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Abstract: Aiming at the problem of difficult decision-making of manufacturing resource composition
optimization in part-level outsourcing of sewing machine case manufacturing, this paper proposes a
service composition optimization method based on bi-level programming. We analyze the structure
and production process of sewing machine cases, determine the required service composition of
manufacturing resources, and establish the evaluation index system of manufacturing service
composition in line with the interests of multiple parties; introduce the idea of bi-level programming,
and construct the optimization model of manufacturing service composition of sewing machine cases
based on bi-level planning; we analyze the characteristics of NSGA- II algorithm and the
improvement strategy, and complete the solution of the optimization model of manufacturing service
composition of sewing machine cases to achieve the combination optimization of the manufacturing
services of the machine cases. The combination optimization model of sewing machine case
manufacturing services is solved to realize the combination optimization of machine case
manufacturing services. The experimental results show the effectiveness and superiority of the
combination optimization method and algorithm improvement strategy in solving the combination
optimization problem of sewing machine case manufacturing, and the combination optimization of
sewing machine case cooperative manufacturing services is realized.

Keywords: sewing machine cases; collaborative manufacturing; composition optimization; bi-level
programming; NSGA-II algorithm

1. Introduction

Sewing machine case is the assembly benchmark component of sewing equipment, and its
processing and assembly accuracy directly determines the quality level and service life of sewing
equipment. Sewing equipment manufacturing enterprises are mainly small and medium-sized
enterprises, which leads to the problems of scattered manufacturing resources and insufficient
industrial collaboration in the processing of core components such as sewing machine cases, which
seriously hinders the high-quality development of sewing equipment manufacturing enterprises in
the agglomeration area and restricts the production efficiency of sewing equipment. Network
collaborative manufacturing, as a new intelligent manufacturing mode [1], can make full use of the
idle manufacturing resources in the industrial agglomeration area [2], realize the optimal allocation
of industrial resources in the manufacturing of machine cases [3], and shorten the manufacturing
cycle of machine cases. And how to efficiently realize the optimization of the composition of sewing
machine case manufacturing resources is the key to realize the optimal allocation technology of
sewing machine cases [4].

Manufacturing service composition optimization is one of the key issues in realizing optimal
allocation technology [5]. And the research of manufacturing resource composition optimization
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method in collaborative manufacturing environment is of great importance to the implementation
and development of collaborative manufacturing. Liu et al. [6] proposed a method for optimal
selection of guide roller cloud manufacturing resources based on a composite algorithm of extensible
clustering and fuzzy analytic hierarchy process (FAHP), which utilizes an improved extended
clustering algorithm in combination with FAHP to achieve the selection of optimal collaborative
manufacturing resources for the production equipment of the optimal guide rollers; Li et al. [7]
proposed a combination of service preferences based on an extended Gale-Shapley algorithm Li [8]
and others constructed a multi-objective preference model with service matching degree and
execution time as the preference objectives, and solved the model using an improved particle swarm
optimization algorithm to realize the combination recommendation of manufacturing services; Fazeli
[9] and others combined the characteristics of multiple heuristic algorithms and proposed a flexible
and extensible resource combination optimization method to achieve the optimal resource selection
of guide roll production equipment. expandable resource combination optimization method, which
realizes the recommendation of the optimal resource combination scheme. In service composite
optimization problem solving, meta-heuristic algorithms have become mainstream in recent years,
and the common ones are Multi-objective Genetic Algorithm [10] (NSGA-II), Improved Strength
Pareto Evolutionary Algorithm [11] (SPEA2), Zebra Optimization Algorithm [12], Particle Swarm
Optimization (PSO) [13], and Harris Hawk Optimization algorithm [14], etc. Liang et al. [15]
proposed a Qos-Aware collaborative manufacturing service composition selection method based on
deep reinforcement learning algorithms, and achieved optimal recommendation of manufacturing
service compositions through model training; Huang et al. [16] proposed a two-dimensional
preference mechanism and method of manufacturing services, which solves the problems of
personalization, cost, and response time in the process of providing on-demand services. The
coupling and contradiction problems in terms of personalization, cost and response time in the
process of on-demand service provision are solved, and the efficiency of collaborative manufacturing
is improved.

In summary, there are some key problems in sewing machine case manufacturing service
composition optimization:

1. the feature information of the case equipment manufacturing resources is complex, and the
model applicable to sewing machine case manufacturing service composition optimization has
not yet been established;

2. the existing solution algorithms are less efficient and prone to fall into local optimum when
solving large-scale service composition optimization problems.

Aiming at the above problems, this paper proposes a service composition optimization method
for sewing machine case manufacturing in collaborative manufacturing environment. Firstly, we
analyze the structure and process flow of sewing machine case, realize the task decomposition at
process level, and put forward the evaluation index system of collaborative manufacturing service
composition optimization for sewing machine case; secondly, we construct the mathematical model
of sewing machine case manufacturing composition optimization based on the interests of the
demand side of sewing machine case manufacturing service and the service side of sewing machine
case manufacturing resources as the upper and lower layers of the bi-level programming model;
lastly, we construct the mathematical model of sewing machine case manufacturing composition
optimization based on NSGA-II algorithm to solve the large-scale service composition optimization
problem. Finally, based on NSGA-II algorithm, the solution of the bi-level programming model of
case manufacturing service composition optimization is completed.

2. Materials and Methods

2.1. Materials

This paper centers on the most common sewing machine case. Combined with industrial site
research and literature combing, the fine machining process and assembly process of sewing machine
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cases are summarized with a focus on fine machining of the cases, as shown in Figure 1. The main
processes of case processing and manufacturing include rough milling of the head, fine milling of the
head, drilling of the head, rough milling of the base, fine milling of the base, drilling of the base and
assembling and molding, etc., which involves more than 20 machine tools for rough milling, fine
milling, drilling and assembling and more than 30 processes.
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Figure 1. Sewing machine case structure and production process flow.

2.2. Service Composition Optimization Problem Analysis

Manufacturing service composition selection is one of the key issues in realizing the optimal
allocation technology. Collaborative manufacturing service composition is to select suitable
manufacturing services from the cloud pool of manufacturing services with different processing
capabilities, compose them into manufacturing service compositions to perform manufacturing tasks,
and construct large-grained part-level manufacturing resource services by combining multiple
process-level manufacturing resource services to satisfy the complex needs of the demand side of the
manufacturing resources and realize the optimal allocation of resources for the sewing machine case
manufacturing industry. Optimized allocation of resources in the manufacturing industry.

The task demand in collaborative manufacturing is continuous and personalized, when the
manufacturing demand is submitted to the cloud platform, it will be transformed into a
manufacturing task, the cloud platform will decompose the manufacturing task into multiple sub-
tasks according to the process flow, and each sub-task corresponds to a set of candidate
manufacturing services capable of completing the sub-task; and after that, a manufacturing resource
is selected from each set of candidate manufacturing resources to form the combination of


https://doi.org/10.20944/preprints202501.2266.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 January 2025 d0i:10.20944/preprints202501.2266.v1

4 of 17

manufacturing services, and the optimal optimization goal that meets the goal is obtained according
to the selected optimization goal. After that, a manufacturing resource is selected from each candidate
manufacturing resource set to form a manufacturing service composition, and according to the
selected optimization objective, the optimal manufacturing service composition that meets the
objective is obtained. The manufacturing service composition optimization process is shown in
Figure 2.

Manufacturing Task Candidate Manufacturing

Manufacturing resource analysis 5 .
Decomposition Resource Collection

C Evaluation Indicator System

QoS indicators _Ability to respond to changes
QoS indicators L :
in manufacturing tasks

Ability to respond to changes

Flexibility indicats ; :
l l l CADIIARIcAtons in manufacturing resources

Time Cost Quantity
Service evaluation

: Service composition optimization

Demand side of .
manufacturing services (U) min F(x,y)

st.G(x,y)<0

(D) min f(x,y)

Cloud Service Platform s4.2(x,1) <0

Operator

Figure 2. Process of manufacturing resource service composition optimization.

1. Manufacturing resource analysis and task decomposition: when a demand-side user submits a
manufacturing demand to the collaborative manufacturing platform, the demand is first
transformed into a manufacturing task T. At the same time, on the basis of researching and
analyzing the manufacturing resources required for the manufacturing task, the manufacturing
task is decomposed into n sub-tasks (STi1, ST, ..., ST;, ..., STx). For each sub-task ST, there exist
mi manufacturing resources that can satisfy the demand, therefore, the sub-task ST; its
corresponding set of candidate manufacturing resources is CMR={CMRi1;, CMRa,..., CMRin};

2. Constructing combination optimization evaluation indicator system: the construction of
composition optimization evaluation indicator system is a key step to realize the construction of
the composition optimization model. Considering the interests of the service demand side and
the platform operator, we construct the composition optimization evaluation indicator system
from the aspects of QoS indicators and flexibility indicators;

3. Modeling and solving of manufacturing service compositions optimization: the idea of bi-level
programming is introduced into the field of manufacturing service compositions optimization,
and the mathematical model of manufacturing service compositions optimization for sewing
machine cases is constructed by taking the QoS indexes and the flexibility indexes as the
optimization objectives of the upper and lower levels, respectively. The solution of
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manufacturing service combination optimization problem is an NP-Hard level problem, which
needs to be solved by global optimal Pareto solution to meet the demand.

2.3. Sewing Machine Case Manufacturing Service Composition Optimization Method

The realization of collaborative manufacturing of sewing machine case is composed of
collaborative platform management, collaborative manufacturing service demand side and
collaborative manufacturing service provider, and the three together decide the result of case
manufacturing service composition optimization, and the establishment of manufacturing service
composition optimization evaluation index system is the basis for the realization of the above
composition optimization. Therefore, in the process of establishing the evaluation index system of
manufacturing service composition optimization. Firstly, the service quality requirements of the
demand side of collaborative manufacturing services should be considered; and secondly, the
flexibility indexes of the management side of the collaborative platform for the combination
preference of sewing machine case manufacturing services should also be considered. According to
the above requirements, the evaluation indexes and decision-making process of sewing machine case
manufacturing service composition optimization are obtained, as shown in Figure 3.

Case Co-Manufacturing Platform
Operator

Flexibility
indicators

< Case Collaborative
3 Manufacturing Platform

Q9
&
&

Qo%

Manufacturing
. Services .
Demand side of Case Case manufacturing resource
manufacturing resources providers
Figure 3. Decision-making process for evaluating the service composition of case manufacturing resources.

2.4. Sewing Machine Case Manufacturing Service Composition Optimization Evaluation Index System

In the process of completing the collaborative manufacturing tasks of sewing machine cases, the
demand side of the collaborative manufacturing services of sewing machine cases mainly focuses on
the total time spent on the collaborative manufacturing tasks, the total cost, and the quality of the
core indicators, i.e., to complete the collaborative tasks of the case of the preferred composition of the
manufacturing resources of the quality of the service factors; the management side of the
collaborative manufacturing platform of the case mainly focuses on the preferred composition of the
collaborative manufacturing services of the case of the collaborative manufacturing tasks. Flexibility
indicators, i.e., the response ability of the collaborative manufacturing service provider in the case of
changes in manufacturing tasks and manufacturing resources, also includes indicators such as the
evaluation of the case collaborative manufacturing services. According to the above requirements,
this paper establishes the evaluation index system for the optimization of the service composition of
sewing machine shell manufacturing resources under the cooperative manufacturing environment,
as shown in Figure 4.
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Evaluation indicator system for case manufacturing resources composition optimization

v v

= QoS indicator Flexibility indicators —
Processing and Functional diversity of case
manufacturing time(7%,) manufacturing resources(Fy,)
> Time(T) Waiting time for Types of resources for case Ability to respond to changes in
processing(7,.) manufacturing(F,,) manufacturing tasks(F7)
Equipment transportation Number of cooperative
time(7,,,,) enterprises(F.)
Number of cooperative
Processing and enterprises(F¢)
> Cost(C) insfactunngieosts (@) Reliability of case Ability to respond to changes in l
Equipment transportation ~ Mmanufacturing resources(£7.) manufacturing resources(F)
costs(Cir) Number of resources for
Stz Coattoniittsy manufacturing enclosures of

> Quality(Q) —»

Rate(Qs) the same function(F’,) Service evaluation(F) <«

Figure 4. Evaluation indicator system for case manufacturing resource service composition optimization.

The QoS metrics of the sewing machine case collaborative manufacturing service composition

evaluation index system include time T, cost C, and quality Q, as follows:

1. Time indicator T: includes processing and manufacturing time T, processing waiting time T
and equipment transportation time Tus;

2. Costindicator C: includes processing and manufacturing costs Cx and equipment transportation
costs Cu;

3. Quality indicator Q: The quality indicator for the portfolio of manufacturing services is
expressed in terms of the average quality pass rate of the individual manufacturing services Qs,
i.e.,, the quality pass rate of the manufacturing service provider in accomplishing the relevant
tasks.

In addition to QoS metrics, manufacturing services are also affected by the status of the service
provider during the completion process, therefore, this paper proposes sewing machine case
collaborative manufacturing service composition optimization flexibility metrics, including the
sewing machine case manufacturing service provider's ability to cope with changes in the
manufacturing task Fr, the ability to cope with changes in the manufacturing resources Fr, and the
service evaluation Fr, which are detailed as follows:

1. Response capacity in case of changes in manufacturing tasks Fr: including functional diversity
of case manufacturing resources Fg, types of case licensing resources Fy and number of
cooperating companies F;

2. Response capacity in case of changes in manufacturing resources Fr: including the number of
cooperative enterprises F., the reliability of case manufacturing resources Fr, and the number of
case manufacturing resources of the same function Fa.

2.5. Mathematical Modeling of Sewing Machine Case Manufacturing Service Composition

The multi-objective composition optimization problem of sewing machine case manufacturing
resources involves the interests of the management of the collaborative manufacturing platform and
the demand side of the collaborative manufacturing services, and in the process of composition
optimization, both sides will aim at improving their own interests, and there is also the problem of
mutual influence between the variables of the two sides. Therefore, the multi-objective compositional
optimization problem of chassis manufacturing resources needs a better method to be solved.

Bi-level programming [17] is an important concept in the field of operations research, in the bi-
level programming model, there usually exists an upper level and a lower level decision maker, the
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two sides of the decision-making have their own objective function and constraints, and there is a
mutual influence relationship between them. The upper decision maker makes the optimal decision,
the lower decision maker finds the optimal solution according to its own objective function and
constraints on the basis of the optimal decision of the upper layer, and feeds back the decision result
to the upper decision maker to find the global optimal solution of the problem.

According to the concept and definition of bi-level programming, the mathematical expression
of the bi-level programming model for housing manufacturing resource composition optimization
established in this paper is shown in Equation ((1):

(U)min F(x,y)
st. G(x,y)<0
(L)min f (x, y) '

st g(x,y)<0

@

Where U is the upper level of the programming model; L is the lower level of the programming model;
F is the objective function of the upper level of the programming model; x is the decision variable of
the upper level of the programming model; G is the constraints on the decision variable x; f is the
objective function of the lower level of the programming model; y is the decision variable of the lower
level of the programming model, ¥ = y(x); and g is the constraints on the decision variable y.

In the bi-level programming model for optimization of the composition of sewing machine case
manufacturing resources, the upper and lower levels of the preference problem are independent of
each other, but there is a certain connection in the process of compositions optimization, which not
only pays attention to the demand side of the demand side of the service of the case manufacturing
resources, but also pays attention to the risk that the management side of the collaborative
manufacturing service platform is dealing with. Therefore, the idea of bi-level programming is
applied to the case collaborative manufacturing to solve the composition optimization problem of
the case manufacturing resources, and the realization principle is shown in Figure 5.

Upper-level decision-making body

Send back

o
L
Austerity _\I | 7 information

Subordinate Decision-Making Body

Figure 5. Case manufacturing resources composition optimization bi-level programming models.

1. Upper level programming model, the optimization objectives of the upper level programming
model include minimum total time, minimum total cost and optimal quality:
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U) minS =W (T/ T, )+ We(C/ Co ) +W(Q/ Q)

2
st. TST_;C<C_;Q.(0)=Q. . ,i=12,n 2

2. Lower tier programming model, the lower level flexibility metrics optimization objectives for
the sewing machine case manufacturing service composition include optimal coping capacity
when manufacturing tasks change, optimal coping capacity when manufacturing resources
change, and the highest evaluation of capable services:

(L) max F=(F,,F,,F,)

st. Fo()2F, .i=12,,n;
E,(D)2F st =1,2,,m;
E ()2 F iy 1 =12, 15 3)
F.0)2F, .. i=12,--,n;
(D)2 F 1 =1,2,0m5
F.G)z2F,, . i=12,--,n;

;

3. Construction of bi-level programming model for enclosure manufacturing resource composition
optimization under demand preference. To summarize, the bi-level planning model for case
manufacturing resource composition optimization under collaborative manufacturing
environment:

U) minS=W,(T/T,)+W.(C/C,)+W,(0/0,,)
st. T<T ;C<C_;0.0)20,..,i=12,---,n

(L) max F =(F,,F,,F,)
st. Fo()2Fn.i=1,2,,m;

Fy(i)2 Fypsi =1,2, 15 @)
E(D)2F, i =12,m;
Fo(@) 2 F s =12,0,m5
F,()2F, i =12, m;
F,()2F,  ,i=1,2-n;

Where Wi, We and W, denote the weighting coefficients of time, cost and quality, respectively. Toax,
Cmax and Qmar represent the constraints of the demand side of manufacturing resources on time, cost
and service quality, respectively, and Qmax=1-Qmin. Ffumin, Ftymin, Fremin and Fsamin denote the constraints of
the operator of the platform on the service indicators, respectively. Feomin denotes the minimum
number of cooperative enterprises, and Fenin denotes the minimum service evaluation value required
by the platform manager.

2.6. Solving a Bi-level Programming Composition Optimization Model for Sewing Machine Case
Manufacturing Resources

Under the collaborative manufacturing environment, the solution of the case manufacturing
resources composition optimization problem, as the key to realize collaborative manufacturing,
determines the fundamental interests of multiple parties, such as the demand side of manufacturing
resources, the service side of manufacturing resources and the management side of the collaborative
manufacturing platform. Evolutionary multi-objective optimization, as an effective search method,
can realize the composition optimization of case manufacturing resources by algorithmically solving
the Pareto optimal solution set of the mathematical model, and has been widely used in the field of
multi-objective optimization. With the evolution of evolutionary multi-objective optimization
algorithms, the fast non-dominated sorting genetic algorithm with elite strategy (NSGA-II) is
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proposed as one of the most excellent evolutionary multi-objective optimization algorithms so far,
and this paper will also be based on the NSGA-II algorithm, and the process of solving the bi-level
programming model using the NSGA-II algorithm is shown in Figure 6.

Begin
v

Initializing populations
!
Sorting populations according to the
lower objective function
!
g=0
Y
Selection, crossover, mutation
!
g=g+1 merging of populations
!
Undominated rank ordering,
calculation of congestion

!
Stock pruning

g<Gmax

N
Sorting populations according to the
upper level objective function

Figure 6. NSGA-II process for solving bi-level programming models.

1. Genetic coding of resource compositions for case manufacturing, under the constraints of the
upper and lower objective functions of the bi-level programming model for case manufacturing
resource composition optimization, the search space of the NSGA-II algorithm is determined
and the case manufacturing resource compositions are coded to form the corresponding
individual genes. The result of decimal coding with a random composition of manufacturing
resources (CMR15. CMR23. CMR31. CMR44. CMRs2) is 5-3-1-4-2;

2. Initializing the population of manufacturing resource composition of sewing machine case,
randomly generate the initial population Py of the manufacturing resource composition with the
number of individuals N. Sort each individual in the population according to the non-dominated
rank, complete the division of individuals into different ranks, and calculate the dominated set
of individuals, the number of dominated individuals sorted and the degree of crowding;

3. The cross mutation generates a new population of sewing machine case manufacturing resource
composition, and the binary tournament is utilized to select the excellent individuals of the case
manufacturing resource composition from the population Pg, and the cross mutation operation
is carried out to generate the progeny population Qg with the number of N;

4. Merge the sire and daughter sewing machine case manufacturing resource composition
populations, and merge the case manufacturing resource composition populations Pg and Qs to
form a new population R; with a number of 2N;

5. Non-dominated rank ordering, calculation of crowding, and fast non-dominated ordering of the
sewing machine case manufacturing resource composition population R; and calculation of
inter-individual crowding;

6. Sewing machine case manufacturing resource composition population pruning, using the elite
retention strategy as a criterion, optimization of the highest rated N sewing machine case
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manufacturing resource compositions, and fusion of these N case manufacturing resource
compositions to generate a new population Pg+1;

7. Repeatedly iterating the composition of sewing machine case manufacturing resources,
repeating the steps of non-dominated sorting, congestion calculation, selection, crossover and
mutation, and setting the stopping conditions, such as reaching the maximum number of
iterations or convergence, the Pareto-optimal set of solutions for the upper level objective
function is obtained;

8. Calculate the optimal solution of the lower objective, take the optimal solution of the upper
objective function as the feasible solution set of the lower objective function, use the results of
the calculation of the objective function value to complete the sewing machine case
manufacturing resource composition advantages and disadvantages of sorting, sorting of the
first composition of the manufacturing resources that is the optimal solution of the bi-level
programming model.

3. Results

In order to verify the superiority and feasibility of NSGA-II algorithm to solve the bi-level
programming model, the algorithm performance comparison, arithmetic analysis and specific
examples are designed respectively. The experimental validation is completed using MatLab
software, the operating system is windows 10 and the running space is 16GB.

3.1. Algorithm Performance Comparison

1. The Hypervolume Metric (HV) [18], measures the volume of the target space constituted
between the set of nondominated solutions and a reference point, with the expression shown in
Equation (5).where is the Lebesgue measure used to measure the volume; S denotes the set of
non-dominated solutions; |1S| denotes the number of non-dominated solutions; vi denotes the
hypervolume formed by the reference point and the i solution in the solution set;

Is|
HV:J(LSJV,) (5)
i=1

2. Generation Distance (GD) is a kind of index for evaluating the convergence of multi-objective
optimization algorithm, the smaller the value of GD indicates that the solution is closer to the
real Pareto solution set, and the better the convergence performance, the specific expression is
shown in Equation (6).where P is the set of non-dominated solutions on the frontier derived by
the algorithm, P* denotes the solutions distributed on the optimal Pareto frontier, d(a,b) denotes
the minimum Euclidean distance between the two decision-making subjects of the game, and P
is the total number of solutions on the Pareto frontier obtained;

!
GD(P,P") =L(Zd2 (a,b)jz (6)
|P | beP .

In this paper, using the self-constructed dataset of the group, we simulate the manufacturing
resource combination selection process for sewing machine case manufacturing requirements, and
analyze the effectiveness of NSGA-II algorithm on sewing machine case manufacturing resource
combination optimization by comparing the evaluation indexes of the selected algorithms. PSO [19],
PBO [20], MODE [21] are introduced to compare the algorithms with NSGA-II, and the initial
conditions of various algorithms are set in the same experimental environment as shown in Table 1.

Table 1. Parameterization of individual algorithms.

Arithmetic Parameters

Weight damping rate: 0.99, Individual learning coefficient:

PSO 1, Global learning coefficient: 2, Variability rate: 0.1,
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Number of grids per dimension: 10, Expansion rate: 0.1,
Leader selection pressure: 4, Deletion selection pressure: 2
Maximum number of iterations: 200, Population size: 50,
PBO External archive size: 100,Crossover ratio: 0.7, Variation
ratio: 0.4, Variation rate: 0.02
Maximum number of iterations: 200, population size: 100,
MODE external archive size: 50, scaling factor: 0.5, crossover
probability: 0.2
Maximum number of iterations: 200, Population size: 100,
NSGA-II External archive size: 50, Crossover ratio: 0.7, Variation
ratio: 0.4, Variation rate: 0.02

The demand side of the sewing machine case manufacturing service publishes its own part
demand in the case collaborative manufacturing platform, and the collaborative manufacturing
platform completes the above process-level task splitting of the case part manufacturing, and at the
same time, it uses this as an arithmetic example of the bi-level programming model to decompose the
case manufacturing resources and service demand matching task. The five process-level
manufacturing tasks of the case header can be decomposed into five processes: header finishing
milling, header drilling, base rough milling, base finishing milling and base drilling, and assuming
that each process corresponds to 50 candidate services, the instances of the manufacturing tasks of
the case header of the sewing machine can be expressed as (5-50), so in order to further validate the
applicability of the NSGA-II to the problems of different scales of the manufacturing of the case of
the sewing machine, this case study is extended to include nine sewing machine case manufacturing
problems of different scales, denoted as {(5-50), (5-100), (5-150), (10-50), (10-100), (10-150), (15-50), (15-
100), (15-150)}, each algorithm was run independently for 30 times and calculated according to
Equation (5, 6, and 7), and the specific data obtained are shown in Tables (2 and 3).Results of GD and
HV metrics for all algorithms. The optimal results of the different algorithms are marked in bold, and
(Mean/Std) indicates the mean and standard deviation.Combining the data in Tables (2 and 3), the
statistical results are as follows. In terms of GD metrics, the NSGA-II algorithm performs best in all
scales except (5-100) and (5-150), while PBO obtains the best GD value only in the scale of (5-100). The
best GD value is obtained by PBO only on the (5-100) scale, and MODE achieves the best result only
on the 10-150 scale, while the other algorithms do not achieve the best average value. In terms of HV
metrics, NSGA-II achieved the best values on all nine scales for the sewing machine case
manufacturing problem.

Table 2. GD indicator results.

GD 5-50 5-100 5-150 10-50 10-100 10-150 15-50 15-100 15-150
Mean 448E- 4.25E- 2.04E- 6.65E- 4.25E- 8.65E- 1.99E- 8.26E- 4.52E-

PSO 02 02 01 02 01 02 01 01 02
Std 3.36E- 1.31E- 2.69E- 8.52E- 8.49E- 1.52E- 5.23E- 9.34E- 6.77E-

02 02 02 02 02 02 02 02 03
Mean 5.36E- 3.25E- 523E- 5.86E- 2.26E- 3.59E- 2.26E- 2.72E- 1.59E-

PBO 02 01 01 01 01 01 01 01 01
Std 4.35E- 248E- 526E- 3.40E- 5.81E- 1.29E- 2.23E- 591E- 9.32E-

03 02 02 01 03 02 02 02 03
Mean 798E- 598E- 3.43E- 3.99E- 3.65E- 1.17E- 4.64E- 5.67E- 1.49E-

MODE 02 01 01 01 01 02 01 01 01
Std 2.26E- 294E- 2.24E- 4.57E- 1.18E- 2.75E- 8.69E- 1.24E- 8.98E-

02 03 02 01 01 03 02 01 03
2.37E- 5.69E- 2.46E- 2.33E- 1.48E- 2.56E- 1.79E- 2.32E- 1.14E-

NSGA-II Mean 02 01 01 01 01 02 02 01 01
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5.69E- 3.89E- 9.23E- 6.66E- 2.80E- 1.93E- 1.45E- 1.80E- 1.27E-

Std 02 02 02 02 02 01 03 01 02

Table 3. HV indicator results.

HV 5-50 5-100 5-150 10-50 10-100 10-150 15-50 15-100 15-150
Mean 2.78E- 3.68E- 1.99E- 5.88E- 9.53E- 1.19E- 1.35E- 5.11E- 9.56E-

PSO 02 02 01 02 02 02 01 01 02
Std 4.22E- 3.68E- 9.48E- 6.68E- 248E- 1.68E- 1.68E- 1.99E- 1.58E-

03 02 02 02 02 03 02 01 02
Mean 556E- 3.11E- 1.17E- 3.54E- 3.21E- 4.22E- 1.47E- 6.72E- 6.34E-

PBO 02 02 01 03 01 02 02 02 01
Std 6.55E- 2.44E- 5.68E- 3.68E- 5.81E- 1.58E- 2.22E- 5.91E- 9.32E-

03 02 02 01 03 02 03 02 03
Mean 722E- 3.68E- 1.14E- 6.67E- 6.35E- 4.37E- 1.58E- 9.64E- 5.29E-

MODE 02 02 01 03 02 02 01 02 02
Std 2.38E- 2.59E- 298E- 5.89E- 1.68E- 1.76E- 8.68E- 2.28E- 5.34E-

02 02 02 03 01 03 02 01 03
Mean 6.58E- 4.25E- 2.04E- 6.65E- 4.25E- 4.69E- 1.99E- 5.26E- 6.46E-

NSGA-II 01 02 01 02 01 02 01 01 01
Std 3.98E- 6.31E- 2.69E- 7.36E- 8.48E- 1.36E- 5.69E- 9.35E- 9.48E-

02 02 02 02 02 02 02 02 03

3.2. Arithmetic Analysis

A quantitative analysis of the four algorithms of different sizes was carried out by comparing
their average fitness statistics and computational time consumption statistics on 20 sewing machine
case heads manufacturing composition optimization problems, as shown in Figure 7. Figure 7a shows
the best average fitness of the four algorithms under the conditions of population size of 100 and
iteration number of 200, and it can be seen that the fitness all tends to level off when the number of
iterations is 65, and it can be seen by observing the green curve that the NSGA-II algorithm has the
lowest value of best fitness and the fastest speed of convergence in dealing with the sewing machine
case head manufacturing composition optimization problem, which can show that the NSGA-II
algorithm performance is better than the performance of the remaining three algorithms. From Figure
7b, the convergence time of NSGA-II algorithm is slightly less than PSO algorithm for small scale
sewing machine case head manufacturing composition optimization problem, but less than PBO
algorithm for larger scale sewing machine case head manufacturing composition optimization
problem, whereas MODE algorithm consumes more time than both algorithms, PBO algorithm
consumes the longest time and is almost as fast as the other three algorithms. The PBO algorithm
consumes the longest time, which is almost three times the time consumed by the NSGA-II algorithm.
(b) Average adaptation

100 - (a) Average adaptation
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Figure 7. Average fitness statistics and computational time consumption statistics on the composition

optimization problem for manufacturing sewing machine case heads.
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3.3. Specific Examples

In order to more intuitively compare the performance of each algorithm in terms of solving the
optimal QoS scheme, a self-built database is used to obtain the data distribution graph shown in
Figure 8. Figure 8 shows the distribution of the optimal QoS solutions obtained by the four algorithms
on the 20 sewing machine case header manufacturing composition optimization problems..Most of
the red data points obtained by the NSGA-II algorithm are located in the uppermost region, which
indicates that the NSGA-II algorithm can achieve better quality metrics in dealing with the problem
of composition optimization of sewing machine case heads manufacturing, and for the time metrics
and the cost metrics, the NSGA-II algorithm can always be located in the region of relatively small
values as well. It is noteworthy that as the problem size increases, the NSGA-II algorithm consistently
generates solutions that are distributed in the uppermost region. This phenomenon also
demonstrates the applicability of the NSGA-II algorithm when dealing with large-scale sewing
machine case heads manufacturing composition optimization problems.

NSGA-11 NSGA-11
PSO PO

XX X
XX X1
°
XX X1

PBO

° PBO ) °
MODE s - 3
55

MODE

PBO
MODE

NSGA-T1
PSO

PBO

@ MODE

NSGA-T1
PSO

PBO
MODE

NSGA-T1
PSO

PBO
MODE

lec0e®
lec0e®

Figure 8. Distribution of optimal QoS solutions on the composition optimisation problem of sewing machine

case heads manufacturing.

By introducing the QoS normalization formula in Equation (7) and the flexibility indicators in
the evaluation index system, the distribution of the solutions of the four algorithms at different scales
on the 20 sewing machine case head manufacturing composition optimization problems can be
obtained as shown in Figure 9. Figure 9 shows the solutions of the four algorithms in different scales
on the 20 sewing machine case head manufacturing composition optimization problems, it can be
clearly seen that in the results of different scales of composition optimization, the solutions solved by
NSGA-II algorithm are always located in the upper right side of the statistical chart, which indicates
that the NSGA-II algorithm has some advantages in solving the bi-level programming model, and it
can always give the optimal solution. . However, the MODE algorithm gives worse results than the
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other algorithms in solving bi-level programming models, and the PSO algorithm and PSO algorithm
give comparable results between the NSGA-II algorithm and the MODE algorithm in solving bi-level
programming problems of different sizes.
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Figure 9. Distribution of solutions to the problem of optimization of the composition optimization of the

manufacturing of sewing machine case heads.

The effectiveness and efficiency of NSGA-II algorithm for solving the sewing machine case
cooperative manufacturing service composition optimization problem is verified through the three
parts of algorithm performance comparison, case analysis and specific examples. It can effectively
solve the problem of low efficiency and easy to fall into local optimum in large-scale service
composition optimization problems.

4. Discussion
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In the results section, the set of manufacturing resources corresponding to each process is
obtained by splitting the process-level tasks of sewing machine case part manufacturing. Meanwhile,
the effectiveness and efficiency of NSGA-II algorithm for solving the sewing machine case
collaborative manufacturing service composition optimization problem is verified through the three
parts of algorithm performance comparison, case analysis and specific examples. It can effectively
solve the problem of low efficiency and easy to fall into local optimum when large-scale service
composition optimization problem. However, for other manufacturing parts, performing process-
level task splitting may result in more process numbers than the 15 process numbers experimented
in this paper, as well as matching more manufacturing resource sets, which points out the direction
for subsequent research.

The composition optimization problem of sewing machine case manufacturing resources in
network collaborative manufacturing environment has many evaluation indexes, complex
composition model and difficult to solve model, which belongs to the typical multi-objective
optimization problem, therefore, this paper introduces the bi-level programming decision-making to
solve the multi-objective optimization problem, which needs to consider the interests of the
management of collaborative manufacturing platform and the demand side of the collaborative
manufacturing services in the process of the composition optimization at the same time.

For the part of establishing the evaluation index system for optimization of sewing machine case
manufacturing service composition, the demand side of sewing machine case collaborative
manufacturing service mainly focuses on the core indexes such as the total time spent on collaborative
manufacturing tasks, the total cost, and the quality; while the management side of sewing machine
case collaborative manufacturing platform mainly focuses on the flexibility indexes of the sewing
machine case collaborative manufacturing service composition optimization in the process of the
collaborative manufacturing tasks. The QoS and flexibility indicators are used to establish the
optimization evaluation index system of sewing machine shell manufacturing service composition,
and the NSGA-II algorithm is used to solve the bi-level programming model of sewing machine case
manufacturing resource composition optimization by using the variables of all kinds of evaluation
indicators as the constraints. In addition, for the solution of the algorithm, it is recommended to take
more initial populations of the algorithm to get more optimal composition programs if the conditions
allow.

5. Conclusions

This paper focuses on the optimization of manufacturing service composition under the
collaborative manufacturing environment of sewing machine case, analyzes the structure and
manufacturing process of sewing machine case, and realizes the process-level task decomposition of
sewing machine case manufacturing tasks; under the premise of comprehensively considering the
interests of the service demand side, the resource provider, and the platform operator, it puts forward
the evaluation index system of manufacturing service composition that combines the QoS indicators
and the flexibility indicators, and introduces the idea of bi-level programming to establish a
mathematical model of sewing machine case manufacturing service composition optimization; based
on the NSGA-II algorithm, it realizes the solution of the composition optimization decision model,
and realizes the composition optimization of the case manufacturing services by using NSGA-II
algorithm, and establishes the combination optimization model by using the case manufacturing
services. The idea of bi-level programming is introduced to establish a mathematical model for the
optimization of the composition of sewing machine case manufacturing services; based on the NSGA-
II algorithm, the solution of the decision model for the composition optimization is realized, the
composition optimization of sewing machine case manufacturing services is realized, and the
effectiveness of the method is verified by using sewing machine case manufacturing resource data.
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