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Abstract. In the flexible manufacturing system, a reasonable production scheduling is crucial in shortening the
processing completion time and improving the equipment utilization. Traditional manual scheduling cannot
effectively solve the complex workshop scheduling problems and cannot provide a scheduling solution thatmeets
the requirements in a short period of time, which can lead to a decrease in processing efficiency. Aiming at the
complex job shop scheduling problem, the genetic algorithm is used to find the optimal scheduling solution in
this study, taking the number of overdue jobs, the total overdue time, the job completion time, the
comprehensive load rate and the maximum load rate of the machine tool as the performance indicators of the
scheduling algorithm. The chromosomes are designed as process gene chain and equipment gene chain to
improve the diversity and the robustness to scheduling problems of chromosome through crossover, variation,
selection and other processes. The impact of different parameter settings on the performance indicators of each
scheduling algorithm is researched by adjusting the four algorithm-related parameters, and there has been a
certain improvement in the results of the scheduling problems. This study provides a reference for the design and
optimization of production scheduling algorithm based on genetic algorithm.
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1 Introduction

Flexible manufacturing system (FMS) is a technically
complex and highly automated system, which relies on
limited shared resources to realize the production of
diversified parts, with the advantages of improving
equipment utilization, increasing system flexibility and
reducing production costs. A flexible manufacturing
system requires an organic combination of control systems,
CNC equipment and workpiece storage and transport
systems to process workpieces in a task sequence, the core
of which is the job shop scheduling [1]. It is the allocation of
the limited resources of the workshop to a number of tasks
within a certain period of time to achieve or optimize one or
more objectives, which has a major impact on the
production efficiency. Comparisons among multiple objec-
tives often need to be made in this process, which may lead
to contradictory problems. Therefore, the design of a
reasonable scheduling algorithm has long been a question of
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great interest in flexible manufacturing systems. Especially
in the mixed-flow processing scenario, a flexible
manufacturing system contains many types of processing
equipment. Due to differences in equipment types, tool
types and machining processes, the processing time for the
same process on different types of equipment for the same
part varies. Because of this variation, the choice of which
machine to process each task on and in which order plays a
key role in the overall machining time for the entire batch of
tasks. The selection and design of scheduling algorithms are
consequently of great significance for job shop scheduling in
mixed flow machining scenarios.

Scholars have conducted a number of in-depth inves-
tigations on the design of scheduling algorithms for flexible
manufacturing systems. For flexible job shop scheduling
problem, Xingquan Zuo et al. used multi-objective variable
neighborhood immune algorithm to model and study the
FJSSP problem (Flexible Job Shop Scheduling Problem) of
a set of workflow models [2]. Jinghe Sun et al. proposed a
hybrid multi-objective evolutionary algorithm to solve the
flexible job shop scheduling problem of multi-objective
flexible processing shop, which optimization objective was
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Table 1. Parts and equipment reference information.

Part number Part name Equipment number Equipment name

1 Box 1 M1 Horizontal machining center
2 Box 2 M2 Horizontal machining center
3 Box 3 M3 Four-axis machining center
4 Box 4 M4 Three-axis machining center
5 Cylinder 1 M5 Three-axis machining center
6 Cylinder 2 M6 CNC lathe
7 Cylinder 3 M7 CNC lathe
8 Casing 1 M8 CNC lathe
9 Casing 2
10 Casing 3
11 Liquid cooled plate 1
12 Liquid cooled plate 2

2 B. Bao et al.: Manufacturing Rev. 10, 11 (2023)
to minimize the manufacturing time, total workload and
workload of key machines, as well as reward and punish the
advance and delay of completion time. Local search power
was improved by forbidden search with a neighborhood
structure, which in turn guides the algorithm in exploratory
approximations to the pareto optimal frontier [3]. Caldeira
and Gnanvelbabu proposed an improved Jaya (Multi-
objective Jaya algorithm,MOJAYA)algorithm, inwhichan
effective initialization mechanism and local search technol-
ogy were added. The improved Jaya algorithm could
improve the problem that the meta-heuristic algorithm falls
into local optimum when searching for the best solution [4].
For flexible job shop scheduling in uncertain environments,
Shen et al. developed an improved decomposition-based
multi-objective evolutionary algorithm, which employed a
sub-problem update method utilizing global information,
allowed the elite offspring to remain in the population, and
used sub-problem selection and suspension strategies to
concentrate more computing on sub-problems with better
adaptability. The genetic operator of a particular problem is
used to mutate the offspring for better convergence to the
optimal solution [5]. For the complex job shop scheduling
problem using genetic algorithm, Zhao et al. proposed a
genetic algorithm based on the encoding operation and the
neighborhood search tooptimize job shop scheduling scheme
[6]. Wang et al. proposed an open shop scheduling
optimization scheme based on diversity-enhanced adaptive
genetic algorithm [7]. Min et al. proposed a hierarchical
hybrid genetic algorithm with the objective of minimizing
total drag time [8]. Zhang et al. took processing time,
adjustment time and moving time respectively as indepen-
dent time factors into the flexible job shop scheduling
model to establish a flexible job shop scheduling model
considering multiple time constraints with the objectives
of minimizing maximum completion time, total adjust-
ment time and total moving time, and proposed an
improved genetic algorithm to solve the model [9]. Hong
et al. designed a genetic algorithm and simulated
annealing algorithm hybrid algorithm to quickly search
for the optimal or sub-optimal change occurrence
sequence of the time-delayed Petri net model, so as to
obtain the system processing optimization path, and
proved the effectiveness of the method through simulation
[10].

Genetic algorithms are the most widely usedmethod for
solving the scheduling problems, researchers have im-
proved their performance by improving various elements of
genetic algorithms over the past thirty years. However,
most of the procedures in the above literature were
arranged in the part order which failed to make the
scheduling complicated enough. In order to improve the
performance of the scheduling algorithm, this study was
carried out based on the genetic algorithms. Five aspects of
the scheduling results were compared respectively, includ-
ing the number of overdue jobs, total overdue time,
comprehensive machine load rate, maximum machine load
rate and job completion time. Then a better production
scheduling was selected by adjusting the population
number, the number of iterations, crossover and variation
probability of the genetic algorithm.
2 Problem description

The experiments were conducted on a flexible automated
production line, which consisted of two horizontal
machining centers, one four-axis machining center, two
three-axis machining centers and three CNC lathes. It was
assumed that twelve parts were processed using this
flexible automated production line. A series of production
scheduling plans were then obtained by the algorithm
simulation. The processing equipment and parts are shown
in Table 1.

2.1 Problem description

The Flexible Job Shop Scheduling Problem can be
described as: a job set defined as Jop is arranged on a
machine tool set defined asM, and the job set J is denoted
as: Jop={Jop0, Jop1, ..., Jopn}; the job Jopi contains ni



Fig. 1. The chromosome-encoding mode.
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processing processes, and the value of i is from 1 to N;
there are M production machines available in the shop,
denoted as: {M1, M2, ..., Mn}; each procedure of the
workpiece can be completed on any processing machine
that meets the processing requirements. Given the
machine work calendar and the work processes, produc-
tion times and lead times, try to find the optimal
scheduling solution with a balanced equipment load and
the shortest production cycle.
2.2 Constraints

– Each job (workpiece) is scheduled to be processed only
once on the production line; the job procedure is
processed only once on a single machine tool; the job
process cannot be interrupted or suspended.

– The sequence of job processes does not change with the
plan of scheduling, but the processing time may change
with the choice of machine tool.

– The machine tool can only process one procedure at a
time.
2.3 Objective function and mathematical model

F1 ¼
Xn
i¼0

ai; ð1Þ

Among:

ai ¼ 1;Ci � di > 0
0;Ci � di � 0

;

�

F2 ¼
Xn
i¼0

bi; ð2Þ

Among:

bi ¼ Ci � di;Ci � di > 0
0;Ci � di � 0

;

�

F3 ¼
Xm
j¼0

Xn

i¼0
Bij

T j
; ð3Þ

F4 ¼ max
j¼1;2;...;m

Xn

i¼0
Bij

T j
; ð4Þ

F5 ¼ max
i¼1;2;...;n

Ci; ð5Þ

F1: Number of overdue jobs. Number of jobs that
cannot be completed within the delivery date. Job
Completion TimeCi is the time at which the last procedure
in the work calendar is completed and di is the delivery
time.

F2: Total overdue time. Actual overdue time for all
overdue parts on the production line.
F3: Comprehensive load rate of machine tool. The
machine tool load rate describes the workload of each
equipment, i.e. the ratio of the actual processing time to
the total working time before each equipment stops.
The comprehensive load rate of a machine tool is the sum of
the load rates of a machine tool and describes the general
situation of the workload of the equipment on the
production line. Bij (i = 0,1, …, n) is the processing time
of all the completed processes on machine tool J. T is the
downtime of machine tool J.

F4: Maximum load rate of machine tool. Describe the
maximum load rate of bottleneck machine tools on the
production line.

F5: Job completion time.

3 Algorithm design

Genetic algorithms are proposed based on the simulation
of genetic mechanisms and natural selection processes in
nature, including encoding, crossover, variation, selec-
tion and other operations [11]. In this study, genetic
algorithms were used to design and compare the
scheduling schemes for the specificity of multi-constraint
and multi-dimensional solutions to the production
scheduling problem.

3.1 Chromosome pair encoding

There were two problems to be solved in job shop
scheduling: (i) the matching of productive process and
production equipment; (ii) the sequencing of procedures
[12]. Both kinds of information need to be incorporated into
the encoding of chromosomes when utilizing genetic
algorithms. On the basis of the genetic mechanism of
biological chromosome, two chromosomes with workpiece
information were designed: one chromosome represents
workpiece process information, called the process gene
chain; another chromosome represents the information of
the processing equipment in which the workpiece is
processed, called the equipment gene chain.

Assuming that there are three workpieces to be
processed, of which workpiece 1 has three processes,
workpiece 2 and workpiece 3 have two processes and
processing equipment has four, a feasible scheduling
scheme is shown in Figure 1.

The first row is the process gene chain, where the
numbers represent the number of workpieces, and the
number of occurrences represents the number of procedures
required for the workpiece processing. The second row is
the equipment gene chain, where the numbers in the



Fig. 2. Schematic diagram of the crossover operation.

Fig. 3. Schematic diagram of the variant operation.
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gene chain correspond to the numbers in the process
gene chain and the number represent the processing
equipment No.

3.2 Crossover operator

The gene fragments in the chromosomes were crossed based
on the proposed chromosome encoding structure in this
study [13]. A random number was generated by the
program to determine the starting and ending points of the
crossed gene fragments, and then the corresponding
fragments of the two sets of chromosomes were crossed
over as shown in Figure 2.

Chromosomes after the crossover operation may cause
errors in thenumberofprocedures forprocessingworkpieces.
The fourthandfifthpositionsof theparent chromosomewere
crossed inFigure2.Theworkpiece 2 in theprocessgene chain
has three procedures and the workpiece 3 has one procedure,
which contradicts the problem description. Therefore, it is
necessary to confirm that the workpiece information
contained in the chromosome is correct. In order to ensure
the diversity of chromosomes and keep the information of
chromosome exchange fragments remained, the chromo-
some fragments other than the exchange fragments need to
be calibrated from left to right.

3.3 Variant operator

Variation operations were complemented by crossover
operations to complete the evolutionary process to increase
the chromosomediversity.Thestartingandtheendingpoints
of chromosome variation fragments were determined by a
random number. The selected gene fragments were reversed
back and forth, and the corresponding processing equipment
ismutated in aworkpiece procedure, thus producing asmany
production scheduling schemes as possible [14].Thevariation
operation is shown in Figure 3, which provides an effective
balance in the workload of the equipment and contributes to
shortening the completion time.

3.4 Select actions

The selection operation, the method of chromosome
retention after genetic manipulation, was performed in
this study using the greedy criterion [15]. The chromo-
somes of the offspring after the variation operation were
mixed with those of the parent, and the adaptation
operation of different chromosomes to the scheduling
problem was calculated by means of an objective function.
Depending on the adaptation to the objective function, the
mixed population was evaluated and ranked: the top half of
individuals with stronger adaptability were selected for
retention; the remaining individuals with weaker adapt-
ability were removed, where the stability of the population
was ensured by the selection operation.

3.5 Scheduling scheme based on the genetic algorithm

– Based on the processing task demands, set the number
of workpieces to be processed, the number of
procedures for each workpiece, and the production
equipment to meet the production requirements of
each procedure; determine the parameters of the
genetic algorithm, including population number,
crossover probability, variation probability, and the
number of iterations.

– The initial population is randomly generated and the
process gene chain and equipment gene chain are
randomly generated in accordance with the number of
parts, the procedure and the processing equipment
that meets the requirements of the procedure.

– Multiple crossover probabilities and variation proba-
bilities are set according to parameters to perform the
cross-variance operations to complete the chromosome
evolution process.
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– Mix the parent with the offspring and use the greedy
criterion to select the individuals reserved for iteration.

– Complete the iteration operation, output the chromo-
some with the strongest adaptability, and then end the
algorithm.
4 Experimental analysis and result analysis

A flexible job shop scheduling task was set up: eight
processing equipment were placed in the workshop and
twelve workpieces were to be processed; each workpiece
contained up to four processing procedures; it was assumed
that the batch of parts requires processing within forty
hours. The processing time of each procedure on each
processing equipment is shown in Table 2.
4.1 Experimental results

To explore the appropriate parameter settings for this
scheduling problem, four parameters, including population
number, crossover probability, variation probability and
the number of iterations, were adjusted to compare the
effects of the four parameters on the results of job
completion time, machine utilization, overall machine
utilization, overdue time and number of overdue parts.

The standard control group was set with the following
parameters: population number was 100, crossover proba-
bility was 0.8, variation probability was 0.2 and the
number of iterations was 1000. In this paper, a comparison
test was conducted using three parameters that were kept
constant and one parameter was adjusted to illustrate the
effect of each parameter on the scheduling results.

The results of the control experimental group are shown
in Figure 4. The processing efficiency of each processing
equipment is: 80.95%, 95.23%, 35.71%, 95.23%, 92.85%,
71.42%, 78.57%, 95.23%, overdue number is 1, overdue
time is 2 h, processing completion time is 42h, and the
comprehensive utilization rate of equipment is 80.65%.

4.1.1 Adjust of the population number

Ten sets of comparison trials were set up for this
experiment, adjusted the population number from 50 to
500, and each set of experimental parameters was set in
increments of 50.

As shown in Figure 5, the comprehensive utilization
rate ranges from 80%–90% and increases slightly with the
population number gradually increasing.

Figure 6 illustrates that the overdue phenomenon
decreases obviously and stabilizes as the population
number gradually increases. What stands out in this figure
is that the overdue phenomenon disappears and the
scheduling program is able to complete for a fixed period
after the population number reaches 300.

As can be seen from Figure 7, the utilization rate of each
machine tool fluctuates between 60% and 100% as a result
of different scheduling schemes, which is relatively stable.
Some of the machines reach 100% utilization, which may
give rise to machine failure due to overload or increased
wear of the machine over a long period of time, so the
maximum utilization rate of the machine should be set to
improve the processing efficiency on the premise of
ensuring the production life of the machine.

Figure 8 presents that there has been a clear decline in
the processing completion time and reaches a rebound at
250. After the population number reaches 300, it shows a
stable and gradually decreasing trend, which reveals that
the completion time is effectively reduced as the population
grows.

By adjusting the population number and comparing the
changes in the five parameters of machine tool utilization,
the number of overdue workpieces, overdue time, process-
ing efficiency of each machine tool and processing
completion time, these results suggested that as the
population number increased, the processing completion
time was evidently shortened, the overdue phenomenon
was gradually reduced, the processing efficiency of machine
tools increased slightly, and the processing efficiency of
each machine tool fluctuated less. It can be concluded that
increasing the population number will have an apparent
improvement and optimization effect on the scheduling
results, with the consequent problem of a sharp increase in
the running time of the program.

Considering the need to keep the running time of the
program as short as possible in real production problems,
the number of populations corresponding to the stabiliza-
tion of the scheduling results can be set as an optimal
parameter. With reference to the fact that the population
number in this paper tends to stabilize at 300, this value
was taken to be the optimal solution to this scheduling
problem.

4.1.2 Adjust the number of iterations

In this experiment, ten groups of comparative experiments
were set, and the number of iterations was adjusted from
200 to 2000, with each set of experimental parameters
increasing by 200 in turn. It is observed from Figure 9 that
the overdue phenomenon is obvious when the number of
iterations is small. As the number of iterations increases,
the number of overdue workpieces and overdue time
gradually decrease. The overdue phenomenon disappears
and complete the processing tasks on time around 1800.

Looking at Figure 10, with the increase of the number of
iterations, the processing completion time of the workpiece
processing task has a marked reduction and fluctuates in a
small range. There has been a steady trend and complete
the processing tasks on time around 1800.

As shown in Figure 11, the comprehensive utilization
rate of machine tool fluctuates slightly in the range of 70–
90% with the increase of the iterations. The comprehensive
utilization rate of machine tool is relatively high and stable,
which is conducive to shortening the processing completion
time of workpiece.

FromFigure 12we can see that the utilization rate of each
machine tool fluctuates greatly and the low utilization rate of
somemachinetools results inwasteof resourcesandprolonged
completion time of processing tasks with the increase of the
iterations. Higher load rate of some machine tools will cause
wear of the machine tools, which is not conducive to
the maintenance of workshop processing equipment. The



Table 2. Procedure processing time.

Procedure Processing equipment

M1 M2 M3 M4 M5 M6 M7 M8

b11 5 4 5 6 3 4 10 9
b12 10 0 5 8 5 9 9 6
b13 0 10 0 5 6 4 4 5
b14 0 0 5 0 4 6 0 4
b21 5 7 5 9 8 0 9 0
b22 0 8 5 8 6 7 10 9
b23 0 10 0 5 6 5 5 7
b24 10 8 9 6 4 7 0 0
b31 10 0 0 7 6 5 6 4
b32 0 10 6 4 8 9 10 0
b33 6 4 5 6 0 10 0 7
b34 0 4 0 4 0 0 0 0
b41 6 4 6 5 9 7 8 4
b42 12 11 7 8 10 5 6 9
b43 4 6 5 10 5 9 5 7
b44 6 0 0 0 0 5 0 0
b51 5 6 7 8 9 0 10 0
b52 10 0 7 4 9 8 6 0
b53 0 9 8 7 4 5 7 0
b54 11 9 6 7 5 5 6 0
b61 6 7 5 4 6 9 0 10
b62 11 0 9 9 9 7 6 4
b63 10 5 9 10 11 0 10 0
b64 0 6 0 5 4 0 0 0
b71 5 4 4 6 7 0 10 0
b72 0 9 0 9 11 9 10 5
b73 0 8 9 5 8 6 0 10
b74 4 0 5 0 7 0 6 5
b81 6 8 5 9 0 4 0 10
b82 7 4 7 8 9 0 10 0
b83 9 9 0 8 5 6 7 5
b84 9 0 3 7 5 5 8 0
b91 5 5 5 4 4 0 10 9
b92 10 0 5 8 3 9 9 6
b93 0 10 0 5 6 5 4 5
b94 0 0 6 0 4 6 0 5
b101 5 7 4 9 8 0 9 0
b102 0 8 5 6 6 7 10 9
b103 0 10 0 5 6 4 5 7
b104 10 8 9 6 4 7 0 0
b111 10 0 0 7 6 5 6 4
b112 0 10 6 4 8 9 10 0
b113 6 4 5 6 0 10 0 7
b114 0 4 0 4 0 0 0 0
b121 4 4 6 5 9 7 8 4
b122 12 11 7 8 10 5 6 9
b123 4 6 6 10 4 0 5 7
b124 5 0 0 0 0 4 0 0
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Fig. 4. Gantt plot of standard control group.

Fig. 5. Comprehensive utilization rate of the machine tool.

Fig. 6. Number of overdue workpieces and overdue time.

Fig. 7. Utilization rate of each machine tool.
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processing efficiency of eachmachine tool gradually stabilizes
after the population reaches 1800, and the processing
efficiency of each machine tool is relatively balanced.

Byadjusting the number of iterations and comparing the
changes in machine tool utilization, the number of overdue
workpieces, the overdue time, the processing efficiency of
each machine tool and the processing completion time, it
revealed that the number of iterations had a less obvious
effect on the completion time of processing tasks and the
balance of the utilization of each machine tool, and that the
increase in the number of iterations allowed the genes of the
best individuals in the population to spread and pass
through, which can effectively improve the results of
optimized scheduling. Taking the fact into account that
increasing the iterations increases the computational time,
the iterations of 1800 is deemed tobe the optimal solution for
this scheduling problem in this paper.
4.1.3 Adjust the crossover probability

In this experiment, ten groups of comparative tests
were set, and the crossover probability was adjusted
from 0.1 to 1. Each set of experimental parameters is
incremented by 0.1 in turn. As can be seen from
Figure 13, with the increase of the crossover probabili-
ty, the comprehensive utilization rate of the machine
tool fluctuates within the range of 70%∼100%, and
fluctuations are more pronounced at 0.9, but there is no
distinct trend.

Looking at Figure 14, it is apparent that with the
change of crossover probabilities, processing tasks are
completed on time, and some scheduling solutions can
complete workpiece processing tasks ahead of schedule,
with no overdue occurring and processing completion times
fluctuating within 35–40 h.



Fig. 8. Processing completion time.

Fig. 9. Number of overdue workpieces and overdue time.

Fig. 10. Processing completion time.

Fig. 11. Comprehensive utilization rate of the machine tool.
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Figure 15 shows that the utilization rate of each
machine tool fluctuates is more obvious with the change of
the crossover probability. After the crossover probability is
greater than 0.7, the utilization rate of machine tool at all
levels is more balanced.

By adjusting the crossover probability, comparing the
changes of comprehensive utilization, overdue workpiece
number, overdue time, machine tool processing efficiency
and processing completion time, it has identified that the
crossover probability has little influence on the processing
completion time. Processing tasks are completed on time,
and some scheduling solutions can complete workpiece
processing tasks ahead of schedule. When the crossover
probability is small, the normal operation of the machine
tool is balanced after the crossover probability is greater
than 0.7. Improving the crossover probability can make the
spread of genes from excellent individuals with more
balanced emission results in the population, helping to
improve the quality of the emission results in the whole
population. Given the spread of superior genes and the
variability of individuals prior to ensuring genetic diversity
in the population, the crossover probability of 0.7 is
regarded as the optimal solution to this scheduling problem
in this paper.
4.1.4 Adjust the probability of variation

In this experiment, ten sets of comparative tests were set,
and the variation probability was adjusted from 0.1 to 1,
and each experimental parameter set was added by 0.1
successively. As shown in Figure 16, with the increase of the
variation probability, the comprehensive utilization rate of
the machine tool fluctuates within the range of 70%∼90%,
with a small range of fluctuation and almost remaining
steady.

Looking at Figure 17, with the variation probability
increases, the number of overdue workpieces and the
overdue time decrease first, and the overdue phenomenon



Fig. 13. Comprehensive utilization rate of machine tools.

Fig. 14. Processing completion time.

Fig. 15. Utilization rate of each machine tool.

Fig. 12. Utilization rate of each machine tool.
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disappears when the variation probability is 0.4–0.6, and
the processing task is completed on time. When the
variation probability is greater than 0.6, the number of
overdue workpieces and the overdue time increase
noticeably, and the increase is more obvious.

As can be seen in Figure 18, the processing completion
time fluctuates from 35 to 40 h with the variation
probability changes. When the variation probability is
0.4–0.6, the processing task is completed on time. After the
variation probability is greater than 0.6, the overdue
phenomenon occurs and the fluctuation range is relatively
large.

In Figure 19, with the variation of variation probability,
the utilization rate of each machine tool fluctuates
evidently. When the variation probability is greater than
0.6 and less than 0.4, each machine tool is unbalanced.
When the probability of variation is 0.4 to 0.6, the
utilization difference is small and the distribution of each
machine tool is relatively balanced.

By adjusting the variation probability and comparing
the changes in the five parameters of machine tool overall
utilization, number of overdue workpieces, overdue time,
processing efficiency of each machine tool and processing
completion time, the most obvious finding to emerge is that
too large or too small a variationprobabilitywould lead to an
increase in processing time, thus causing the overdue
phenomenon, and would lead to an uneven distribution of
the scheduling results on each machine tool, resulting in a
moreobviousdifference inutilizationbetweenmachine tools,
and the variation probability would have less impact on the
overall utilization. However, the variation probability has a
small impact on the overall utilization of the machine.



Fig. 17. Number of overdue workpieces and overdue time.

Fig. 18. Processing completion time.

Fig. 19. Utilization rate of each machine tool.

Fig. 16. Comprehensive utilization rate of the machine tool.
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A small variation probability results in a homogeneous
population with a low probability of new genes appearing,
and a large variation probability results in the retention of
good genes in the population, leading to a weakening of the
quality of the scheduling results. With reference to the
influence of the variation probabilities on the parameters, it
is concluded that the parameters perform better when the
probability of variation is 0.5. It is considered that
the probability of variation of 0.5 is the optimal solution
to the scheduling problem.

4.1.5 Optimum parameter operation results

The results of the optimal parameter group are shown in
Figure 20. The processing efficiency of each processing
machine was 80.55%, 100%, 91.67%, 97.22%, 97.22%,
80.55%, 80.55% and 63.89% respectively, with no overdue
occurring and a processing completion time of thirty-six
hours, four hours ahead of schedule, with a comprehensive
equipment utilization rate of 86.46%.

The results of the control group and the optimal
parametric group are shown in Table 3.

By comparing the results of the control group with the
optimal parametric group, an overdue period was found for
the control parameter group, while the optimal group
completed the processing task within the specified time and
four hours ahead of schedule. By comparing the machine
load rate and the overall machine load rate, what is striking
is that the overall machine load rate of the optimal
parametric group was visibly higher than that of the
control test group while the load rate of eachmachine in the
control group differed. In contrast, the optimum parameter
group had a more balanced distribution of processing tasks
and the difference in load rate was definitely reduced. By
comparing two groups of parameter settings, it is



Fig. 20. Gantt plot of the optimal parameter production scheduling results.

Table 3. Comparison of the experimental results.

Performance indicator Control parameter groups Optimal parameter group

Job completion time 42 h 36 h
Number of overdue jobs 1 0
Total overdue time 2 h 0 h
Maximum load rate of machine tool 95.23% 100%
Minimum load rate of machine tool 35.71% 63.89%
Comprehensive load rate of machine tool 80.65% 86.46%
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concluded that the optimal parametric group has signifi-
cantly improved the scheduling results, and the optimal
parameter setting has yielded more satisfactory scheduling
results.
5 Conclusion

In this study, a genetic algorithm is used to design
production scheduling for a flexible manufacturing system.
The following conclusions can be drawn from the present
study:

–
 Increasing the population number and the number of
iterations could effectively increase the diversity of the
population by adjusting the parameters of population
number, the number of iterations and cross-variance
probability in the algorithm, which could shorten the job
completion time and improve the machine tool loading
rate to a certain extent.
–
 The job completion time as well as the machine tool
loading rate did not change much by adjusting the cross-
variance probability.
–
 Increasing the number of populations and the number of
iterations can gradually improve the genetic stability of
the populations, evidently shorten the processing
completion time, significantly improve the overall
machine utilization and stabilize the results.
–
 Increasing the crossover probabilitywithin a certain range
promotes the spread of genes of superior individuals in the
population and contributes to the stability of the
population, as well as more balanced scheduling results
oneachmachineand lessvariation in theutilizationof each
machine.
–
 When the probability of variation is small, the genetic
diversity in the population is poor, which is not conducive
to the generation of new superior scheduling results.
When the probability of variation is large, the genes of
superior individuals in the population cannot be retained,
which is not conducive to the evolutionary stability of the
population. A suitable variation probability can ensure
both population diversity and population evolutionary
stability.

This study can provide a reference for the setting of
parameters for subsequent genetic algorithm based multi-
objective optimization scheduling algorithms. Subsequent
research can be carried out to improve the algorithm so
that jobs can be arranged as tightly as possible on each
processing machine to increase the machine load rate and
shorten the job completion time.
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