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Abstract
To solve the problems in planning and design of automobile mixed-model assembly line, this paper
puts forward the improved genetic algorithm-based equilibrium optimization algorithm for the
automobile mixed assembly line and establishes corresponding theoretical model. The convergence
and feasibility of the model are analysed, and the optimization model presented in this paper is
verified by the assembling situation of the actual assembly line of an automobile door. The research
conclusions are as follows. The optimized scheduling mathematical model under multiple constrains
of the automobile assembly line was established and improvements were made to the traditional
genetic algorithm. Self-adaptive genetic operator was added to the original model. The performance
verification indicated that the time consumption of CPU in the proposed improved algorithm is much
less, and its maximum load is larger, so it has better convergence compared with traditional genetic
algorithm. The improved optimal algorithm of automobile mixed ASSEMBLY LINE was verified
taking into consideration such constraint conditions as the proportion of a single product put into
assembly line, staffing, and balance of the left door and right door. It is found that the overall balance
efficiency is about 92 %, reaching the standard for leaving factory. When the proportion of a single
product that was put into production gradually rises, the overall time-consumption of the whole
assembly line becomes shorter and shorter and the balance efficiency of the mixed assembly line
presents a “U-shape” variation trend, first decreasing and then increasing. The growth of workers
doesn’t have an obvious impact on the assembling time consumption.
(Received, processed and accepted by the Chinese Representative Office.)
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1. INTRODUCTION
The automobile industry has been developing for a hundred years, featuring equipment
concentration, large number of workers, centralized equipment stacking, etc. The type of
automobile also changes from single gasoline power auto to hybrid, pure electric and other
types [1-5]. As the global economic contacts become more and more frequent, the automobile
industry is faced with competition in the global market, which requires the enterprises to
constantly make innovation, optimize the production efficiency of the automobile assembly
line and enhance service level to meet the needs of different customers.
The mass production of a single variety of automobile has passed, and only when the
diversified needs of customers are met, can the auto enterprises keep sustainable
development. Multispecies mixed ASSEMBLY LINEs are the auto production and processing
way adopted by all large auto enterprises currently. The production is mainly influenced by
the assembling sequence constraint, time tempo constraint, and alterable task time, concurrent
assembling staffing, and other factors [6-10]. Different auto appearances, inner trims, power
system, etc. are available to customers by adopting the mixed-model assembly line.
Meanwhile, the planning and design of the mixed-model assembly line have become a
https://doi.org/10.2507/IJSIMM16(4)CO18
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difficulty during the auto production process. The adaptability and assembly coordination of
different auto parts shall be given into full consideration during the planning.
The current balanced optimization design of automobile mixed ASSEMBLY LINE is
realized by simulation modelling. After establishing the overall planning and relevant
constraint conditions of the assembly line, the parameters of each subsystem module and
relevant technical process are confirmed and the optimal scheduling of the assembly line is
finally achieved. Traditional modelling methods include linear programming method and
dynamic programming method [11-12], whose calculated quantity and time consumption are
too large, and the calculation results are not in line with the actual situation. Researchers then
gradually developed the mathematical theory-based modelling, Petri net method, and activity
cycle diagram [13-17]. With the establishment of the mixed ASSEMBLY LINE, its
complexity can’t be simply described using analytic method or Petri net.
In recent years, some scholars have introduced biology, artificial intelligence and other
disciplines into the optimal scheduling of the assembly line, realizing interdisciplinarity
innovation and inventing many methods including neural network method, basic genetic
algorithm, emergency search method, etc. [18-23]. All the above algorithms have intelligent
learning ability, and can solve nonlinear complex problems, therefore they have been widely
used in the optimization scheduling of the actual automobile assembly line. However, there
are few relevant studies on the balanced optimization design of the automobile mixed
ASSEMBLY LINE.
Targeting at the difficulties in the planning and design of automobile mixed-model
assembly line, this paper puts forward the improved genetic algorithm-based equilibrium
optimization algorithm for the automobile mixed assembly line and establishes corresponding
theoretical model. The convergence and feasibility of the model are analysed, and the
optimization model presented in this paper is verified by the assembling situation of the actual
assembly line of an automobile door.

2. MATHEMATIC MODEL OF AUTOMOBILE MIXED ASSEMBLY
LINE
The assembly process of the finished automobile in traditional auto enterprises are shown in
Fig. 1. It can be seen from the figure that the process mainly includes automotive body panel
stamping, body welding, painting, power system and inner trim installation, performance test
and off line.

Figure 1: Schematic diagram of technological process of automobile assemblage.
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The optimization of the assembly line mainly covers achieving balance of the flow
assembly line, algorithm improvement, and mathematical description of different constraints.
The optimal goals of automobile assembly line generally include setting the minimum
number of workstations, minimize the assembling rhythm, or optimize the task load of the
assembly line. At present, most automobile assembly lines adopt the scheduling method of
optimizing task load, whose mathematical model can be expressed as:
min Sl 
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The product, resources and process of the automobile mixed-model assembly line are the
key factors affecting the efficiency of the assembly line. The existing literature mainly
considers the optimization of the process, but ignores the interaction between the resources,
the products and the process. For the optimization and simulation of the assembly line, the
following constraints shall be considered:
(1) A processing task must be taken in charge by a worker, the worker’s workload cannot
exceed the pre-set work tempo, and the maximum number of workers shall be set for the
assembly work:
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(2) All the automotive components must be processed in the pre-planned order, and there
are coupling constraint, co-location constraint and non-identical worker operating constraint
between two adjacent tasks.
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(3) If the task i is assigned to a certain equipment k for processing, and the processing tool
is l, the constraint condition must be set as 1 and must be in the range of the equipment k:
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(4) If equipment or a processing area is inaccessible for a period of time, all processing
parts shall not be assigned to the area or the secondary equipment:
m
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(5) The volume of the processed products assigned to a particular device shall not exceed
the maximum allowable volume of the device.
n

D  D
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i

3. GENETIC ALGORITHM-BASED MODEL OPTIMIZATION
3.1 Development of the optimization model
The optimization of automobile mixed assembly line is a typical problem of solving multiobjective optimal solution set. In order to reduce the amount of calculation, generally the
problem of solving multi-objective optimal solution set is transformed to the problem of
solving the weighted optimal solution of all targets. However, since the unit or dimension of
various objective functions is different, the solution set obtained using this method has flaws;
therefore, an improved genetic algorithm is put forward to seek the optimized objective
function of the automobile mixed assembly line.
First, the selection operator p(H) of the genetic algorithm is improved and after the fitness
function is added, the following equation is obtained:
pH  

p0  H 

 f G  

 pk  G 

G  f H  
k

(8)

The genetic algorithm uses the fitness function to solve the optimal solution. First,
initialize the parameters, and select the parent individuals. When the high quality offspring is
generated, access each individual in the collection of offspring and randomly select one for
compile operation. Calculate its fitness value and judge whether it can serve as the optimal
solution based on Metropolis principle. In each round of iteration, the constraints from Eqs.
(3) to (7) will be imposed to make the selected high-quality individuals of each generation
meet all the constraints, so that the objective function to be solved will not mutate or is not
locally optimal.

Figure 2: The whole algorithm flow chart of improved genetic algorithm.
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The optimization process of the proposed improved genetic algorithm is shown in Fig. 2.
It can be seen from Fig. 2 that the population and relevant calculation parameters shall be
initialized first in the process. Then, evaluate the selected quality offspring individual in each
round of iteration. If the convergence condition is met, output the results, otherwise linear
inheritance will be adopted and the operation will repeat. The purpose of this operation is to
guarantee the survival of the high quality offspring. Using the simulated annealing algorithm
updates the original collection of high-quality offspring. Reselect the optimal solution after
multiple iterative updates and output the results finally.
The formulas of the improved crossover probability Pd and mutation probability can be
expressed as:
 k1 f max  f  
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ρ is the population density; favg and fmax refer to average fitness and the maximum fitness
respectively; δ is the specified mode length; k1 and k2 are correlation indexes.
3.2 Performance test analysis of the model
The following indicators are used as the evaluation criteria to measure the superiority of this
algorithm proposed in this paper. Optimal performance:
cb  k   c
(11)
Em,online 
100%
c
cb(k) is the optimal value of the kth iteration; c is the optimal solution.
Robustness:
c  c
(12)
E f ,offline  a  100%
c
ca is the average value worked out after multiple calculations of iterations. Ef is the
volatility.
The De-Jong function is used to compare the convergence of the improved genetic
algorithm proposed in this paper and the traditional genetic algorithm, as shown in Fig. 3. It
can be seen from the figure that when the initial population of the standard genetic algorithm
is 150, the local optimal solution occurs only after three times of iteration. When the size of
population increases to 450, the accuracy of the calculation result increases too, but it still
does not converge to the analytical solution. In this improved algorithm, proposed in this
paper, as long as the population quantity reaches 50, the local prematurity phenomenon can be
restrained effectively, and when the population quantity expands to 200, the globally optimal
solution has converged to the analytical solution, suggesting the superiority of the improved
algorithm proposed in this paper.
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Figure 3: Convergence curve of standard genetic algorithm and improved genetic algorithm.

Furthermore, the genetic algorithm test standard on the German website (ALB.Mansci.de)
is used to test the improved genetic algorithm established in this paper. There are 12 test items
in total. Take the average value of 20 times of calculation as the output result, and compare
the average tempo of the assembly line CT, the maximum load of the assembly line and the
average time consumption of CPU of the standard genetic algorithm and improved genetic
algorithm. The comparison results are shown in Table I.
Table I: Scheduled starting and finishing times of activities.
Test
problem
Jae
Hes
Gun
Jak
Bow
Kil
Lut-1
Lut-2
Bux
Hah
Bar
Arc

Task
scale
7
10
13
26
28
33
37
47
54
82
88
149

Standard genetic algorithm
CT
Max Load
CPU
8.09
329.45
3.72
154.2
10009.63
6.04
59.44
5134.28
6.75
9.15
420.38
3.9
20.59
779.17
2.66
78.47
5220.87
7.91
1998
143387.29
4.76
29.11
4604.32
9.94
33.55
3120.24
6.21
2498
137834.22
7.83
590.2
55634.84
17.62
5705
654682
113.60

Improved genetic algorithm
CT
Max Load
CPU
8.09
349.65
2.68
149.3
10078.69
5.15
57.27
5140.56
5.88
8.76
457.71
3.48
20.58
782.36
1.84
48.03
5186.46
7.29
1889.8
145017.52
3.95
29.16
4602.72
8.50
33.45
3220.86
5.23
2446.6
138078.49
7.96
574.3
54298.84
15.69
4995
655843
13.05

It can be seen from the table that compared with traditional genetic algorithm, the time
consumption of CPU in the proposed improved genetic algorithm is much less, and its
maximum load is larger, so the improved genetic algorithm has more advantages.

4. ENGINEERING PRACTICE ANALYSIS
Based on the mathematical model and improved genetic algorithm of the automobile mixed
assembly line established in the preceding part of this paper, this section analyses the
feasibility and superiority of the established model through the assembly of the automobile
doors. The automobile door is an important part of automobile assembly, and the assembly
quality of the door directly affects the sound insulation, safety and beauty of the automobile.
Fig. 4 shows the technical process of the vehicle assembly. It can be seen from the figure that
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the assembly of door is the most complicated part, involving the interworking of multiple
processing stages and assembly lines. Reasonable and highly effective mixed assembly
production of automobile door can significantly improve the production efficiency of the
factory.

Figure 4: Vehicle general assembly process flow chart.

Select the mixed assembly line of some automobile door to make analysis. There are 140
assembly procedures in total for the door. Make the door pass each processing equipment in
order based on the planned flow path of the assembly line. The assembly position can be
divided into lower position assembly, middle position assembly and higher position assembly
based on the assembly technology. 1-2 workers are assigned before each equipment.

Figure 5: Analysis results of standard form door product.

Taking the assembly of a single type of auto door as an example, imagine there is only
one kind of product, the auto door, in the whole production assembly line. The balance
analysis of the door in the assembly line is shown in Fig. 5. Fig. 6 shows the optimal fitting
convergence curve and the average fitting convergence curve of the auto door assembly line
in the simulation algorithm. As seen in Fig. 5, the balance analysis requires 42 workers in
726
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total, and the overall balance efficiency is about 92 %, reaching the standard for leaving
factory. As shown in Fig. 6, when the number of iterations reaches 55, the average fitting
curve can obtain the optimal convergence value, and the optimal fitting curve achieves this
result through 50 iterations.
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Figure 6: Convergence curves of standard form door product analysis algorithms.

Fig. 7 shows the relationship between the proportion of certain kind of auto door put into
the whole assembly line and the assembly time consuming. It can be seen from the figure that
when the proportion gradually rises, the overall time consumption of the whole assembly line
is shorter and shorter, because the larger the proportion of single product is, the more likely it
is to realize mass production. And the more varieties of products on the assembly line there
are, the more complicate the assembly line planning is and the more the overall time
consumption is. It can be seen from Fig. 8 that when the proportion of a single product that
was put into production is large, the balance efficiency of the mixed assembly line presents a
“U-shape” variation trend, first decreasing and then increasing. The balance efficiency is the
lowest when the proportion is 90 %.
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Figure 7: Change curve of the operation time of the assembly line following the launch proportion.
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Figure 8: Change curve of the balance efficiency of assembly line following the launch proportion.

Fig. 9 shows the assembly time used to assemble different number of different products
when different number of workers is assigned to independent equipment. It can be seen from
the figure that the larger the assembly quantity, the more time is consumed. However, the
growth of worker number does not have an obvious impact on the assembly time consumption,
which rises slightly.

Figure 9: Time consumption curve of mixed-model assembly factories disposition.

5. CONCLUSIONS
To solve the problems in planning and design of automobile mixed-model assembly line, this
paper puts forward the improved genetic algorithm-based equilibrium optimization algorithm
for the automobile mixed assembly line and establishes corresponding theoretical model. The
convergence and feasibility of the model are analysed, and the optimization model presented
in this paper is verified through the assembling of an automobile door on the actual assembly
line. The research conclusions are as follows:
(1) The optimized scheduling mathematical model under multiple constrains of the
automobile assembly line was established and improvements were made to the traditional
728

He, Li, Wang, Zhu: An Optimization Model for Automobile Mixed Assembly Line under …
genetic algorithm. Self-adaptive genetic operator was added to the original model. The
performance verification indicated that the time consumption of CPU in the proposed
improved algorithm is much less, and its maximum load is larger, so it has better convergence
compared with traditional genetic algorithm.
(2) The improved optimal algorithm of automobile mixed ASSEMBLY LINE was
verified taking into consideration such constraint conditions as the proportion of a single
product put into assembly line, staffing, and balance of the left door and right door. It is found
that the overall balance efficiency is about 92 %, reaching the standard for leaving factory.
When the proportion of a single product that was put into production gradually rises, the
overall time-consumption of the whole assembly line becomes shorter and shorter and the
balance efficiency of the mixed assembly line presents a “U-shape” variation trend, first
decreasing and then increasing. The growth of workers doesn’t have an obvious impact on the
assembling time consumption.
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