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Abstract. In automotive manufacturing, production constraints between
the painting and assembly workshops often disrupt the vehicle production
sequence. To solve this, a Painted Body Store (PBS) buffer was introduced.
This adjusts the sequence from painting to match the assembly workshop's
needs.A model was created using rules to match vehicle and channel
attributes, forming an initial exit sequence for painted vehicles. A genetic
algorithm optimized vehicle selection from the PBS, adhering to
constraints.Analysis showed this method improved efficiency by nearly 40%
compared to traditional linear scheduling. This highlights its effectiveness
in optimizing automotive manufacturing.

1 Introduction

The automotive sector is pivotal for economic growth, with China leading in production
and sales, boasting a vehicle parc of 435 million by the end of 2023, indicating market
potential. New energy vehicles (NEVs) are on the rise, reaching 20 million by 2021,
supported by technology and policy.

Automotive manufacturing involves welding, painting, and assembly lines, each with
unique demands. The Painted Body Store (PBS) bridges painting and assembly, aligning
production sequences and offering flexibility for market shifts.

Genetic algorithms optimize production scheduling, enhancing control, efficiency, and
cost-effectiveness. This improves market responsiveness and supports economic progress.

Researchers have made strides in optimizing scheduling across industries, using genetic
algorithms and other techniques for enhanced efficiency.

These studies collectively advance production scheduling, offering robust solutions to
logistical challenges.

2 Model

The PBS workflow includes two processes: body inbound and body outbound. Body inbound
involves transferring bodies from the paint shop to the PBS buffer storage lanes using the
vehicle receiving traverse. Body outbound involves retrieving bodies from the storage lanes
with the vehicle delivery traverse.
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The information entering the scheduling area includes vehicle type, powertrain, and drive
information. Vehicle type consists of two categories: A and B, but it does not affect the
objective function, so it is not recorded. Powertrain information includes fuel and hybrid
types. Drive information includes two-wheel drive (2WD) and four-wheel drive (4WD).

A body's attribute is determined by its powertrain type—fuel or hybrid. When a body
enters a lane, the lane's attribute updates to match the last vehicle's attribute in that lane if it
is not empty.

Once lane attributes are set, their priorities must be established. This involves determining
which attribute is currently most important. For example, if the powertrain information has
the highest priority, it indicates that powertrain information is the most important, followed
by drive information, with other attributes being less important.

The matching model based on body information is as follows:

n
max f (i) = Zk=1(s(k) x 2"7F), Lane i is not empty o)
2""1 — 1, Lane i is empty
where:
e irepresents the lane index.

f represents the matching degree between the body and lane i.
n represents the number of rules, where n > 2.
k represents the priority of the rule, where k = 1,2,...,n . A higher k
indicates lower priority.
e s(k) represents the attribute consistency indicator.

1, vi,k = Ck
s(k) = {0, Vg F Ck

(2)

ey denotes the attribute of lane i with priority k.

e ¢ denotes the attribute of the body with priority k.

e  5(k) evaluates whether the attribute of the body matches the attribute of the lane. If
they match, it equals 1; otherwise, it equals 0.

The primary factors influencing the final assembly workshop are variations in powertrain
type and drive mode. Therefore, different weights are assigned to these factors: 0.4 for
powertrain information, 0.3 for drive mode, 0.2 for return lane usage frequency, and 0.1 for
total scheduling time. The objective of adjusting the body sequence in the linear PBS buffer
area with return lanes is to maximize the evaluation function of the outbound queue in the
buffer area. The mathematical model is represented as:

value = (100 — x;) X 0.4 + (100 — x,) X 0.3 + (100 —x3) X 0.2 + (100 —x,) X 0.1 (3)
where x; represents the score of the powertrain sorting, X, represents the drive sorting score,
X3 represents the return lane usage score, x, represents the scheduling time score, and 0.4,
0.3, 0.2, and 0.1 are the weight coefficients for each indicator. value represents the total
score.

3 Algorithms

1. Body Information Matching Model:

Attributes: Refers to the vehicle's powertrain type and drive mode, including hybrid and fuel

types for powertrain, and two-wheel drive and four-wheel drive for drive mode.
Characteristics: Comprised of the two attributes of the vehicle, denoted as (Vp, Vd).
Consistency: Indicates whether the vehicle's attributes match those of the inbound lane.
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Matching Degree: Refers to the degree of matching between the vehicle and a particular
inbound lane.
2. Body Inbound Strategy:
Step 1: If an empty lane exists, the vehicle is sent directly to it. Step 2: Assign the
characteristics of the last vehicle to enter the lane to the incoming vehicle. Step 3: Calculate
the matching degree based on the current vehicle's characteristics and the lane's
characteristics. Step 4: Select the lane with the highest matching degree for delivery. If
degrees are the same, choose the lane with fewer vehicles. If equal, consider the lane closest
to the vehicle receiving traverse. Step 5: Update the lane's attributes.

This process is illustrated in the body inbound process diagram.

Start

o there (s 3 ca
o park gwar rl». rosun,

¥
M\%«%a re I:e:l
anm

{
|

b Matching Rules
|
i

Sending the car into the

L
A o "y L
(a) Inventory flow chart (b) Matching rules

Fig. 1. Vehicle entry flowchart.

In cases where a reverse loading operation is necessary in the PBS, shifting a body from
the 1st parking spot of an inbound lane to the 10th parking spot of the return lane triggers
changes to the entire inbound sequence. To address this, a genetic algorithm is employed to
dynamically adjust the inbound sequence, aiming to meet constraints and optimize workshop
production efficiency.

Table 1. The coding results for different data categories.

(a) Vehicle Power (b) Drive Type (c) Combined Coding Result
Power Type Code Drive Type Code b b
Fuel Vehicle 0 Two-Wheel Drive a ‘20 (;1 C(') Dl

Hybrid Vehicle 1 Four-Wheel Drive b

3.1 Encoding of data

Encode the vehicles during the body inbound process.
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Fig. 2. Genetic algorithm flowchart.
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When vehicle positions need rearrangement due to reverse loading, and the overall
inbound sequence is affected, a genetic algorithm (GA) is considered to meet downstream
workshop requirements. Vehicles are encoded with parking spots as genes of a chromosome.
Multiple vehicles in one lane form one chromosome, representing a specific outbound plan,
as shown in Table 2. The encoding method is based on vehicle location, where each gene
represents the lane number.

Table 2. Scheduling example.

10 9 8 6 5 4 3 2 1
ELane 6 B A A B A B A A A A
ELane 5 C C D C D C C C C C
RLane D
ELane 4 D D D C C D D D
ELane 3 B B A A B B B B B
ELane 2 B B B B A A A A A
ELane 1 C D C D C C D C C
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Fig. 3. Chromosome encoding schematic.

3.2 Generating Initial Population

Step 1: Form a set with vehicles in parking spot 1 and compare the next vehicle entering the
buffer area with them. If there's a matching vehicle in the set, randomly select one to exit
parking spot 1. Step 2: If no matching vehicle is found, randomly select one vehicle to exit
parking spot 1. Step 3: Repeat steps 1 to 3 until all vehicles successfully exit. Each passing
scheme on each lane is a chromosome, and each vehicle is a gene.

3.3 Designing fitness function

After generating the initial population, a fitness function is required to assess the fitness of
individuals. This function, also known as the evaluation function, primarily relies on the
objective function. Individuals with higher fitness in the population are more likely to survive,
increasing the probability of passing their traits to the next generation.

3.4 Selection operator

The selection operator utilizes the fitness function to choose individuals from the population
for reproduction, employing the fitness proportionate selection operator in this paper. This
operator functions based on the principle that a uniformly distributed random number r €
[0, F)is utilized to minimize specified parameters, determining the selection of individuals.

n
i «argmin r<Zfl- 4)
nelo,N) =
where Nis the number of individuals, and f; is the fitness of the i-th individual.

N1
Overall fitness value : /"' = Z f
=0

N

Fig. 4. Overall fitness.

3.5 Crossover operator

The crossover operation in genetic algorithms involves exchanging parts of genes between
paired chromosomes randomly to generate new individuals. This paper utilizes a two-point
crossover method, where two crossover points are randomly selected on the gene sequence,
and gene segments between these points are exchanged. The operation is illustrated in Fig. 5.
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Fig. 5. Crossover operator.

3.6 Mutation operator

In genetic algorithms, individual mutation operation involves replacing the gene value at a
specific gene locus in the individual chromosome encoding string with one of the remaining
allele genes at that locus to create a new individual. The mutation operator can enhance the
local search capability of the genetic algorithm. This paper adopts single-point mutation,
which is relatively simple. Single-point mutation randomly selects a gene for mutation in the
chromosome's gene encoding. The mutation operation is illustrated in Fig. 6.

Single-point mutation is relatively simple; it randomly selects one gene to change in the
gene encoding of a random individual.

3.7 Algorithm termination

The algorithm terminates under the following conditions:

a) The maximum number of iterations is reached.

b) The optimal individual remains unchanged for consecutive generations (this paper
takes 10 generations).
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Fig. 6. Single-point mutation.

4 Experimental results

The vehicle information used in the experiment is divided into two types. The first type of
data consists of normal data after desensitization of production data, while the other type is
adjusted data used to test the adaptability of the model and algorithms. The data information
is as follows:
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Fig. 7. Vehicle information statistics graph.

In actual production, some vehicles may need re-spraying, so the model must account for
this. Although the vehicle information provided here is balanced, real production may involve
varying entry sequences, vehicle types, or even 300 identical vehicles, significantly reducing
model efficiency. Thus, preprocessing the data and integrating other algorithms like
simulated annealing may be necessary.
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Fig. 8. The optimal solution under fully constrained conditions.

Using the established model and genetic algorithm adjustment strategy, data testing is
performed with the following parameters: population size N = 50, number of iterations T =
1000, and mutation rate= 0.1. The obtained solution is as follows:

5 Conclusion

This paper establishes a vehicle entry model using a genetic algorithm to optimize PBS
objectives. Genetic algorithms are robust and capable of finding global optimal solutions,
making them suitable for complex optimization problems. However, they have slow
convergence and poor local search ability. Combining genetic algorithms with other heuristic
algorithms, such as simulated annealing or particle swarm optimization, can enhance speed
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and accuracy. Additionally, increasing the use of return lanes can reduce algorithm calls and
improve overall model efficiency.
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