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Aiming at the problem of product family assembly line (PFAL) evolution balancing, an evolution balancing model
for PFAL is established and an improved algorithm based on NSGA_I1 is also proposed. Firstly, the product family
evolution and assembly line characteristics are researched and analyzed in big data environment. Tasks on PFAL
are divided into platform and personality tasks, and the stability of assembly tasks is mainly considered especially.
In the optimization process, a chromosome encoding based on TOP sorting algorithm is adopted, and a new density
selection and decoding algorithm is proposed to make up for the deficiencies in traditional algorithms. Finally, an
example of PFAL planning is given to verify the effectiveness and feasibility of the improved NSGA_II.
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1 Introduction

In Mass Customization (MC) mode, developing a
high-quality, high-efficiency, low-cost and environment-
friendly product platform design and assembly manu-
facturing system are challenges and must be solved for
MC enterprises [1]. With the further research and appli-
cation of product family technology, PFAL needs to meet
the product diversity, assembly technology and equip-
ment update and other dynamic changes, and constantly
adjusting, or even re-planning, namely assembly line evo-
lution problem. On the other hand, in order to improve the
assembly efficiency, the assembly line balancing problem
should also be considered. Therefore, in MC mode, PFAL
needs to face the problems with evolution and balancing
at the same time, which is called assembly line evolution
balancing (dynamic balancing) .

Nowadays, how to implement dynamic balancing for
product requirements, design and assembly technology
and enterprise resources change is a difficult problem in
the product family strategy [2]. In big data environment,
the data ,too, including manufacturing data, is featured by
huge scale (Volume), various types (Variety) , low value
density (Value) and fast processing speed (Velocity). The
revolution of big data age is not restricted to the technical
level, namely a whole new way of thinking. The strategic
significance of big data technology lies not in huge data
information, but in the specialization of these meaningful
data. Therefore, the ability to process unstructured and
semi-structured data in manufacturing system needs to be
improved. Simultaneously, the data value is finally reali-
zed through data mining, and assembly line evolution ba-
lancing should be studied from the data-driven per-
spective.

2 Literature review

2.1 The application of big data analysis in manufactu-
ring system

With the violent development of technologies such as
the internet, internet of things, cloud computing and big

data, the rapid growth of data scale and the high comple-
xity of data models have become severe tests and valuable
opportunities for many industries. How to quickly and
effectively collect, process, and analyze large-scale and
diversified data has become a hot issue in recent scientific
research and practical application Bl. In terms of data
flowing management, data flowing processing techno-
logy makes it possible to obtain approximate query re-
sults in real-time and efficiently by constantly updating
the structure of a representative data, which set in the me-
mory space 3. However, the evolution clustering pro-
blem mainly focuses on the clustering accuracy and ig-
nores the real-time. In the process of studying data
flowing mining, initially assuming that the data is evenly
distributed, and focusing on how to solve the problem of
big data samples in the data flowing. Many researchers
have proposed a classification technique to solve the pro-
blem of conceptual drift in the data flowing !, Data mi-
ning research is still in its infancy, and has a huge space
for development. Currently, many researches mainly fo-
cus on data flowing clustering, classifying, and frequent
pattern mining, literature manage anonymous datasets [,
which provided a comprehensive conceptual basis for the
privacy protection in big data, also to coordinate the sys-
tem performance.

2.2 Product family evolution in MC mode

As the main implementation methods and means of
MC, technologies such as modularization, product family
and product platform are generally concerned and
adopted by enterprises, in particular, are regarded as an
important means to enhance the enterprises core capabi-
lities. Product family is a series of derivative products,
which can share general technology and be located in the
related market, especially, can add or delete different per-
sonalized modules based on product platform to meet di-
fferent special characteristics and personalized functional
needs [8]. Therefore, the contradiction balancing process
in the product family optimization often appears as an
evolution balancing process that changes with the running
time history.
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Product family is a series of derivative products,
which can add or delete different personalized modules
based on product platform to meet different functional ne-
eds [9]. Product family and product platform are two di-
fferent concepts but are related to each other. The deve-
lopment of product family is based on product platform
and is an important way to achieve mass customization
design [10]. Simpson et al [11] proposed establishing a
product conceptual platform through similarity analysis
between functional and conceptual structure and genera-
lized design, and then set up an example platform through
sensitivity analysis and generalized design of demand
changes. Aiming at the master-slave architectures
between platform parameters and personalized parame-
ters in product platform architecture, as well as global and
local design relationships between product platform and
each product in platform, Simpson et al [12] established
a master-slave multi-tier optimization design model for
product platform architecture.

2.3 Research on PFAL evolution

PFAL is a mixed model assembly line (MMAL) that
can assemble a group of similar products simultaneously
[13], which has its own characteristics and balancing
planning theories. Hou et al [14] studied assembly line
manufacturing systems for MC, and proposed a PFAL ba-
lancing model and an optimization algorithm. The assem-
bly line balancing can be divided into two categories:
initial balancing and rebalancing. However, most of stu-
dies only focus on the initial balancing for the assembly
line, while less on rebalancing. Many researchers point
out the importance of assembly line rebalancing [15, 16].
In a diversified and personalized environment, manu-
facturing enterprises need to continuously introduce new
products to meet ever-changing market demands, which
is also the key to win the market, and this new products
often have new functions and structures.

Currently, assembly line re-balancing needs to consi-
der the production efficiency and adjustment cost at the
same time, which is regard as the indirect balancing pro-
blem under job allocation constraint. Yang et al [17] stu-
died the evolution balancing caused by the seasonal de-
mand, in the process of assembly line rebalancing, mainly
considered two costs: the cost of equipment movement
and the labor training costs of task reallocation. Aiming
at solving assembly line rebalancing caused by the ran-
dom change of task time, Gamberini et al [16] studied the
adjustment cost and assembly balancing efficiency.
However, in the process of product evolution, not only

the change of work time but also the assembly line balan-
cing research needs to face various problems.

3 Data-driven evolution balancing model

Driven by customer demand, core technology and
market competition, product family constantly to a higher
level development, reflecting into the product family hie-
rarchical model, all this is a change in functional require-
ments driven by core technology, which eventually leads
to the products changes in physical structure, forces the
corresponding physical module changes. And then gradu-
ally improves the product platform or module, updates
and the continuous improvement. The relationship
between dynamic product demand and assembly task
planning is shown in Fig. 1.
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Fig. 1 Dynamic product demand and assembly task
planning

The PFAL balancing goal is to find a plan for optimal
task distribution to workstations, to balance the load
among the workstations while meeting the product order,
to minimize idle time at each workstation within CT. The
mathematical model related parameters are as follows.

T : The total processing time; s : Number of

total

workstations divided, where k =1,2,---S; J: Number of
products that can be assembled simultaneously in PFAL,
where j=1,2,---J ; N : Total number of tasks, where

i=12,---N; DJ Demand for the j-th product in the
product family; CT: Cycle time; ¢ ;¢ The proportion of

the J-th product in the product family; ¥ ;j + The task

time of the j-th product task Z in the product family;

0 {1 if product ; has the task i; {l if task 7 assigned to station k;
i ki T

0 otherwise.

mn

0 otherwise.

c 1
kmn T 0

In the balancing of this paper, the time required for
task I can be calculated by Eq. 1.

otherwise.

0 otherwise.

B {1 if task m and n belong to the same type of task;

if task m and » are distribute d to the & - th workstati on at the same time;

J J
L=>(t;-9)/ (0,4, (1)
j=1 j=1

PFAL balanciﬁg goal is to.keep the whole assembly
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process in a continuous and steady state. Therefore,
PFAL balancing is a multi-objective optimization pro-
blem. In the optimal balancing process, there are three ob-
jectives in this paper can be expressed by Eq. 2, Eq. 3 and
Eq. 4.

‘ 1 & N 1
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4 Improved multi-objective NSGA II algo-
rithm

The improved NSGA - II flowchart is shown in Fig.

o]

Initializing
population

Non-dominated
sorting

Generating the
jrst-generation_2

Density
selection

Cross, Mutation

Non-dominated
sorting

Calculating
congestion degree

Density
selection

Selection , Cross ,
Mutation

Terminatio
n condition?
|Yes

Fig. 2 Improved NSGA - I Flowchart
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4.1 Encoding and decoding strategy

In order to make the generated chromosomes satisfy
the precedence constraint relation between tasks, and pre-
vent unreasonable chromosome generation, an improved
topological sorting algorithm is used to encode all tasks
to generate chromosomes, and eventually generate chro-
mosomes that can satisfy the constraints. Detailed steps

are illustrated as follows.

Step1: Initializing priority graph G, sets S= {1, 2, ...
N}; Step2: Selecting job with the in-degree of 0 in the
set S, and writing it to the sorted set /; Step3: Deleting the
job from the set S, and subtracting 1 from the immediate
successor to task I ; Step4: Determining whether the nu-
mber of elements in the set S is 0, if so, then ending the
algorithm; otherwise, returning to Step2.

4.2 Population initialization and fitness calculation

This paper takes the Eq. 2, 3 and 4 as the optimization
goals, namely, in the process of assembly line balancing,
minimizing the number of workstations, inter-station and
in-station load index, and maximizing assembly line fle-
xibility index.

4.3 Non-dominated sorting strategy

In order to avoid losing the population diversity, Pa-
reto rank and density information are considered. The im-
proved non-dominated sort (INDS) algorithm is as
follows.

for each p e P
S, =¢;n, =0;P
for each ¢g € P

rank

if (p < q) then
elseift (¢ < p) then n, =n, +1;

if n, = 0 then

p. =1

F1=F1U{P}§

i =1

while F.=¢

Fi+1_¢’

for each p e F,
nqznq_l;Prank :Prank +pr’

p.=p. +LF, ,=F_  U/{qg}

4.4 Evolution operator

1) Selection strategy
If individuals P and ¢ have the same Pareto ranking,

the individual with lower density is selected, which will
be helpful to increase population diversity. In particular,
the chromosome with the best fit in the population can be
replicated directly to the next generation without cros-
sover and mutation, thus speeding the algorithm search.

2) Crossover strategy

Crossover operation plays a key role in the genetic
evolution process, which can make the best individuals in
the parental generation to get inherited and reserved as far
as possible in the offspring. A single point crossover way
is adopted in this paper, which is shown in Fig. 3. The
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parental chromosomes are divided into two parts by a ran-
domly generated point, and the genetic information is ex-
changed after the cross position. In order to ensure the le-
gitimacy of cross-offspring chromosomes, the exchanged
sequence 6, 9, 8 and 10 is found in parent 1. And then,
searching for the arrangement of genes 6, 9, 8 and 10 in
parent chromosome 2, and which is used as new genes
rearrangement in offspring 1, that is arranged as 8§, 9, 6
and 10.

Platform tasks Personality task

\ Cross point
\

Parentl@ﬁb 9|8| 10
\__/

Parent 2 [N < [-[=To[c /0]
ofrepring 1 [N - T - T ISHISRINGRINGN
[4]sT=]

Fig. 3 Chromosome mutation process

Offspring 2

3) Mutation strategy

Two mutation points are randomly generated. Then
the gene fragment between the mutation points is also re-
combined, and the specific operations are as follows: the
gene fragment between the variation points are deleted,
and a feasible gene fragment is regenerated according to
encoding strategy. So combining the gene fragments at
both ends of mutation points with the regenerated feasible
gene fragments together, the new chromosome is created.
The specific mutation process is shown in Fig. 4.

Mutation point 1 Mutation point 2

Parent

Offspring [2] 3 ] 1 |

Fig. 4 Chromosome mutation process

5 Case study
5.1 Improving NSGA-II to optimize PFAL

In this section, a small sized mechanical PFAL evolu-
tion balancing problem in an enterprise is taken as the re-
search object, to verify the effectiveness and feasibility of
evolution balancing model and improved NSGA _1I pro-
posed in this paper. The product family includes four se-
ries of products: VG216, VG218, VG220 and VG220T,
which are assembled on the same production line. The de-
tailed sales are shown in Fig. 5 and the number of tasks
contained on PFAL is 60.

Sales (number)

12 (months) 33 (areas)

Fig. 5 Sales diagrams of four products

5.2 Algorithm performance and optimization results
analysis

According to the improved NSGA II algorithm,
PFAL evolution planning is optimized and solved, in the
process of optimization, population size Pop=100, cros-
sover probability Pc=0.6, evolution generation
Gen_num=100. PFAL of four kinds mechanical products
are optimized by INSGA II, to obtain the Pareto boun-
dary as shown in Fig. 6. At the same time, according to
the actual situation and Pareto boundary to determine the
optimal evolution planning results are shown in Fig. 7.

Flexible index

Mean square(in-station) Mean square(inter-station)

Fig. 6 Pareto boundary diagram
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Fig. 7 Station planning results
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In order to further prove the advancement for the
INSGA II algorithm in this paper, the traditional
NSGA II and multi-objective PSO algorithm are re-
spectively selected for comparison, and the evolution
planning results are shown in Tab. 1. More importantly,
the ptimization times and performance of INSGA II,
which are shown Tab. 2 and Fig. 8, are significantly less
than the other two algorithms, so INSGA _II proposed in
this paper is more efficient.

Tab. 1 Evolution planning results of PFAL

50

—4&— INSGA-I
45 - —#— NSGAAI
—&— P SO(Multi-objective)

40+

Time (s)

35

30+ B

25 L I L L I L I
10 11 12 13 14 15 16

The number of stations

Fig. 8 Performance comparison of three algorithms

Algorithms Product ratio

Distribution of workstations (K=15) (individual)

(1,10,42):(2,40,47);(3,4):(5,6):(7,14,15,17,18)5(8,12,13,16);(9,11,48);(1

INSGA-II 2:4:2:1

9,20,21,22,23,26,28,30);(24,25,29,31);(27,32,33,34,37);(35,45,46);(36,

38,39,41);(43,44,49,50,52);(51,53,54,55,56,57);(58,59,60)

(1,2);(3,48);(4,10);(5,6)5(7,19,20,24);(8,14,16,18,21,26);(9,11,40,42,47)

NSGA-II 2:4:2:1

1(12,13,15,17);(22,23,29,30,31);(25,27,28,32,33,34):(35,36,37,38,39):(

41,43,44,45);(46,49,50,51,52,54);(53,55,56,57);(58,59,60)

PSO multi-ob-

jective 2:4:2:1

(1,3,42)(2,4,7),(4,10,40);(5,6);(7,14,15,16)5(8,12,13,17);(9,11,48);(13,1
9,20,21,24);(22,26,28,29,30,31):(23,25,32,33,34):(27,46,49,50,53,54)(3
5,36,37,38,39):(41,43,44,45):(51,52,55,56,57);(58,59,60)

Tab. 2 Optimization performance analysis in the algorithm

Algorithms INSGA-II NSGA-II PSO
Index Obj; 0bj> Objs Obji 0bj> Objs Obji 0bj> Objs
Mean 302 2795 3372 3.630 3132 3397 3274 2782 3.545
Std 0444 0465 0269  0.691 0470 0278 0577 0.468  0.307

6 Conclusions

Aiming at the evolution characteristics of PFAL, a to-
pological method is adopted to generate the initial popu-
lation that satisfies the assembly constraints, and an im-
proved NSGA_II algorithm is also proposed. In the im-
proved NSGA I, a new encoding and decoding method
is adopted to make up for the deficiencies of traditional
decoding method, and the satisfactory results was obta-
ined in the assembly line evolution balancing. The impro-
ved NSGA 11 is applied to the actual assembly line evo-
lution balancing, compared with the other two opti-
mization algorithms, the results show that the evolution
balancing model and the optimization method proposed
in this paper can obtain a higher flexibility index.
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