventive maintenance. Cy;x denotes the maximum completion time.
ET represents energy consumption time. And TEC represents total energy consumption.

3. Mathematical Modeling of Deterioration and Preventive Maintenance

For the problem where the deterioration effect of the machine is taken into account,
an exponential reliability function is used to describe the reliability R, ; at the b position
on the machine M; (A denotes the equipment breakdown rate), and the reliability R;; is
shown in Equation (1).
i=123,...,m

S
Ry =c ’v{b:1,2,3,...,n @

Due to the deterioration effects of machines, the actual processing time dp; ; of the job
is influenced by machine reliability. Upper and lower reliability thresholds are set as 74,
and 7y, respectively. When the machine’s reliability exceeds #;;,1, the actual processing
time of the job is consistent with the base processing time. If the reliability is between 7,
and ryp, the actual processing time of the job gradually increases as the reliability decreases.
If the reliability drops below ry,, continuing to process may result in excessively long
processing times or machine damage, so the actual processing time is set to infinity. w
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represents the rate of increase in the job’s additional processing time due to the decrease in
machine reliability. The piecewise function of the actual processing time of the job with
respect to the change in machine reliability is shown in Equation (2).

pij ri1 < Ry <1
dpi,j = pijtw(rim — Rpi)pij 7o < Rpi <7 2)
00 0 < Rpi <ra

Preventive maintenance is implemented by setting thresholds for the continuous
operating time or usage time of the machines. The threshold UT represents the maximum
time a machine can operate continuously before requiring maintenance.

In the SABC algorithm, a maintenance decision improvement strategy is introduced.
In each iteration, the current reliability of each machine is checked, and maintenance
operations are inserted as needed.

4. Self-Adaptive Artificial Bee Colony Algorithm (SABC)

For more complex integration considering deterioration effects and maintenance in
unrelated parallel batch processing machine scheduling problems with multi-objective opti-
mization requirements, an adaptive variable neighborhood search mechanism is employed
during the maintenance decision improvement phase. A detailed flowchart of the SABC
algorithm is shown in Figure 1.

start

\/

Initialize parameters

\

Initial population generated by combining
the FF-ERT rule and the [UD-MI rule

v

Decoding and generating the external
archive set EP

\

> Termination condition Met? —> End
Y

N
Employed Bee Phase: Adaptive selection of neighborhood
structures to perform SN neighborhood searches sequentially for
each food source

Follower Bee Phase: Evaluate food sources using the HV
(Hypervolume) indicator, and perform SN large-step adaptive
neighborhood searches for high-quality solutions.

Iteration count Scout Bee Phase: If an individual has not been updated for limit
T=T+l times, then a replacement operation is performed

Design a maintenance decision improvement strategy to guide
individual updates

Figure 1. Flow chart of the proposed SABC.

We can see that after starting the algorithm, the initial parameters of the Self-Adaptive
Artificial Bee Colony (SABC) algorithm need to be set. This includes the population size,
number of iterations, and other relevant parameters.

The initial population is generated by combining the FF-ERT and IUD-MI rules. The
FE-ERT rule involves randomly assigning jobs to machines and then using the FF rule
(First-Fit, where tasks are allocated to the first machine or batch that can accommodate
them in the order they arrive) for batching. The batches formed are then sorted using the
ERT rule (Earliest Ready Time, where tasks are assigned to the machines or resources that
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are ready the earliest). The IUD-MI rule is a more comprehensive heuristic method that
batches jobs according to the IUD rule (Insert-Update-Delete, where new tasks are inserted
into the existing solution, inappropriate tasks are deleted, and the task sequence is updated
to improve the schedule). It then tries different batch sorting rules to increase the chances of
finding high-quality initial solutions. Afterward, the MI heuristic rule is used to determine
the maintenance positions on the machines, reducing additional processing time.

After generating the initial population, decoding and generating the EP set (External
Archive set, used for storing non-dominated solutions) are required. The algorithm checks
if the termination condition (program runtime) is met. If the termination condition is met,
the algorithm ends. If not, the algorithm proceeds to the employed bee, follower bee, and
scout bee phases. Then, a maintenance decision improvement strategy is designed to guide
the update of individual solutions, followed by an update of an iteration. At this point, it
checks again if the termination condition is met for the next step.

4.1. Employed Bee Phase

Considering the more complex integration of deterioration effects and varying mainte-
nance in the UPBPM (Unrelated Parallel Batch Processing Machine) problem, the Employed
Bee Phase adopts an adaptive variable neighborhood search mechanism.

The Employed Bee Phase requires searching near the food source to discover better
food sources. The food sources selected by the employed bees undergo SN adaptive
neighborhood searches. The neighborhood structures (which involve the exchange of
different machine jobs, the insertion of different machine jobs, and the exchange of different
machine batches) are as shown in the Figure 2.

Swap jobs__ Insert jobs _ Swap batches After: Swap jobs_ _ Insert jobs__ Swap batches_
s | . | | |
20213 ]|t 2)201)i3]|1]1]2) 23] |t|2|a1fi3]|a]1]2)1)3)[2]2]2]1]i3
HHARRRRA RN R A S ERRRR RRERE

|p—— - = — pE——

Figure 2. Example of neighborhood structure.

4.2. Adaptive Variable Neighborhood Search

In this section, an adaptive variable neighborhood search mechanism is adopted.
During each neighborhood search operation, the obtained neighborhood solution may
exhibit three different situations, each assigned a different score, namely 71, 72 and 3. Each
neighborhood structure 4 corresponds to a cumulative usage count u#; and a cumulative
score 77;. Each time the neighborhood structure d is used, 1, increases by 1, and 77; increases
by 11, T, or 13, respectively. During the learning period LP, the weights of the neighborhood
structures are equal. After the learning period LP, the weight we; takes into account the
historical performance of the neighborhood structures d [9], as shown in Equation (3).

1 ug < LP 3
wea (1-p)*weg+p* 3¢ ug>LP ®)

The selection probability P, is calculated based on its relative weight we,;. The selection
probability P; for each neighborhood structure d is equal to its weight we; divided by the
sum of the weights of all neighborhood structures, as shown in Equation (2). Thus, after
the learning period (LP), neighborhood structures with higher weights are more likely to
be selected.

This self-adaptive variable neighborhood search mechanism allows the adjustment
of the usage probability of various neighborhood structures automatically according to
different problem instances and the search process. During the solution retention phase,
the following principles are adopted: if the neighborhood solution dominates the original
solution, the neighborhood solution is retained; if the original solution dominates the
neighborhood solution, the original solution is retained; if the neighborhood solution
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and the original solution are in a non-dominant relationship, the solution with the higher
individual HV indicator value is chosen.

This selection mechanism, based on dominance relationships and HV indicator values,
ensures the continuous improvement of solution quality while preserving the diversity
among solutions, helping to avoid the premature convergence of the search process to a
local optimum.

Pd _ Dwed
Zu:l wey

4)

4.3. Follower Bee and Scout Bee Phase

In the Follower Bee Phase, a neighborhood structure with a larger search step size is
designed. In this phase, food sources are selected based on their HV index value using a
roulette wheel selection method. Each food source selected by the onlooker bees undergoes
SN adaptive neighborhood searches. The main objective of the Scout Bee Phase is to
enhance global search. If the objective value of the current food source has not improved, a
new individual is generated randomly.

5. Examples of Parameters and Results Analysis
5.1. Parameters Setting

The job arrival times are uniformly distributed in the range [0,50]. For small-scale
problems, the number of jobs is n = 10,20, and the number of machines is m = 2. For
medium-scale problems, the number of jobs is n = 40,80, and the number of machines
is m = 3. For large-scale problems, the number of jobs is n = 100,200, and the number
of machines is m = 5. For small-scale problems, A = 0.015. For medium- and large-scale
problems, A = 0.0075. The reliability threshold of jobs has an upper limit of ry,; = 0.7, a
lower limit of ry, = 0.4, and w = 2.

5.2. Parameters Tuning

In this section, based on the results of parameter adjustments, four key parameters
influencing the performance of the SABC algorithm were identified using the Taguchi
analysis method: these parameters include the population size (N), maximum number
of iterations (MAXT), crossover probability (pc), and mutation probability (p;). In small,
medium and large scale, the four parameters are shown in Table 1

Table 1. The parameters of the algorithms.

Parameter SABC NSGA-III
Small Medium Large Small Medium Large
N 100 100 100 100 100 100
MAXT 40 60 60 110 110 150
pc \ \ \ 0.65 0.65 0.7
Pm \ \ \ 02 0.15 02

5.3. Experiments and Discussion

In this section, the performance of the proposed SABC algorithm is compared with
the NSGA-III algorithm. Each algorithm was independently run 10 times on the problem
instances, and the average Inverted Generational Distance (IGD), Non-dominance Rate
(NR), and Generational Distance (GD) were calculated for both algorithms. Specifically, the
experiment evaluates the effectiveness of the algorithms by comparing the performance of
SABC and NSGA-III on problem instances of different scales. In each run, the algorithms
were executed multiple times independently to ensure the reliability of the results, and the
average IGD, NR, and GD for each algorithm were calculated to measure their performance.
IGD is used to evaluate the distance between the generated solution set and the reference
Pareto front, NR measures the proportion of non-dominated solutions in the solution set,
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and GD evaluates the overall quality of the solution set. The experimental data are shown
in Table 2.

Table 2. The result values of the algorithms.

. . SABC NSGA-III
Size n'm IGD NR GD IGD NR GD
n10m2 17.03 0.50 27.06 325.14 0.10 28.40

Small n20m2 82.68 0.50 36.70 262.56 0.36 35.05

, n40m3 56.96 0.73 44.44 655.3 0.21 82.50

Medium n80m3 51.07 0.82 4934 2761.91 0.18 119.23

Large n100m5 88.3 0.81 62.92 2134.65 0.18 171.86

n200m5 236.95 0.86 68.26 6750.03 0.14 238.75

For the small-scale problem with 10 tasks and 2 machines, the SABC’s IGD and NR are
significantly better than NSGA-III's, indicating that the solutions generated by SABC are
closer to the reference Pareto front and contain more non-dominated solutions. Although
SABC’s GD is slightly worse than NSGA-III's, the difference is not significant. For the
small-scale problem with 20 tasks and 2 machines, the SABC’s IGD and NR are still better
than NSGA-III's, indicating higher quality solutions. However, in terms of the GD metric,
SABC is slightly worse than NSGA-III.

For the medium-scale problem with 40 tasks and 3 machines, SABC outperforms
NSGA-III in all evaluation metrics. SABC has a smaller IGD, higher NR, and smaller GD,
indicating that SABC performs significantly better on this scale. For the medium-scale
problem with 80 tasks and 3 machines, SABC significantly outperforms NSGA-III in all
metrics. Especially in terms of IGD and NR, SABC’s solutions are closer to the reference
Pareto front and contain more non-dominated solutions.

For the large-scale problem with 100 tasks and 5 machines, SABC performs excellently
in all metrics, far better than NSGA-III. SABC’s IGD and NR are significantly better, and
GD is much smaller than NSGA-III’s. For the largest-scale problem with 200 tasks and
5 machines, SABC outperforms NSGA-III in all evaluation metrics by a large margin.
SABC’s IGD is much smaller, its NR is significantly higher, and its GD is also much smaller,
indicating that SABC has a significant advantage in handling large-scale problems.

6. Conclusions

This paper considers job arrival times and machine deterioration effects with variable
preventive maintenance constraints, making it more aligned with actual production needs.
For this problem, a mathematical model is first constructed, and the SABC algorithm is
designed. The SABC algorithm integrates two key modules: the hybrid generation of the
initial population using IUD-MI and FF-ERT rules, and the replacement of traditional neigh-
borhood search with a self-adaptive variable neighborhood search mechanism. Through
comparison with the NSGA-III algorithm, it is evident that the SABC algorithm signifi-
cantly outperforms NSGA-III in terms of solution quality and diversity. The conclusion
is that the Self-Adaptive Artificial Bee Colony (SABC) algorithm demonstrates superior
performance in solving unrelated parallel batch processing machine scheduling problems.
Furthermore, the study of UPBPM scheduling problems considering deterioration effects
and maintenance provides a foundation for more realistic two-stage hybrid flow shop batch
scheduling problems that take into account these factors.
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