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Abstract

With the rapid development of the automotive manufacturing industry, enhancing production
efficiency and flexibility in stamping workshops has become crucial for maintaining competitiveness.
This paper presents an intelligent scheduling method based on an enhanced genetic algorithm to
address the scheduling challenges in automotive stamping workshops. By incorporating the magic
square selection method for initializing the population and an improved roulette wheel selection op-
eration, this approach significantly enhances the search efficiency and solution quality of the genetic
algorithm. During the algorithm’s implementation, innovative crossover methods and decoding
mechanisms were designed to better accommodate the production characteristics and constraint
conditions of stamping workshops. The proposed method was validated using production data from
an automotive factory. The scheduling results demonstrate that the enhanced genetic algorithm
effectively addresses over 95% of the scheduling issues encountered in intelligent scheduling of au-
tomotive stamping workshops. The algorithm markedly improves workshop production efficiency,
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reduces production cycles, and enhances the stability and feasibility of production plans. This
study provides a robust technical solution for intelligent production management in automotive
stamping workshops, offering substantial theoretical significance and practical application value.

Keywords: Automotive Stamping Workshop; Intelligent Scheduling; Enhanced Genetic Algo-
rithm; Optimization Scheduling.

1 Introduction

In automotive production management, the formulation of production plans is essential for the
rational utilization of enterprise resources and the maximization of customer satisfaction. Effective
production scheduling plays a key role in significantly reducing product wait times and in-process
durations, as well as markedly improving equipment utilization. The optimization of production
planning and scheduling has consistently been a research hotspot. With the continuous advancements
in operations research and computer technology, production planning and scheduling have transitioned
from manual operations to computer-aided automation. This transition has become a vital method
for enterprises to conserve resources, reduce costs, improve productivity, and thereby enhance overall
operational efficiency.

Workshop scheduling is a combinatorial problem and remains one of the critical challenges that
many researchers seek to address. In many small automotive enterprises, the production scheduling
of stamping workshops still largely depends on the expertise of experienced senior workers. However,
when faced with highly complex issues, they may struggle to respond promptly, and their problem-
solving approaches often have substantial limitations and subjectivity. Relying solely on personal work
experience to determine production schedules cannot fully meet production needs[16].Therefore, there
is a pressing need for an efficient and feasible production scheduling algorithm that can address the
processing time and sequence of different workpieces under multiple constraints. Such an algorithm
would ensure the optimization of relevant indicators for each workpiece, enabling the rational utiliza-
tion and allocation of processing time and equipment for each batch of parts. This, in turn, would
minimize production cycles and maximize production efficiency.

Currently, some scholars have employed hybrid genetic algorithms or effective genetic algorithms
based on estimation of distribution to address multi-objective flexible job-shop scheduling problems.
These algorithms demonstrate a degree of solving efficiency and accuracy, optimizing production time
and equipment utilization. However, in practical production scenarios, these algorithms encounter
significant limitations and are not ideal for scheduling purposes[22][18].

The enhanced genetic algorithm proposed in this paper can effectively solve intelligent scheduling
problems in automotive stamping workshops and can be applied to address practical issues.

2 Literature Review

2.1 Initial Population Optimization

As a robust and versatile intelligent optimization algorithm, the genetic algorithm (GA) has been
widely applied in the manufacturing industry, demonstrating outstanding performance particularly
in production scheduling, process parameter optimization, and resource allocation [3][24]. Numer-
ous scholars have conducted in-depth research on the scheduling problems in automotive stamping
workshops using various solution algorithms. However, traditional genetic algorithms suffer from poor
global and local search capabilities and are prone to premature convergence. Consequently, extensive
research has been conducted to improve genetic algorithms. For instance, Wang et al. proposed an
improved decimal-based group encoding scheme for the reverse job scheduling problem, which simul-
taneously optimizes processes and parameters[21]. Cheng et al. introduced a heuristic method and a
machine chain optimization method based on short processing times and equipment balancing strate-
gies to enhance the quality of the initial population for solving shop scheduling problems using genetic
algorithms|2].

The studies primarily focus on population initialization, genetic operations, encoding, and the
integration of other algorithms. However, it is evident that current methods for constructing the
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initial population of genetic algorithms are overly complex and fail to address several critical issues.
These include the difficulty in determining the optimal initial population size, poor stability of initial
solutions, challenges in ensuring the diversity of the initial population, and the negative impact on
the genetic operation process[5|[1].

2.2 Idealized objective function

The objective function in genetic algorithms for job shop scheduling problems is crucial as it not
only evaluates the fitness of individuals and guides the search direction but also measures optimiza-
tion effects and handles multi-objective optimization problems and constraints[23] . This enhances the
robustness and diversity of the algorithm. For instance, Ponnambalam et al. introduced a genetic algo-
rithm for bi-objective job shop scheduling problems, providing significant insights into multi-objective
optimization in job shop scheduling[17]. Similarly, Yu et al. discussed the application of genetic
algorithms for solving multi-objective flexible job shop scheduling problems, offering concrete solu-
tions for multi-objective optimization[7]. Additionally, Wang proposed a hybrid optimization strategy
that combines genetic algorithms with other optimization methods to address job shop scheduling
problems, demonstrating the flexibility and adaptability of genetic algorithms[19].

The studies primarily focus on minimizing processing time under multi-objective functions. How-
ever, traditional multi-objective optimization methods often fail to obtain suitable solutions, leading
to significant fluctuations in objective function values and poor optimization performance.

3 Enhanced Realization of Genetic Algorithms

3.1 Characteristics of Production in an Automotive Stamping Workshop

Automotive manufacturing generally includes four major workshops: stamping, welding, painting,
and final assembly. During the production process, sheet metal sequentially goes through stamping,
welding, painting, and finally reaches the final assembly stage, completing the entire process to become
a finished vehicle. Among these stages, welding, painting, and final assembly can be regarded as flow-
type production processes. Based on the final assembly plan, the required vehicle models are broken
down according to the Bill of Materials (BOM), and the finished stamped parts are directly retrieved
from the stamped parts inventory for the flow-type production. To address the challenge of denoising
weak laser signals, this article employs the following research methodology[13].

The stamping workshop is significantly different from the other workshops. It typically contains
several production lines, each composed of 5-6 stamping presses, depending on the number of oper-
ations required for the stamped parts. In the stamping workshop, various stamped parts for the car
body are processed through operations such as uncoiling and shearing, drawing, shaping, trimming,
punching, and flanging. These operations are performed by changing the dies, each operation following
a fixed process route. The time required to complete a single operation on a stamped part is approx-
imately 1-20 seconds[25]. However, when different operations are processed on the same stamping
press, die changes are necessary, and the die change time typically ranges from 10-15 minutes. This
die change time is a crucial factor to consider in the scheduling of the stamping workshop [11] . The
production flow in the automotive stamping workshop is illustrated in Figure 1.

3.2 Workshop Scheduling Problem

As a relatively unique type of scheduling problem, the essence of the stamping workshop is to
achieve reasonable resource allocation for multiple tasks under given multi-resource constraints, while
maintaining the basic order of tasks. The stamping workshop falls under the category of job shop
scheduling; however, due to the special nature of its production, it also exhibits many characteristics
similar to flow shop scheduling. In the scheduling model of a stamping workshop, there are n different
types of stamping parts that need to be arranged on a production line consisting of m stamping
machines for stamping[20]. The number of operations and the processing time for each operation of
the various stamping parts are known but vary, with the number of operations generally ranging from
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Figure 1: Production Flowchart of an Automotive Stamping Workshop

1 to 5. Each operation does not necessarily have to be processed on a specific stamping machine
but must be processed on a machine that meets the processing conditions[9][14]. The setup time
(die change time) for the start of processing each batch of stamping parts is known. Therefore, the
scheduling model needs to determine the processing sequence of each batch of stamping parts, the
sequence of stamping machines, and the start time of each operation. Short processing times and high
equipment utilization rates result in lower production costs[6]. Thus, the objective function is set to
minimize the processing time.

min: H =t (1)

Where H is the objective function and t is the total time to complete all processing tasks, measured
in seconds. The value of t can be expressed as:

t = maz {T (M), T (M), T(Mp)} 2)

Formula 2 indicates that the completion time of the job is equal to the latest completion time
among all the machines, where T(Mm) represents the final completion time of machine m.

Let M = {My, My, ..., M,,} represent the set of stamping machines, J = {.Ji, Ja, ..., J,} represent
the set of stamping tasks, N = {Ny, No,..., N, } represent the batch quantities of the stamping parts,
0; = {041,042, ...,0;.} represent the set of operations for stamping part J;,p; = pi1, D2, - -, Dir;
represent the unit processing time for each operation of stamping part i. The batch processing time
for stamping part J; can be expressed as formula 3.

T (Oix) = pir X N; (3)

Let m;;, represent the stamping machine for operation Oy ,where i=1,... n,k=1,...,r; , my C M,
Sir represent the batch processing time for operation O;, where i=1,....,n and k=1,...r; clearly
Sil = S, i=1,....n. TS(;(j+1)) represent the transportation time from the j-th operation to the
(j+1)-th operation for stamping part i, i=1,... nk=1,...,r; as shown in formula 4.

T'Siji(j+1) = ts X [my(j41) — s (4)

Let WTZ],\C/[] represent the waiting time for operation Oy on stamping machine M,, before stating,

which is the idle time of the equipment, where i=1,...,n, k=1,...,r;. Let STi],\f;.l represent the die
change time from operation O;;, to operation Oj; on stamping machine My where i=0,. .. ,n,k=0,... 7,
j=1...nl=1...r;s=1,... m.
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Let TS Zjﬁ’& +1) represent the transmission time for the operation processed on the stamping machine
M, and T (Olk)Mm represent the processing time for the operation on the stamping mache M,,. Then

the completion time of the stamping machine T'(M,,) can be expressed as shown in formula 5.

Combining the above equations, the obJectlve functlon can be expressed as formula 6.

min : H = max{y WTj™ + ZTSZ%WGH +> STZJI\C/[;VE +>_ T(Ow)"m} (6)

After determining the objective function, the following constraints need to be satisfied:

(1) Operation constraints. The processing time of the subsequent operation in a batch of stamping
parts cannot be earlier than the completion time of the first operation of the previous step, as shown
in formula 7.

Sik = Sik—1), 1=1,...,mk=2,...,m; (7)

(2) Stamping machine constraints-1: Each stamping machine can only process one operation at a
time, as shown in formula 8 and 9.

Slk>E“k(Sjl—|—Njijl—i—STj%’,;),i,jzl,...,n,k‘#l,k:1,...,ri,l:1,...,r (8)

My )0, if Operation Oy is the first operation processed on machine Mj
]l ik T 1 (9)
i=0,...,n, k=0,...,r, j=1,...,n, l=1,...,75, s=1,...,m

(3) Stamping machine constraints-2: The equipment’s rated stamping force must meet or exceed
the stamping force required by the operation.

3.3 Initialization of the Population Based on Magic Square

To ensure the diversity of the genetic algorithm population and improve the quality of the initial
solutions, the current scheduling problem in the stamping workshop employs methods such as swap
encoding, random encoding, and quantum bit encoding. However, these encoding methods encounter
the issue of overly complex genetic operations, which hinders the acquisition of the optimal solution[12].

Magic square is a mathematical problem that originated in China. Currently, it has a wide range
of applications in artificial intelligence, experimental design, game theory, position analysis, and has
gradually become an important direction in combinatorial mathematics research.

An N-order magic square possesses several special properties:

(1) The order of a magic square refers to the number of rows or columns in the square.

(2) The sum of the numbers in each row, column, or diagonal of the magic square is the same.
This sum is called the magic constant. For an N-order magic square, the magic constant is given by
the value NV #

When the number of operations in an automobile stamping workshop is N, the population can be
constructed using L = [+/J,, |, where J,, is the total number of operations for n workpieces. The
constructed magic square can be rotated clockwise by 90 degrees each time to obtain new transformed
magic squares.

For instance, suppose there are 12 operations in an automobile stamping workshop. A 4-order
magic square can cover all operations. After creating a 4-order magic square, it can be rotated
clockwise by 90 degrees successively, as shown in Figure 2.

By applying elementary row operations to the resulting magic square, a new transformed magic
square can be obtained. The new magic square after the elementary row operations is shown in Figure
3.
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Figure 3: Production Flowchart of an Automotive Stamping Workshop

By flattening the data of each magic square obtained through row operations, and removing each
value greater than the initial procedure’s data, a new initial population will be generated, as shown
in Figure 4.

When initializing the population in a genetic algorithm, setting the population size too large can
result in excessive computation, leading to decreased algorithm efficiency. When using a magic square
to initialize the population size, the generated population individuals are functions of the completed
magic square. It can be approximately considered that the number of population individuals is related
to the number of operations by the relationship described in formula 10.

LY 1 90
2 (10)
200, L>20
It can be verified that when the total number of operations is close to L?, the initial population
constructed using magic squares exhibits diversity.

Figure 4: Production Flowchart of an Automotive Stamping Workshop
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3.4 Selection Operation

The most common method for the selection operation is the roulette wheel method. However,
although this method ensures that individuals with low fitness also have a chance to be selected,
it can result in high-fitness individuals being eliminated, thereby potentially preventing the optimal
individuals from being passed on to the next generation[§].

A suitable selection strategy has a significant impact on the convergence speed of the algorithm. To
accelerate the convergence speed of the algorithm, improve search efficiency, and maintain individual
diversity to avoid local convergence, the roulette wheel method can be optimized. By preserving the
individual with the highest fitness value from the previous generation and directly passing it on to the
next generation, the specific approach is as follows.

The individuals in the next generation population need to be generated based on the fitness of
the individuals in the previous generation population using the roulette wheel selection method. The
probability of selecting individual i is shown in formula 11.

N
P (Vi) = f(ve) D flvi) (11)
i=1

Where f (vg) is the fitness value of individual k . Individuals with higher fitness values have a
greater chance of being selected. However, both high and low fitness individuals have the possibility of
being passed on to the next generation, maintaining population diversity. Meanwhile, the individual
with the highest fitness in each generation is directly retained for the next generation and does not
participate in crossover or mutation operations, thereby maximizing the quality of the population.

3.5 Crossover Operation

The crossover operation allows the genes of excellent individuals in the population to be prop-
agated and disseminated, thereby producing superior individuals within the population and driving
the evolutionary process of the entire group[15]. For the scheduling problem in a stamping workshop,
to better inherit the superior gene segments of the parent generation, we can use the method of ex-
changing gene segments after the crossover points of two parent chromosomes to produce offspring
individuals. The specific steps are as follows:

(1) Determine the two parent chromosomes to be crossed based on the crossover probability of the
parent generation and use a random function to generate the crossover positions (Pos) for the two
parent chromosomes.

(2) Exchange the gene segments after the Pos positions of the two parent chromosomes and mark
the duplicated gene operations in the two parent chromosomes after the exchange.

(3) Exchange the duplicated genes of the two parents, thereby generating offspring individuals.

Figure 5 shows the two offspring chromosomes generated after performing crossover on two ran-
domly selected parent chromosomes.

3.6 Mutation Operation

The basic content of mutation operation is to make changes to certain gene values of individuals
in the population. Mutation operation is random and can ensure the diversity of individuals in the
population, but it cannot guarantee the generation of better individuals after mutation. In fact, many
times it may even destroy the excellence of the previous generation individuals[10].

Inspired by the use of transgenic technology in biotechnology, where good gene fragments with
desired traits are introduced into cells to induce mutation and generate breakthrough changes. After
conducting a large number of simulation experiments on the stamping workshop scheduling model, the
experimental results indicate that when several closely related process codes are arranged in sequence,
the individual often exhibits better fitness. At this point, these closely related process codes can be
defined as excellent gene segments. Numerous excellent gene segments constitute an excellent gene
pool. During each mutation operation, the process is checked against the excellent gene pool to avoid
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Figure 5: Production Flowchart of an Automotive Stamping Workshop

mutation in the excellent gene segments, thus ensuring that mutation only occurs in non-excellent
gene segments.

3.7 Decode Operation

To describe the machining process of a specific operation for a workpiece, it is necessary to use the
workpiece number, operation number, machine number, and processing time. This is encapsulated in
the processing description matrix D = (X, Xp, Xps, X7), where D is individual elements respectively
represent the sequence of workpiece codes, the corresponding sequence of operations for the workpiece
codes, the sequence of machines, and the sequence of processing times[4].

For a chromosome X, the decoding steps are as follows:

(1) Slice the chromosome, converting the interchange encoding into operation encoding through
slicing.

(2) Following the workpiece processing order of chromosome X ', generate the corresponding set of
processing operations, set of processing machine sequences, and set of processing time sequences for
chromosome X' in reference to the workpiece operation collection.

(3) Define the matrix of start times for processing workpieces on machines, the current time array
on machines, and the matrix of end times for processing workpieces on machines. If there are leftover
operations on a machine, the current time array on that machine should be set to the leftover times
from unfinished operations of the previous period.

(4) If a workpiece is being processed for the first time or if the current time of the machine
scheduled to process the workpiece is greater than the completion time of the previous operation for
that workpiece, then begin processing the current workpiece. Otherwise, the machine must wait until
the completion of the previous operation before starting the current operation.

4 Experiment and Results

To evaluate the effectiveness of the improved genetic algorithm proposed in this paper for schedul-
ing in an automotive stamping workshop, experimental tests were conducted using specific scheduling
data from an automobile factory over the course of one day. The scheduling task list includes five
stamping parts. Table 1 outlines the quantity produced of each stamping part, the operations in-
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Table 1: Production task and related process parameters

Stamping J1 J2 J3 J4 J5

parts

Batch quan- | 700 500 600 500 500

tity

Operation 1 1 2 1 2 3 1 2 3 4 1 2 3 4 )
Processing 10 |12 |12 |12 |12 |12 |15 |15 |15 |15 |13 |13 |13 |13 | 13
time(s)

Mode 30 {30 |30 |30 |30 |30 |30 (30 |30 [30 |30 |30 |30 |30 |30
change

time(m)

Press 600 | 600 | 400 | 600 | 400 | 400 | 600 | 400 | 400 | 400 | 600 | 400 | 400 | 400 | 400
force(tons)

Table 2: Table 2 Device Press Force
Device M1 | M2 | M3 | M4 | M5

Press force(tons) | 630 | 400 | 400 | 400 | 630

cluded for each type of stamping part, the production time for each operation, and the die change
time required before producing each operation.

The production line equipment for processing this production task and their corresponding stamp-
ing forces are shown in the table 2. When selecting equipment for the operation, it is necessary to
choose based on the magnitude of the stamping force. The equipment’s rated stamping force must
meet or exceed the stamping force required by the operation.

Using the improved genetic algorithm mentioned in this article to simulate and solve the schedul-
ing data, we can obtain the Evolution Process shown in Figure 6, As can be seen from Figure 6,
the population constructed by the method mentioned in this paper exhibits good diversity, and the
convergence of the algorithm is also relatively ideal.

Evolution Process Display
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N N N N
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o o o o
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Figure 6: Production Flowchart of an Automotive Stamping Workshop

It can be determined that the algorithm’s scheduling result for this production task is 26,700
seconds, and the scheduling outcome is quite satisfactory from the Figure 7.

The results of the scheduling by the algorithm in this paper indicate that both the equipment
utilization and the balance among different pieces of equipment are relatively high as can be seen from
Table 3.
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Table 3: Scheduling Result Data Analysise

M1 M2 M3 M4 M5
Completion Time(s) | 26400 26500 26700 26700 26000
Idle Time(s) 0 600 800 600 200
Utilization Rate 100% 98.35% | 97% 97.75% | 99.23%
Mean Deviation(s) -60 40 240 240 -460

5 Conclusion

To address the intelligent scheduling issues in automotive stamping workshops, this paper improves
the traditional genetic algorithm by introducing a magic square-based encoding design, which reduces
the spatial complexity of the population’s chromosomes, simplifies the encoding process of the genetic
algorithm, and enhances its problem-solving capabilities. Additionally, modifications are made to
the commonly used roulette wheel selection operation, allowing individuals with higher fitness to be
retained in the next generation, ensuring the quality of the population.

Although the enhanced genetic algorithm proposed in this paper improves production efficiency and
resource utilization, the inherent randomness of genetic algorithms means that the algorithm cannot
always guarantee reaching the global optimum. Consequently, the scheduling plans derived from the
algorithm require further optimization and enhancement in practical application. Future research
will continue to focus on the scheduling issues in stamping workshops, integrating the strengths of
other algorithms, and conducting dynamic scheduling research within workshops to better address
scheduling challenges.
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