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Abstract: Low-voltage electrical apparatuses (LVEAs) have many work-pieces and intricate geometric structures, and the assembly process is rigid, and labor intensive, and has little balance. The assembly process cannot readily to changes in assembly
situations. To address these issues, a collaborative assembly is proposed. Based on the requirements of collaborative assembly, a
colored Petri net (CPN) model is proposed to analyze the performance of the interaction and self-government of robots in collaborative assembly. Also, an artificial potential field-based planning algorithm (AFPA) is presented to realize the assembly
planning and dynamic interaction of robots in the collaborative assembly of LVEAs. Then an adaptive quantum genetic algorithm
(AQGA) is developed to optimize the assembly process. Lastly, taking a two-pole circuit-breaker controller with leakage protection (TPCLP) as an assembly instance, comparative results show that the collaborative assembly is cost-effective and flexible in
LVEA assembly. The distribution of resources can be also optimized in the assembly. The assembly robots can interact dynamically interaction with each other to accommodate changes that may occur in the LVEA assembly.
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1 Introduction

U

Low-voltage apparatuses (LVEAs) are used to
achieve the switching, control, protection, detection,
transformation, and adjustment of circuits or
non-electric objects (Li DL, 2004). Hence, LVEAs
have wide applications in daily life. Due to their
various and complex structures, they are often assembled on a traditional assembly line. Nevertheless,
due to the varied and rapidly changing consuming
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requirements, traditional assembly lines cannot satisfy market requirements. These traditional assembly
lines of LVEA are labor intensive and inflexible,
which cannot enable a manufacturer to obtain a
dominant position within a fiercely competitive
global market (Ge M, et al, 2021). Therefore, many
manufacturers of LVEAs have emphasized the application of a new assembly method to replace traditional assembly lines. Based on the structural characteristics and usage requirements of LVEAs, there
are some requirements proposed for LVEA assembly:
the assembling resources should be allocated quickly,
and the assembling processes should be orderly, stable, and automatic. Additionally, the types of assembled products should be able to be varied. Therefore,
it is challenging to construct a new assembling
method for assembling LVEAs.
Nowadays, robot assembly (RA) is extensively
applied in product assembly. Compared with traditional assembly lines, RA can achieve 24-hour unin-
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terrupted operation with no need for skilled assembly
workers. In the assembly of LVEAs, the application
of RA could greatly reduce labor costs (Li L et al,
2020; Wang YY et al, 2021). Therefore the study of
the LVEA assembling methods has become much
more significant.
Many different applications of RA have been
extensively researched by scholars, such as in the
methods, planning, and balancing of assembly (Gao J
et al., 2009). The results have been useful in the study
of LVEA assembly. Yu et al. proposed a design
method for a flexible assembly to achieve the real-time adjustment of assembly tasks based on the
assembly characteristics of multi-batch small-scale
products (Yu MY and Yang JJ, 2018). Çil et al. constructed a robotic parallel assembly system and optimized its assembly process using a beam search
approach (Cil ZA et al., 2017). For the multi-criteria
optimization of a multi-product assembly line, Ahmad Tavakoli proposed an integer programming
model that was optimized by the hybrid tabu
search-simulated annealing algorithm (Tavakoli A,
2020; Zheng SH et al, 2021). For a mixed-model
sequencing problem with stochastic processing times
in a multi-station assembly line, Li et al. proposed a
hybrid particle swarm optimization (PSO) algorithm
to deal with the scheduling problem of flexible assembly systems without intermediate buffers (Li XL,
et al., 2021).
In addition to constructing the assembly method
and optimizing the assembly planning for RA, it is
also necessary to optimize the balancing of the complete assembly lines. This is known as the robot assembly line balancing problem (RALBP). In assembly production, two main types of assembly balance
problem occur. The first problem pertains to minimizing the number of assembly robots within a specific assembly cycle (RALBP-1). The second is related to minimizing the assembly time for a process
involving a specific robotic number (RALBP-2)
(Grzechca W, 2014, Samouei1 P et al., 2016). Regardless of the problem types, the ultimate goal of
balanced optimization is to reduce the jobless rate of
assembly equipment and improve the efficiency of an
entire assembly line. For the balance optimization
problem involving robot assembly lines, Rubinovitz
modeled the RALBP-1 problem and applied the
best-first search and branch-definition algorithm for
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optimization (Rubinovitz J et al., 1993). After that,
other scholars applied genetic algorithms, hybrid
genetic algorithms (Levitin G et al., 2006), and PSO
algorithms to optimize the RALBP-2 problem of
linear robot assembly lines (Nilakantan JM et al.,
2015, Chen ST et al, 2018). The balance optimization
problem of a robot assembly line is an extension of
the general assembly balance optimization problem in
RA applications (Baybars I, 1986). Özcan et al. applied a hybrid improved meta-heuristic algorithm to
optimize the RALBP-1 problem for simple linear and
U-shaped assembly lines (Özcan U, and Toklu B,
2009). Other researchers proposed planning methods
for a human-robot collaborative assembly lines
(Rizwan M et al., 2020; Wang H et al., 2022), and a
performance evaluation model was established to
evaluate the feasibility of multi-resource collaborative assembly systems (Johannsmeier L and Haddadin
S, 2017). The publications mentioned above are
summarized in Table S1 (see supplementary materials
for Tables S1-S16).
First, based on the requirements of LVEA assembly, robots require certain communicative functions. The real time assembly information for each
robot need to be obtained quickly to make a decision
for subsequent assembly tasks. The whole assembly
line needs to be capable of rapid reconstruction in
response to a change in the assembly products. Second, robots require certain capacities for
self-government. When a fault happens in the assembly process, a robot must be able to continue to
carry out assembly tasks itself and not be disturbed by
the fault of other assembly cells. The whole assembly
line needs to maintain stability due to the relative
independence of all robots. Third, with a variety of
assembly products and an uncertain assembly situation, the robots need to have dynamic interactions
with each other. However, according to the Table S1,
the existing assembly lines or methods do not satisfy
the assembly requirements of LVEAs. Hence, in this
paper, we propose a collaborative assembly for LVEA
that will fully satisfy the assembly requirements of
LVEAs. The main contributions of this paper are as
follows:
1) A collaborative assembly method is proposed for
the assembly of a low-voltage apparatus (LVEAs).
2) An artificial potential field based on a planning
algorithm (AFPA) is proposed to achieve the assem-
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bly planning and dynamic interaction in the collaborative assembly of LVEAs.
3) An adaptive quantum genetic algorithm
(AQGA) is also proposed to optimize the assembly
processes.
4) A colored Petri net (CPN) model is constructed
for the analysis of the collaborative assembly.
This paper is organized as follows. In Section 2,
the problem of collaborative assembly is defined. In
Section 3, the methodology of the collaborative assembly is discussed in relation to the problem definition. In Section 4, an artificial potential field based on
the planning algorithm (AFPA) is proposed to achieve
assembly planning and dynamic interaction in the
collaborative assembly. Section 5 introduces the
adaptive quantum genetic algorithm (AQGA) to optimize the assembly balance. Section 6 describes how
the collaborative assembly line model is constructed
based on CPN, which is used to analyze the properties
of the collaborative assembling line. Section 7 describes how the effectiveness of the proposed collaborative assembly of LVEA was verified with experimental tests and how the results from the experiments were analyzed. In Section 8, the conclusions
are given. The main content of this paper is shown in
Fig. S1 (see supplementary materials for Figs.
S1-S17).
2 Problem Definition

3

and assembly times for each robot. With assembly
balance planning, each robot can perform many more
tasks in a given time. However, when changes occur
in the assembly processes, such as production shifts
or robot failures, the balance will be broken. The
whole assembly line needs to be adjusted to accommodate the new situation, and the adjustment has a
high cost. In the collaborative assembly of an LVEA,
the robots can exchange information with each other,
and when uncertainty happens, the robots can quickly
adjust themselves to maintain the stability of the assembly processes. For the whole assembly process of
an LVEA, the robot assembly is collaborative, and it
is necessary to maintain the dynamic interaction of
the robots to improve assembly efficiency. In brief,
the collaborative assembly of an LVEA has two main
challenges: a) robot interaction and self-government;
b) assembly planning and balance optimization. To
solve the problem mentioned above, certain assumptions are made, as follows:
1) Each robot can perform only two kinds of
simple assembling actions.
2) The assembly time of a task is constant and
known. The time may vary according to the types of
tasks.
3) Each task can be completed by one kind of
simple assembling action.
4) The time consumed in material flow is not
considered in this study.
5) The precedence diagrams are known, and the
division of tasks is not allowed.
6) The assembly time of the LVEA is constant.
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In the assembly of an LVEA, many specific
tasks have predetermined precedence relationships
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Fig. 1 A collaborative assembly
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3 Overview of Methodology
This section provides a practical overview with
respect to the identification of the collaborative assembly in the assembly of an LVEA. The collaborative assembly processes consist of many necessary
basic actions (inserting, putting, rotating, pressing,
sticking, and welding) that can be arranged and
combined in a particular order to complete the assembly. Each robot can perform two different basic
actions. Therefore, during the assembly processes,
based on the information and characteristics of the
LVEA released by the product information database,
robots can be scheduled to achieve specific assembly
functions according to a specific assembly action
sequence. When the product type is changed, the
assembly sequence of robots can be quickly reorganized to complete the assembly of the LVEA (the
framework of the proposed assembly line is shown in
Fig. 1). Additionally, for the efficient running of a
collaborative assembly line, the collaborative assembling methodology is proposed in this section. The
architecture of the collaborative methodology for
LVEA assembly is shown in Fig. S2 (see supplementary materials for Figs. S1-S17), and consists of a
series of four parts: Part I, Part II, Part III, and Part
IV. Each part has a specific function. Collaborative
assembly can be achieved in LVEA assembly with the
cooperation of these four parts.
In Part I, assembly planning with the AFPA is
proposed to assign assembly tasks to robots. The
robot number and task priority coefficient are obtained. In Part II, an adaptive quantum genetic algorithm (AQGA) is proposed to optimize the robot
number and task priority coefficient (assembly balance optimization). The distribution of tasks is optimized in this part. Accordingly, the assembly planning of the collaborative assembly is realized by the
combination of Parts I and II. In Part III, the dynamic
interaction based on the AFPA is proposed. In this
part, the robots can autonomously select tasks based
on the priority coefficient of all tasks. The robots can
communicate assembly information with each other
to maintain dynamic interaction by applying the
AFPA. In Part IV, color Petri-net theory (CPN) is
applied to construct the collaborative assembly model. The feasibility of the collaborative assembly for
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the LVEA is analyzed with the CPN model.
For the evaluation of the proposed collaborative
assembly, LE and SI (Özcan U, and Toklu B, 2009;
Battaia O and Dolgui A, 2013) are introduced. As
shown in Eqs. (1) and (2), the maximum value of the
LE is used to reduce the number of robots, and the
distribution of the assembly tasks among robots is
balanced by reducing the value of SI. Therefore, in
Part III, LE and SI are applied to evaluate the performance of the AFPA. In Parts I and II, the multi-objective optimization fitness (shown in Eq. (3)) is
introduced to evaluate the performance of the AQGA.
SI0 and LE0 are the initial values of SI and LE, respectively.
With dynamic interaction performance, the collaborative assembly has good compatibility in the
assembly of various LVEAs. Therefore, Eq. (4) is
introduced to evaluate the compatibility of the assembly line. In Eq. (4), it is assumed that there are two
types of LVEAs. The first type is model r, and the
second is model p. Sr and Sp are the numbers of
robots used in assembling model r and model p, respectively. ELr and ELp are the maximum values of
EL when assembling model r and model p, respectively. SIr and SIp are the minimum values of SI when
assembling model r and model p, respectively.
Therefore, when Sr=Sp, ELr=ELp, SIr=SIp, the value
of Cmp is equal to 1, and the assembly line has much
better compatibility.
m

 ST

(1)

s

,
LE= s 1
mC
m

  ST
SI=

s 1

max

 STs 

,

m

100  LE 0  SI
m
Fitness 

 2 ,
100  LE0 0  SI 0
C

Cmp 

(2)

Sr  1 ELr  1 SI r  1
,


S p  1 ELp  1 SI p  1

(3)
(4)

where STs is the assembly time of assembly station s, STmax is the maximum assembly time in all
assembly stations, m is the number of assembly stations and C is the assembly cycle of the product.
4 The artificial potential field-based planning algorithm
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In the collaborative assembly of an LVEA, each
robot has its own tasks. For robots of the same type,
confliction may occur when they select the same task.
For the tasks with no restriction in the assembly sequence, confliction may also occur when the tasks are
selected by one robot. Therefore, in the collaborative
assembly of the LVEA, interactive feedback is necessary between the robots and tasks, and for the
flexibility of the collaborative assembly, robustness is
also necessary in the assembly of the LVEA. To satisfy these requirements proposed above, an AFPA is
proposed in this paper.
The classical artificial potential field (APF)
method is a path planning approach to make a robot
move from its starting point to a goal (Khatib O,
1986) while avoiding obstacles on its way. In an APF,
an attracting APF is assigned to the destination point,
which attracts robots, and a repelling APF is assigned
to the obstacles, which repels robots (Montiel O,
Sepulveda R and Orozcorosas U, 2015; Tan DP et al.,
2018). Based on the influence of these two combined
potentials, the robots can move to their destinations.
The definition of the APF (Zhang JY and Liu T, 2007)
is listed in the Fig. S3 (see supplementary materials
for Figs. S1-S17).
Based on the theory of APF, the AFPA is proposed
for the collaborative assembly of the LVEA. In the
control of the AFPA, each task is attracted by the
robots, and the different kinds of tasks have different
values of the attracting force. Therefore, according to
the value of the attracting force, the assembly tasks
can be selected in sequence.
In the collaborative assembly of the LVEA, the
assembly tasks can be distributed to the robots
quickly before assembly, and the robots can interact
with each other dynamically during the assembly
process. Hence, the AFPA has two functions to control the collaborative assembly: a) the distribution of
the tasks before assembly, b) the dynamic control of
the interaction between robots and tasks. The definition of the AFPA is as follows.
i) The distribution of the tasks
In the distribution of the tasks, the main goal is to
achieve the scheduling of the robots statically. The
sequence of assembly tasks is determined, and the
priority coefficient  i of each task is obtained. It is

sembly actions).
ρsti  ωsti ηsti ,

assumed that in the AFPA,  sti exists between each
assembly robot and assembly task (one or more as-

(5)

where ρsti is the static potential distance for task
i, ωsti is the static potential of task i in the AFPA, and
ηsti is the static field charge of task i in the AFPA.
1

ωsti  e

1
msti ti

,

(6
)
where msti is the static quality factor of task i
and ti is the time cost in the completion of task i.
Therefore, the potential field force is calculated
as follows:
(7)
F
 esti μ ,
st  atti

stj

(8)
1
μstj ,
e3 sti
where Fst atti is the static potential attractive
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5

Fst  repi  

force of task i, Fst  repi is the static repulsive force
generated by task i, and μ stj is the class factor.
(
j α
1,
,
μstj  
9)
jα
0,
where α = {1,2,3. ..} and is the type number of
the assembly robot.
The  sti is given as follows:

ηstj 

e

Fst co ( i 1)

1

Fst co ( i 1)

,

(1
0)

e
Therefore, the force of the potential field Fst coi

is:
Fst -coi  Fst -atti  Fst -repi ,

(11)

According to the math model proposed above, the
distribution process of tasks with the AFPA is as follows.
1) Initialize each assembly task, with Fst atti = 0,
Fst  repi = 0.

2) Analyze and calculate the static potential ωsti
and the  sti of each assembly task in the potential
field.
3) Calculate the static potential forces generated
by
the
robots
for
assembly
tasks
Fst -coi  Fst -atti  Fst -repi . The robot with the largest
potential force Fst -co_max performs the corresponding
assembly tasks. Reset the potential field load of the
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value of the boundary attribute i of task i is shown
in Eq. (13):
n
(13)
λi  εi /  εi ,

selected task to 0.
4) Analyze and calculate the static potential ωsti
and sti of each assembly task in the potential field
again. Recalculate the static situational forces Fst coi

i 1

for unfinished tasks.
5) If Fst coi  Fst -co_max , perform the i-th assembly
task and reset the static potential and static field load
of the i-th task to 0. Otherwise, continue searching for
Fst -co_max .

where n is the number of tasks. Concurrently, the
task has a corresponding task excitation factor  i and
task guidance factor  i .
εi   i   i  1
i  1

6) Repeat steps 2-5 until the static potential of the
final assembly task and the static field load is reset to
0.
In this distribution process, the values of ti ,

sti , and msti are given first, the priority coefficient
 i of the tasks is obtained, the scheduling of the assembly robots is achieved, and finally the sequence of
tasks is determined.
ii) The construction of a dynamic interaction
pattern based on the AFPA in the assembly

U

(15)

In Eq. (15), n is the number of assembly tasks
and u is the number of tasks that are the same assembly type as task i.
The role of the assembly robot in the assembly
task has a particular scope. Namely, there is a
boundary between the assembly robot and the assembly task. Only within this boundary can the robot
act on the corresponding assembly task. This boundary was defined as the potential field boundary in this
research. For each assembly task, the corresponding
boundary entry value is given by the potential field
boundary Sti :
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After the distribution of assembly tasks with
the AFPA, each assembly robot acquires assembly
tasks correspondingly. If any robots fail, the corresponding tasks will not be completed, which will
affect the assembly of the product. Therefore, it is
necessary to set up a dynamic interaction pattern
between the assembly robots and tasks. Each assembly robot can be fully applied during the assembly
process, and the assembly process will not be stalled
due to robot failure. In this study, a dynamic interaction pattern based on the AFPA is introduced to
achieve dynamic, collaborative interaction between a
robot and a task. The related mathematical model is
defined below.
In the dynamic interaction, the assembly task
model is constructed first. Each task has a corresponding essential quality attribute.
 ei
Mti  
(12)
i
 K ×e

1
nu

(14)

Sti  Otli 1  i ,

(16)

where Otli 1 is the boundary coefficient of the
adjacent predecessor task i-1 of task i. When the
corresponding assembly task i-1 is completed,
Otli 1  1 . If task i-1 is not completed, Otli 1  (0,1) .
(17)
Valv  min(1 , 2 ,..., n)
Valv is the entrance threshold of the potential
field boundary. Only when Sti  Valv can assembly
tasks pass through potential field boundaries.
When assembly tasks cross the potential field
boundary, they are subject to the dynamic forces Frti
of the robot.
 j  j  M rj  Mti
(18)
Frti 

dri  j 2

where Mrj is the mass properties of robot j, dri  j

In Eq. (12), K   M t , where K is the product

is the dynamic potential distance between robot j and
a task i.  j is the state parameter of the assembly

of the primary quality attributes of the predecessor
tasks, which are directly adjacent to task i, Mti is the
primary quality attributes of task i. If task i is the

robot j. When robot j is idle,  j  1 , otherwise,

u
1

j

initial task, Mti = e λi , otherwise Mti = Ke λi . The

 j  1 :
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j 

7

(19)

Additionally,  j is the type factor of assembly

5 The AQGA algorithm

robot j. If the assembly tasks belong to assembly robot
j, then  j  1 . Otherwise,  j  0 .
When  j  1 , the task is attracted by Frti .
When  j  1 , the task is repelled by Frti for the
case of the AFPA.
According to the math model proposed above,
the dynamic interaction pattern with the AFPA in
assembly is as follows:
1) Initialize each assembly task. The corresponding
boundary coefficient Otli ranges from (0, 1). Ac-
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cording to the priority coefficient  i , calculate the
stimulus factor  i and its boundary attributes for each
task in the initial state.
2) Each assembly robot issues an assembly instruction  j  1 . The potential field boundary is

e
n

opened, and the threshold of the boundary entry is
taken as Valv  min(1 , 2 ,..., n) . Calculate the
boundary entry value Sti for each assembly task.

U

3) Determine whether the Sti of each task is
greater than the threshold of the boundary entrance. If
the value of Sti is higher than Valv, the corresponding
task i enters the potential field boundary.
4) Each assembly robot attracts the task in the potential field. The potential field force Frti of the task
is calculated. The robot and the assembly task are
matched in order according to the magnitude of potential force. When the robot obtains the corresponding assembly task, the state parameter of the
assembly robot  j  1 .
5) When task i is completed, its corresponding
boundary coefficient Otli is set to 1. The initial adjacent predecessor task boundary coefficient Otli 1 is
reset to its original value (ranging from (0, 1)). The
state parameter of the assembly robot is  j  1 .

In the collaborative assembly, with the different
assembly sequences of each assembly task, the required assembly time and the number of assembly
robots are varied. Therefore, in a collaborative assembly, according to the structure of the LVEA, it is
necessary to balance and optimize the number of
robots. In this study, the assembly time for the LVEA
was selected. Then, the number of assembly robots
(that is, the RALBP-1 assembly balance problem)
needed to be optimized. This is a non-deterministic
polynomial problem (NP-hard problem). Many previous studies have proven that evolutionary algorithms are effective in solving NP-hard problems (Li
L et al., 2021). To this end, an AQGA is introduced.
The quantum genetic algorithm (QGA) is a
probabilistic search optimization algorithm based on
the combination of quantum computing theory and
evolutionary algorithms. In the QGA, the chromosomes are represented by qubit encoding, and the
evolutionary search is completed by quantum gate
action and a quantum gate update (Yang J, Li B,
Zhang ZQ, 2003). Since the QGA has a small population size that does not affect the performance of the
algorithm, the QGA has a fast convergence speed and
strong global searchability. Hence, it has attracted
attention from researchers worldwide. In this study,
the combination of an QGA and an AFPA was used to
achieve collaborative assembly control. The specific
mathematical model of the AQGA can be given as
follows.
In the QGA, the smallest information unit is
represented by a qubit. The state of a qubit can be
expressed as follows:
(20)
j   j 0   j 1 .
In Eq. (20),  j and  j meet the following
conditions:
2

2

 j   j  1 , (j=1, 2, 3…..n).

(21)

6) Return to step 3) and perform the calculation
again until all assembly tasks are completed.
In this process, the priority coefficient  i of the

j ) is known as a probability bit of a qubit, expressed

tasks is given first, and the dynamic interaction pattern is established last.

as  j ,  j  .

Concurrently, a pair of complex numbers (  j ,
T
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In the real number-encoded QGA, the probability
amplitude is directly applied for encoding. The specific encoding scheme is shown in Eq. (22):
 cosi1 cosi 2 cosin 
qi  
...
.
(22)
 sin i1 sin i 2 sin in 
In Eq. (22), ij  2  rand , where rand is a ran-

fitness between the two generations. Accordingly, the
improved quantum phase rotation update formula is
as shown in Eq. (29):
(29)
  0   1   2 ,

dom number between (0,1); i = 1, 2, …, m; j = 1,
2, …, m is the size of the population, and n is the
number of quanta.
Assuming that the optimization variable solution
range is [Xmin, Xmax], the observed state of the quantum superposition is solved with Eq. (23):
0.5[X max (1  cos ij )  X min (1  sin ij )]
qchi  
,
0.5[X max (1  sin ij )  X min (1  cos ij )]

(23)

where i = 1, 2,. .., m, j = 1, 2,…, n, m is the size
of the population, and n is the number of quanta.
In the quantum phase rotation update, a method
based on the gradient of the objective function is
proposed (Li SY, Li PC, 2006) for controlling the
rotation phase step size, as shown in Eq. (24). Accordingly, we introduce an adaptive function based on
the maximum fluctuation. The adaptive function can
further control the search accuracy of the step size (as
shown in Eq. (24)) to avoid the local optimal situation.
 1  sign(Comp)  [1 

g (  )  gmin
gmax  gmin

(24)

In Equation (24), sign (Comp) is the phase
turning function, 0  [0 , 0 ]T is the probability
magnitude of the optimal solution for the current
search, and 1  [1 , 1 ]T is the probability amplitude
of
the
current
solution.
Additionally,
Comp  det(0 , 1 ) .
 2  ke

(1

1
)
aveg

(25)
In Eq. (25), k is the adaptive coefficient, and
aveg is the mean fluctuation function:
(26)
aveg  max( ,  ) ,
1

2

1  mean( fit (qchi ))  min( fit (qchi )) .

d
e
t
i
d

e
n

U

]

(27)

The size 1 is the absolute value of the difference between the average fitness value and the
minimum fitness value.
(28)
 ))
 2  mean( fit (qchi ))  m ea n( fit (qchi
The size  2 is the absolute difference in the mean

where  is the updated quantum phase and 0
is the original quantum phase. Therefore, the specific
implementation process of the AQGA is initiated as
follows:
1) Initialize the population. The population size n,
the number of qubits m, and the probability of quantum mutation Pm. are given. Population Q contains
many individuals, i.e., Q = {q1, q2, ... , qn}, where qj is
the j-th individual, and n is the number of individuals
in the population. A specific description is shown in
Eq. (22).
2) Construct the observed state of quantum superposition state Qchi according to the probability
amplitude of each body in Qi, where Qchi = {qch1,
qch2,… qchj…, qchn}, and where qchj is the observation
state of the j-th (j = 1, 2,. .., n) individual. A specific
description is shown in Eq. (22). In QGA, the process
of constructing the observation state Qchi from the
probability amplitude Q includes a decoding process,
and the actual values of the optimization parameters
are obtained after decoding.
3) Calculate the fitness of the observed state and
the optimal value.
4) Retain the best individual and determine
whether the termination condition is met. If the condition is satisfied, the algorithm is terminated; if not,
the next step is performed.
5) Calculate the phase of the quantum-revolving
gate according to Eq. (23), and apply the updated
quantum phase in Eq. (23) to act on the probability
amplitudes of all individuals in the population.
6) Perform quantum phase mutation operations to
generate a new population and update Qchi.
7) Perform fitness evaluation calculations and
calculate the optimal solution after phase-update
mutation.
8) Compare the previous optimal solutions with
the optimal solutions after the phase-update mutation.
If the optimal solution is degraded, the previous optimal solution is retrieved. If the optimal solution is
evolved, the optimal solution is replaced.
9) The evolution generation is increased, and the
algorithm returns to step 2). The execution of the

Lyu et al. / Front Inform Technol Electron Eng in press

9

calculation will not finish until the minimum robot
number is obtained.
1998) which are the most prominent and best-studied
class of Petri nets, and the formal definition of CPN
(Jensen K, 1990) is given in the Fig. S4 (see supplementary materials for Figs. S1-S17).
Accordingly, based on the overall design idea for
the collaborative assembly and CPN modeling theory,
the CPN collaborative assembly model comprises
mainly the place set P, transition set T, and arc set A.
Based on CPN modeling theory, the corresponding
place, transition, and arc set for each unit in the collaborative assembly were designed with the software
package CPN Tools (v.4.0.1). The place and the transition in the assembly model are defined in Figs.
S5-S7 (see supplementary materials for Figs.
S1-S17).

6 Construction of the collaborative assembly model based on CPN
To analyze the performance of the proposed
collaborative assembly of an LVEA, the assembly
model must be constructed. Since the collaborative
assembly process of an LVEA is characterized by
parallel, asynchronous, event-driven, deadlock, and
conflict elements (Xie N, 2006; Zheng X et al, 2014),
the entire assembly is a discrete event dynamic system (Zelenka J et al, 2010; Wang JX et al, 2021;
Charbonnier F et al, 1999). The primary modeling
methods of this type of system are classified as follows (New S, 1994; Andre E et al., 2016; Pan YE et
al., 2020; Zhang K et al. , 2022): 1) graphic–analytic
hybrid modeling theory, e.g., queuing theory, Markov
chains, and Petri net modeling theory, 2) modeling
theory based on artificial intelligence, e.g., agent
systems and Holon whole subsystems, 3) granularity
calculation analysis theory, and 4) modeling theory
based on matrix operation, among others.
Based on the assembly characteristics of the
LVEA, CPN modeling theory was applied to establish
the assembly model in this study. This model reflects
the sequence, parallel, synchronous, and asynchronous characteristics of discrete events, and colored
tokens are used to colorize different assembly tasks
and instructions. CPN theory is based on the
Place/Transition Petri nets (Desel J and Reisig W,
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7 Experimental analysis
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To verify the effectiveness of the collaborative
assembly of LVEA, in this work, a two-pole circuit-breaker controller with leakage protection
(TPCLP) was adopted, which is one kind of LVEA, as
an example for experimental analysis. The processor
of the computer used in this experiment was an Intel
(R) Core (TM) i5-6200U CPU, with 4G of memory,
and the experimental platform was Matlab R2016b.
During the assembly of the TPCLP, six assembly
functions were required: inserting, putting, rotating,
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pressing, sticking, and welding. After disassembling
and analyzing the product, in the assembly of this
product, 45 assembly tasks had to be performed, each
of which was represented by a corresponding letter. In
collaborative assembly, each robot can perform only
two assembly functions, so three robots with different
functions were needed to complete the assembly. The
corresponding relationship between the robot and the
assembly task is shown in Table S2(see supplementary materials for Tables S1-S16), where Rp represents an assembly robot with insertion and putting
functions, Rs represents a robot with rotation and
pressure functions, and Rw represents an assembly
robot with welding and adhesion functions. The constraints relationship between tasks is shown in Fig. S8
(see supplementary materials for Figs. S1-S17), in
which the number next to each task name mentioned
above is the time consumed in completing the assembly task.
During the collaborative assembly of the
TPCLP, some requirements had to be met: 1) In the
assembly process, it was necessary to satisfy the assembly constraint relationship between the various
tasks shown in Fig. S8 (see supplementary materials
for Figs. S1-S17). 2) During the assembly process,
assembly conflicts between robots and assembly tasks
had to be avoided. 3) Scheduling too many robots had
to be avoided since this can result in a waste of resources. Therefore, in a given assembly cycle, the
total number of robots employed had to be as low as
possible.
To verify the feasibility of the collaborative assembly proposed above, some functions were needed
in the experiment. First, the CPN model of collaborative assembly was established to analyze the interaction and self-governance of the robots. Second,
some evaluation parameters, such as IS, LE, and Cmp,
were calculated to analyze the assembly planning and
dynamic interaction of the collaborative assembly.
The main work of this part was as follows.
1) CPN model construction of the TPCLP assembly
According to the proposed collaborative assembly, taking a TPCLP as an example, the specific assembly of the cooperative assembly process was an-
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alyzed using CPN Tools. The entire assembly method
model primarily included a task data unit, assembly
robot unit, information-processing unit, and product
task-detection unit.
Additionally, some parameters needed to be set
before the assembly analysis. Based on the assembly
balance analysis of the AQGA, the number of the
robots varied with the values of the assembly cycle,
which can be found in Table S4 (see supplementary
materials for Tables S1-S16).
In this assembly analysis, the assembly cycle was
set to 90-time units. Accordingly, the number of robots was five, including two Rp-type robots, two
Rs-type robots, and one Rw-type robot. The number
of assembly products to be completed was ten. With
the combination of the assembly units, the CPN collaborative assembly model was as shown in Fig. 2.
Based on the CPN collaborative assembly model, the simulation-monitoring unit Monitor in CPN
Tools was used to analyze the interaction and
self-government of the robots. By applying the
“Count Transition” function in the simulation control
unit Monitor, some changes were observed in the
system (ASM_Rp011, ASM_Rp012, ASM_Rs011,
ASM_Rs012, ASM_Rw011, T_Rp, T_Rs, T_Rw),
and the finished task number of the five robots was
analyzed. The results are listed in the Table S5 (see
supplementary materials for Tables S1-S16). The
monitoring of the transitions T_Rp, T_Rs, and T_Rw
(shown in Fig. 2) detected the number of completed
assembly tasks in the assembly process. Overall, 330
inserting/putting tasks, 180 spinning/pressing tasks,
and 210 welding/sticking tasks were detected. According to the number of tasks obtained by each assembly robot, for the same assembly tasks, the number of tasks for the assembly robots was similar, and
each robot maintained good communication to balance the task distribution. Accordingly, as long as the
same type of assembly robot operated normally, the
failure of some robots would not affect the entire
product assembly process. Hence, the robots had a
good capability of self-government in the collaborative assembly of the LVEA.
The randomness of the distribution process of the
tasks should be considered during the assembly. In the
multi-batch simulation analysis, three confidence
intervals of 90%, 95%, and 99% were set to estimate
the probability of the assembly tasks completed by the
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robots. As shown in Fig. S9 (see supplementary materials for Figs. S1-S17), the average number of assembly tasks performed by each robot was obtained
from ten consecutive simulation analyses. In Fig. S9,
the abscissa is a given confidence interval value, and
the ordinate is the number of assembly tasks to be
performed by each assembly robot. When the confidence interval was 99%, the included tasks increased, but they all fluctuated substantially within a
stable interval. In Fig. S10 (see supplementary materials for Figs. S1-S17), the selected confidence interval was 95%, and the numbers of simulation
batches set were 5, 10, 15, 20, and 25. According to
the confidence curve, during the operation of the
assembly system, the number of tasks was stabilized.
The number of assembly tasks among robots of the
same type also tends to be the same. Therefore, it was
found that the robots had good interactivity to maintain the stability of the collaborative assembly.
2) Analysis of the AFPA and AQGA in collaborative assembly.
In the collaborative assembly of the TPCLP, the
AFPA and AQGA were applied to control the assembly process. Before TPCLP assembly, the number of
robots and the assembly planning are optimized.
During the TPCLP assembly, the assembly processes
are in a dynamic balance to maintain the effectiveness
and stability of the assembly. Therefore, in the experiment, we analyzed the effectiveness of the AQGA
that was applied in the optimization of the assembly
balance by comparison with other algorithms. The
AFPA is also analyzed to verify its performance for
assembly planning and dynamic interaction by comparison with some traditional assembly methods. The
details of the experiment analysis processes were as
follows.
First, the performance of the AQGA was analyzed by introducing typical genetic algorithms (genetic algorithm, GA; simulated annealing genetic
algorithm, GASA) (Ren CX, Zhang H and FAN YZ,
2015; Baykaso˘glu A, 2006), QGA (Yang J, et al.,
2003), and an objective function gradient-based
quantum genetic algorithm (RG-QGA) (Li SY and Li
PC, 2006), and the optimization comparisons were
carried out.
In the application of the typical genetic algorithms, some critical parameters needed to be set,
such as the population size, individual variable di-

U

mension, genetic generation, crossover probability,
and mutation rate. Based on previous research on the
genetic algorithm (K. Deb, 1999; Ji SM et al, 2012),
the critical parameters value range was as shown in
Table S6 (see supplementary materials for Tables
S1-S16). If the parameter values were not in the given
range, it was difficult to obtain the optimization results. According to the number of tasks, the individual
variable dimension was 45. Additionally, according to
the experiment analysis, the values of the quantum
rotation angle ranged from 0.01 to 0.5. When the
value was smaller than 0.01, the calculation burden is
increased. However, if the value is bigger than 0.5, the
optimization results were missed. Therefore, the relevant parameters of the compared algorithms were set
as shown in the Fig. S11 (see supplementary materials
for Figs. S1-S17).
In the comparative analysis of the algorithms,
the AQGA was compared with commonly used algorithms (including GA, GASA, RG-QGA, and QGA)
based on a combination of the AFPA. In this comparison, according to Table S7 (see supplementary
materials for Tables S1-S16), the theoretical assembly
cycle Ct of the TPCLP was set to 70, 90, 110, 130, and
150 time units. The target values of the analysis and
comparison were the fitness, LE, IS, and S. The specific analysis results were shown in Fig. 3 when Ct
was set to 90-time units. The results show that the
AQGA algorithm proposed in this paper showed
better optimization performance. This algorithm exhibited better convergence performance than the
compared algorithms (GA, GASA, RG-QGA, QGA),
and it was able to rapidly converge within a small
number of iterations without being limited to a local
optimum. Concurrently, the detailed results of the
comparison of the algorithms in different Ct are
shown in Table S7 (see supplementary materials for
Tables S1-S16). We found that through AQGA optimization, the obtained values (fitness, LE, SI, S) were
better than those of the compared algorithms. These
results were all better than the optimal values provided by several other algorithms. As shown in Fig.
S12 (see supplementary materials for Figs. S1-S17),
the AQGA was better than the compared algorithms
in the optimization of the robot number. For the different assembly times, the AQGA could calculate the
minimum robot number quickly. Hence, the AQGA
can improve the effectiveness of the assembly bal-
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Fig. 3 Comparative analysis of a combination of AFPAs with different optimization algorithms
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Additionally, to analyze the performance of the
AQGA more deeply, a non-parametric statistical test
was applied. Twenty simples were selected to be
tested. The statistical data of the different algorithms
are listed in the Table S8 (see supplementary materials for Tables S1–S16). The descriptive statistics and
ranks of RBN (robot number), SI, LE and FIT are
listed in the Tables S9-S10 (see supplementary materials for Tables. S1-S16). By analysis of Mean, Sd.,
Min., Max., and mean ranks, we can find that the
values (RBN, SI, LE and FIT) obtained by AQGA
were better than those of other algorithms. From Table S11 (see supplementary materials for Tables
S1-S16), we can also find that the values of
Asymp.Sig were all smaller than 0.05, so the sampling data obtained from the algorithms (AQGA, GA,
GASA, QGA, RQGA) were significantly different.
Second, the performance of the assembly
planning optimization and the dynamic interaction of
the AFPA was analyzed. The simple straight assembly
line (ST_line), two-sided assembly line (TS_line),
and U-shaped assembly line (U_line) were compared
with the collaborative assembly to verify the good
performance of the AFPA. Fig. 4 shows the assembly
resource allocation and optimization performance of

U

the collaborative assembly for the AFPA and AQGA.
Assembly cycles 90 and 150 were selected for comparison and analysis, the fitness values of various
assembly methods were compared, and the comparision of the LE, SI and robot number were as listed
in the Figs. S13-S15 (see supplementary materials
for Figs. S1-S17). It was also assumed that during the
assembly processes an assembly robot could perform
only two assembly actions (such as spinning/pressing,
inserting/putting, and sticking/welding). Therefore, in
the basic assembly line (ST_line, TS_line, U_line), at
least three different kinds of robots were required in
each assembly station. However, in the collaborative
assembly, each assembly station had only one kind of
assembly robot. Hence, Fig. 4 and Figs. S13-S15, it
can be found that for different assembly cycles, the
collaborative assembly had excellent assembly planning optimization and dynamic interaction performance compared with several other basic assembly
lines. The AFPA significantly improved the utilization efficiency of each robot and optimized the assembly resource distribution. Furthermore, for the
same assembly cycle, the collaborative assembly was
able to reduce the number of assembly robots to save
assembly cost.
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Fig. 4 The fitness values of various assembly methods for different assembly cycles

Additionally, to analyze the performance of the
AT_line more deeply, a non-parametric statistical test
was applied to analyze the performance among the
AT_line, ST_line, TS_line and U_line. In this statistical analysis, 16 simples were selected to be tested.
The statistical data of different assembly lines, descriptive statistics and ranks of RBN (robot number),
SI, LE and FIT are listed in Tables S12-14 (see supplementary materials for Tables S1-S16). By analysis
of Mean, Sd., Min., Max., and mean ranks listed in
supplemental materials, we found that the values
(RBN, SI, LE and FIT) obtained by AT_line are better
than those of other algorithms. From Table S15 (see
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supplementary materials for Tables S1-S16), we can
also find that the values of Asymp.Sig were all
smaller than 0.05, so the sampling data obtained from
assembly lines (AT_line, ST_line, TS_line and
U_line) were significantly different.
To analyze the dynamic interaction performance
of the AFPA, the values of LE, SI, S, Ct (the theoretical assembly cycle of the product) and Cr (the actual
assembly cycle of the product) were analyzed for
comparison with the values obtained before dynamic
interaction, and the compatibility assembly of various
products was introduced to analyze the performance
of the dynamic interaction performance.

Table 1 The effectiveness of the dynamic balance with AFPA

70

The optimization of the static
assembly resources using AFPA
S
LE
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Cr
11
0.31
0.72
70

The optimization of the dynamic interaction
with AFPA
S
LE
SI
Cr
11
0.74
0.49
63
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3
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3

0.89
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In this experiment, four assembly times of 70,
90, 120, and 150 were set to analyze changes in the
values of LE, SI, and Cr, which were compared with
the values obtained before the dynamic interaction of
the AFPA. The relevant results are shown in Table 1
and Fig. S16 (see supplementary materials for Figs.
S1-S17). Through comparative analysis, showed that
through the optimization of the dynamic assembly
process with the AFPA, the assembly collaboration
between the assembly robots was greatly improved
and the robots were fully utilized in the assembly
process. Additionally, the algorithm was able to re-

duce the assembly time and improve assembly efficiency. Under the control of the optimization of the
dynamic assembly process with the AFPA, the product assembly process was rendered relatively stable.
The values of LE, SI, and Cr remained essentially
unchanged or fluctuated within a fixed range of values for different cycles.
During assembly of the TPCLP, cooperative
assembly was achieved by comprehensively applying
the AFPA and AQGA. Table S16 (see supplementary
materials for Tables S1–S16) shows that compared
with several existing assembly lines, for the different
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assembly cycles, the collaborative assembly was able
to achieve a dynamic interaction between robots with
fewer robots, so it could improve assembly efficiency
and reduce assembly costs.
To analyze the compatibility of the collaborative
assembly, another kind of TPCLP was introduced in
the experiment, called Type 2. The first kind of
TPCLP discussed above is called Type 1. Compared
to the assembly of Type 1, Type 2 has the same assembly number but different kinds of assembly tasks,
which are shown in Fig. S17 (see supplementary
materials for Figs. S1-S17).
In the experiment, the collaborative assembly
line (AT_line) was compared to the existing tradi1.5
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tional assembly lines in terms of the compatibility of
the assembly process. The experimental results are
shown in Fig. 5.
According to Fig. 5, in the different assembly
cycles, the Cmp of the basic assembly methods
(ST_line, TS_line, and U_line) was much larger or
smaller than the value 1. The most significant value
was 2.767 and the smallest value was 0.119. However, the Cmp of the collaborative assembly line
(AT_line) was close to 1. The most substantial value
was 1.038, and the smallest value was 0.958. Hence,
with the dynamic interaction of the AFPA, the collaborative assembly line had better compatibility.

In this paper, we propose the collaborative assembly of LVEAs. Three objectives were considered:
1) the self-government of robots; 2) the assembly
balance of the collaborative assembly; 3) the assembly planning and dynamic interaction of the collaborative assembly. The results from analyses of these
objectives are summarized as follows.
1) Through the construction of the CPN collaborative assembly model, the self-government of robots
was analyzed in the collaborative assembly. As shown
in Figs. S9-S10 (see supplementary materials for
Figs. S1-S17), with the different confidence intervals
(90%, 95%, and 99%) all of the assembly robots finished the tasks with a relatively stable number. Additionally, in the different simulation batches (5, 10, 15,
20, and 25), each robot finished the tasks with a relatively stable number. Hence, the robots had good
performance to avoid assembly confliction in collaborative assembly. We also found that when one
robot was in fault, the assembly process was not interrupted. Therefore, the robot had good
self-government to improve the passive fault tolerance of the assembly process.

90

110
Ct

130

150

(c)

2) The AQGA applied to balance the collaborative assembly had better convergence performance
than the compared algorithms (GA, GASA,
RG-QGA, QGA). Furthermore, with the optimization
of the AQGA, the obtained values (fitness, LE, SI, S)
were better than the values optimized with the compared algorithms. Hence, the AQGA had better performance in collaborative assembly balance.
3) The AFPA was proposed to solve the assembly
planning and dynamic interaction of collaborative
assembly. Figs. S12-S15 (see supplementary materials for Figs. S1-S17) show that the application of the
AFPA, the collaborative assembly method could
achieve assembly planning and dynamic interaction
in LVEA assembly. Furthermore, compared with the
traditional assembly line, the collaborative assembly
method had better values in terms of the LE, SI, S,
and Cmp. Based on the above, we conclude that collaborative assembly can be effective in the assembly
of LVEAs.
However, considering an actual assembly situation, there are two research directions for LVEA
collaborative assembly. First, the collaborative assembly has passive fault tolerance, but when the assembly process is interrupted by multiple faults, the
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efficiency of LVEA assembly will be affected.
Therefore, the active fault tolerance of the collaborative assembly will need to be studied in the future.
Second, in LVEA collaborative assembly, the control
of assembly robots is distributed. Therefore, the distributed interactive communication method will need
to be researched in the future.
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