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ABSTRACT

In the garment production industry, garment cutting size matching plan is an important step in the
process, which plays a decisive role in production management and cost control. In this paper, we first
model the size matching problem of garment cutting, then use the improved fast particle swarm
algorithm (APSO) to optimize the multi-objective optimization solution, and finally verify the
performance of the APSO algorithm and the actual effect of garment size matching with cases.
Comparing the test results of APSO, PSO and LDWPSO algorithms in the six test functions of Griewank,
Ackle, Levy, Rastrign, Schwefel and Sphere, it can be seen that: with the improvement of the problem
dimensions, the APSO algorithm used in this paper can still maintain a better optimization accuracy,
and the optimization accuracy and stability are significantly improved compared with the PSO and the
LDWPSO algorithms. LDWPSO algorithms. In the actual case, the APSO algorithm is more reasonable
in the size combination and the number of layers of fabric, for four different types of apparel orders
have obtained a superior optimal solution set, cutting production error is far less than the enterprise
requirements. At the same time, compared with other optimization methods, the APSO algorithm has
better optimization accuracy and solving efficiency, and can obtain a more superior cutting and bed
splitting scheme. The algorithm proposed in this paper can effectively optimize the cutting size
matching process, reduce fabric waste and production equipment investment, and has good
application value and reference significance.

Keywords: multi-objective optimization, APSO algorithm, garment size matching, accuracy
improvement

1. Introduction

Optimization algorithm refers to the process of increasing the efficiency of an algorithm or decreasing
the consumption of resources by improving an existing algorithm or proposing a new algorithm when
solving a problem. Comparative analysis of optimization algorithms refers to comparing and
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evaluating several different optimization algorithms to determine which algorithm is most suitable for
solving some specific problems [1-4]. Different optimization algorithms are suitable for different types
of problems, and the selection of an appropriate algorithm depends on the characteristics and
requirements of the problem. In practical applications, the effectiveness of optimization algorithms
usually needs to be adjusted and verified according to specific situations. It can play an important role
in the problems related to clothing size matching [5-8].

Clothing size refers to the standard of measuring the size of clothing, which is crucial for consumers
to buy the right size of clothing. Clothing size usually includes the length, bust, shoulder width, sleeve
length, waist, hip, and other dimensions of clothing. The measurement standards of these dimensions
are based on the actual size and proportion of the human body [9-12]. There are some differences in
human body sizes and proportions in various countries and regions, thus leading to different clothing
sizing standards in different countries and regions. Consumers should be aware of their actual sizes
when purchasing clothing [13-16]. Secondly, consumers need to choose the appropriate clothing size
according to their actual size. When choosing clothing size, consumers need to take into account the
shape of the clothing, fabric elasticity and other factors to ensure that the purchased clothing size can
fit comfortably [17-20]. As consumers' demand for personalization continues to rise, the accurate
matching of clothing sizes has become a key factor affecting consumers' purchasing experience.
Consumers need to choose the appropriate clothing size according to their own actual situation to
ensure that the clothing is comfortable to wear and meets their own image needs [21-24].

In this paper, a multi-objective optimization model for garment cutting size matching is constructed
based on the Improved Fast Particle Swarm Algorithm (APSO), and the validity of the constructed
model is verified through the accuracy evaluation of the APSO algorithm and case applications. In the
algorithm experiments, the APSO algorithm is tested by six functions, Griewank, Ackle, Levy, Rastrign,
Schwefel, and Sphere, and the PSO and LDWPSO algorithms are compared in terms of optimization
results. In the case applications, the APSO algorithm is compared with SVM-PSO, PSO, GA-PSO, LINGO,
LDWPSO algorithms to verify the significant advantages of the proposed algorithm over traditional
algorithms and optimization software tools in terms of solution accuracy and efficiency.

2. A multi-objective optimization model for garment size matching based on
APSO

2.1.  Formulation of the problem

With the price of raw materials and labor wages rising, the cost pressure on the apparel industry is
increasing, and if enterprises want to stand in the apparel industry, they must consider how to save
production costs. In the garment manufacturing process, the most decisive role in saving raw materials
is the cutting process, so if the cutting process can be optimized, it will make a significant contribution
to the cost reduction of enterprises. Therefore, the optimization of cut-to-size (CSM) is an issue worth
studying. Firstly, we have to consider the raw material cost, i.e., the distribution solution given has to
be practical and feasible, how to make the distribution result in the lowest fabric cost and the highest
overall fabric utilization. Secondly, we have to consider the labor cost, and here we mainly focus on the
labor cost of the cutting shop, and the labor wage billing of the cutting shop is based on hourly wage,
so we hope that the allocation scheme can make the cutting time reach the shortest so as to achieve
the lowest labor cost and also improve the production efficiency. Therefore, in actual production, in
order to maximize the savings of fabric, the production of mark will be different sizes of the same part
of the clothes cut pieces, according to a certain number of ratios in a mark drawing. The use of
professional CAD software for nesting, so that the nesting map is the most compact, the highest
utilization rate, while the section length of the mark map will not exceed the maximum length of the
cutting machine. A mark bank is created using the marks obtained after nesting, and then the mark
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bank is used to allocate orders based on constraints such as the number of orders, thereby realizing
the goals identified in the demand analysis.

2.2. Modeling the size matching problem for multi-objective optimization of garment cutting

Most of the practical problems have multiple objectives and need to satisfy the given conditions at the
same time, i.e., in the same problem model, there are several nonlinear objectives at the same time,
and these objective functions need to be optimized at the same time, and this kind of problem is known
as a multi-objective optimization problem. For the sake of generality, assuming that there are »
decision variable and p objectives, the mathematical model of the multi-objective optimization
problem can be described as equation (1):

miny = F(x) = (£,(x), /(). £, (x))
subjectiog ;(x)<0,j=12,....J
h(x)=0,k=12,....K
xeD

(1)

where xe D c R" is the n-dimensional decision variable, xz(xl,xzm X, X ), x, denotes the i

th decision variable,and D isthe nr-dimensionaldecisionspace. yeS c[l” isthe p-dimensional
solution space. F(x) defines p objective component functions mapping from decision space to
solution space. Where f;(x) 1is the i th objective component of the objective function.

g,(x)<0(j=12,...,J) defines the J inequality constraints, and 7% (x)=0(k=12,...,K) defines

the K equality constraints. min or max represents the optimization model of the multi-objective
problem.

Cut-to-size matching (CSM) system is to develop a CSM scheme with the constraints of the number
of order sizes, the number of marks, and the number of layers of fabric on the cutting bed, and with
the objectives of minimizing the cost of materials, maximizing the utilization rate, and minimizing the
time spent in the cutting process. At the same time, the problem under study has multiple objectives
and is a multi-objective optimization problem, so equation (1) is applied to develop a mathematical
model.

In order to better describe the modeling process of multi-objective optimization cutting size
matching, the variables used are defined as follows:

m : The number of sizes in the order by garment style size.

d,:Number of ordersin the jrdsize (j=1,2,...,m).

¢, Number of pieces allowed for error for the jth size ((pj > O).

n: Number of Marks in the Mark Bank generated by the Mark Generation System.
a; : Number of matching pieces for the jthsizeinthe ithmark (i=1,2,...,n).

[;: Length of the fabric section used for the ith mark.

u,: The utilization rate of the material used in the ind Mark.
p,;: ith Mark used size fabric price.

t,:Mark i Cutting time.

x.: 1th mark number of layers to be distributed.

¢,: ith mark number of beds distributed.

kp,: The actual number of sizes allocated for the jnd size.

. . . T
x: Distribution program, xz(xl,xz,...,xn) .

v,: Fabric pulling speed of the fabric pulling machine.
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L. : Maximum number of mark layers to be cut on the cutting bed.

L .. : Minimum number of mark layers to be cut on the cutting bed.

2.2.1. ldentification of decision variables. The final cropping scheme needed is determined by x
and if x, >0, then mark i will be used. The value of x, will affect the quality of the final allocation

scheme, so it is clear that allocation scheme x is the decision variable of the model and the number
of marks » isthe number of decision variables.

2.2.2. Determination of the objective function. The expected objectives of the system are maximum
utilization, minimum cost of material used, and minimum time spent on cutting process. Since the
objectives contain both maximum and minimum values, they do not conform to the single optimization
model of model (1). Therefore, here, considering the actual situation, all of them are transformed into
a minimization problem, and the optimization model is transformed into min, so that the number of
objectivesis p=3.

One of the objectives of this paper is to decide which marks are used to cut the fabric and how many
layers of each mark are allocated to satisfy the order requirements, while making the minimum cost
of raw material and maximum utilization. Where the objective function for minimizing the cost of raw
material is:

fl(x)zilf'xi'pi (2)

In order to convert the problem of maximum utilization of materials into a minimum value problem,
here the problem of finding the maximum utilization is equivalently replaced by finding the minimum
rate of loss, which can be obtained as the objective function:

n

Z(l—ui)J,»x,.
fz(x)=izlz,,:— (3)
[ -x,

The second objective of this paper is to minimize the time consumed in the cutting process, which
includes the pulling time and the cutting time. In order to ensure the production conditions,

L ... =>2L_ ,the number of dividing beds ¢, forthe indmarkis calculated as:
X, ’ X p
Lmax Lmax
¢ = (]_*—‘indicates upward rounding) (4)
X, , %
Lmax Lmax

The overall shortest cropping time objective function is:

f3<x)=i(ci 1 +XV—IJ ©)

t

2.2.3. Determination of constraints. First, the allocation result should satisfy the customer's order
quantity, i.e,, the actual number of pieces 4p, required to be allocated for the j st size needs to satisfy

equation (6):
d,<kp,<(d,+¢,)(j=12,....m) (6)

where kp, is determined by equation (7):
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kp; = in "4 (7)
i=1
From this the constraint function can be constructed:
gj(x)z(kpj_dj)(kpj_dj_(oj)(jzl,l---am) (8)

Secondly, in order to facilitate the recycling of the cut pieces after cutting, the number of marks used
should not be too many, and set its upper limit to the number of order sizes m , then:

count{xi # 0} <m 9)
From this, the constraint function is constructed:
gj(x)zcount{xl. ¢0}—m(j=m+1) (10)

Finally, the allocation result has to satisfy the bed-splitting production condition constraint, i.e., the
number of Mark allocations used in any one sheet must not be less than the minimum number of cut
layers L . ,i.e:

x.2L_. orx =0 (11)

From the above analysis, the mathematical model of multi-objective optimization can be obtained
as:

fl = Zli "Xt P
i=1
i(l—ui)-li-xi
min 4 f, = (12)

ili‘x,.
/s zi(c(xl.)-ti+)c"—.lij

i=1 v

g, =(kp;~d,)(kp,—d,—¢,) <0(j =1,2,...,m)

gj(x)zcount{xi iO}—mSO(j=m+1)

subjectto (13)

x.>2L_ orx,=0

x el”

2.3.  APSO-based multi-objective optimization for solving CSM problems

In this section, a method for multi-objective optimal solution of CSM problem using Improved Fast
Particle Swarm Algorithm (APSO) is proposed, which helps to improve the solution accuracy of the
garment size matching problem and optimize the cutting process so as to reduce the cost of garment
production.

2.3.1. Improved Fast Particle Swarm Algorithm (APSO):

1) Mathematical description. PSO algorithm is an efficient and intelligent optimization algorithm with
fast search speed, high efficiency and simple algorithm [25]. It has the advantages of genetic algorithm
(GA) and evolutionary planning to some extent. Compared with evolutionary planning algorithm, PSO
algorithm is more stochastic. Compared to genetic algorithm (GA), it also undergoes constant
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adjustment in the process of searching for the optimal value to be close to the individual optimal value
and global optimal value.The basic principle of PSO is mainly to continuously complete the search for
the optimal value of the individual extreme value and global extreme value, and the speed of retrieval
is very fast in the process, however, as the number of iterations continues to increase, to a certain
extent, it will make the particles fall into the situation of the local optimal value, which makes them
always be in the the neighborhood of the local optimal solution, but cannot jump out of the loop.

In this paper, the improved fast particle swarm algorithm (APSO), which can adaptively adjust the
inertia weights according to the adaptation value, is used to improve the performance of the algorithm.
Since inertia weight ® is the most important parameter of the PSO algorithm in the process of
optimization, the inertia weight o is set reasonably in order to avoid the influence on the global and
local optimization of the algorithm [26]. The value of inertia weight @ is usually taken in two cases:
firstly, when its value is large, it has an absolute advantage in global optimization, and it is difficult to
solve the global optimal solution because it is constantly expanding the target area of the search. The
second is that when its value is small, it is advantageous for local optimization, in the case that the
optimal solution is in the initial target search space, the PSO algorithm will find the global optimal
solution in a short period of time, that is to say, all particles will be summarized quickly through
iterative solving, and on the contrary, the inertia weights @ are very likely to be the local extreme
value points. Therefore, the reasonable setting of inertia weights has absolute significance for the
whole algorithm's optimization search process.

The inertia weights are updated according to the degree of early retrieval of the particles and the
value of the adaptation degree is constantly adjusted to solve the problem of early retrieval of the
algorithm and the easy oscillation near the global optimal solution at a later stage.

Let the fitness value of particle ¢ be f and the optimal particle fitness value be f , then the

n

average fitness value of the population is f = lZﬁ , which is defined as A =|f, — fue|- Then the
niz
inertia weights are updated as:
(1) When f, isbetter than f, , then:
= a)max (14)

(2) When f, issuperiorto f, andinferiorto f ,the inertia weights remain unchanged.
(3) When f isinferiorto f, ,then:

ave’?

(a)max_a)min)(f_fmin)
= Whin 15
¢ “ T f;we - fmin ( )

where: o, and o,, are the minimum and maximum values of inertia weights, respectively, and

f s the adaptation value of the current particle.

According to Eqgs. (14) to (15), when the individual adaptation value of the particle is good, the
particle whose adaptation value f is less than or equal to the average of the adaptation value of the
current particle swarm is locally searched in the periphery of the optimal solution. When the
individual fitness value of the particle is poor, that is, the fitness value f is greater than the average
value of the current particle swarm fitness value of the particle, then by increasing the step length, in

order to expand the target search area, in the shortest possible time to find the optimal solution with
a variety of convergence is good, to prevent falling into the local optimal solution.

2) The basic flow of APSO algorithm. Compared with the basic particle swarm algorithm, APSO
algorithm can not only inherit the simple and fast convergence characteristics of the basic particle
swarm algorithm well, but also solves the trouble of easy to fall into the local optimal solution by
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reasonably setting the inertia weights ®. The basic flowchart of the APSO algorithm is shown in Fig.
1, and its basic steps are as follows:

Step1l: Initialize the parameters of the algorithm, the size of the population N , the particle
acceleration factor ¢, ¢,, the maximum and minimum inertia weights o o ., the maximum

max ’ min ’

speed V.

max

the dimension of the particles m , etc..
Step2: Initialize the particle swarm position x, and velocity v, from the iteration condition, so

the particle swarm position matrix is expressed as:

i X Ym Vi Vi Vim
Yoo Xyt Xy Vo Vo Wy, (16)
v Xz 0 Xy Y Va2 Vivm
where v, isarandom number in the range of [—Vmax, Vmax] intervals.
Step3: Calculate the fitness value of the particles.
Step4: Adjust the velocity and position of each particle in the population:
v!./.za)-vl.j+cl-rl-(pbi/—xy.)+c2-r2-(gbl.—xl.j) (17)
Xy =X TV (18)

where: 1 and r, are [0,1] uniformly distributed random numbers.

Step5: An inertia weight « adaptive adjustment strategy is used to update the inertia weights, i.e.,
the inertia weights are adjusted according to the current adaptation values with the expression:

(a)max _a)min)(f_fmin)
o et T (19)
a)max f > -fave

where: f isthe adaptation value of the current particle; f, is the average value of the adaptation

value; f . isthe minimum adaptation value.

Step6: Compare the current adaptation value f of each particle i with the historical optimal
adaptation value p,, ., if the current adaptation value f islessthan p,,,, update it to the historical
optimal value, and thus find the global optimal value of the whole group.

Step7: Check the validity of the updated particles, and re-initialize them if they are in invalid state.

Step8: Determine whether the end conditions (one is the maximum number of iterations and the
other is the deviation of the fitness value within the specified range) are reached. If yes, end the
iteration, otherwise go to Step3 to continue the iterative solution.
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Initialize the particle swarm

v

Update particle velocity and position [«

v

Update inertia weights

v

Calculate particle fitness values

v

Obtain individual extremes and
global optimums of the swarm

Judgment of
termination conditions

Fig. 1. Basic flow chart of APSO

2.3.2.  Algorithm solving. The multi-objective optimization model of garment cutting size matching
established in this paper belongs to the nonlinear constrained variable optimization problem, and the
particle swarm algorithm has the characteristics of fast search speed, high efficiency, and simple
algorithm, so it is widely used in the field of scientific research and design optimization. In this paper,
the improved fast particle swarm algorithm (APSO), which can adaptively adjust the inertia weights,
is used to improve the performance of the algorithm in order to search for the working condition
transition point of the energy-saving speed curve that minimizes the cost of material and the cost of
time, so as to achieve the optimization of cutting size matching of garments. The cutting size matching
curve optimization model is used as a function of the fitness of the improved particle swarm algorithm,
and the APSO algorithm is used to solve the different size matching condition transition points,
compare the optimized production error and production cost, so as to obtain a more reasonable
cutting size matching curve. The process of solving the optimization problem of garment cutting size
matching is shown in Figure 2, and the specific steps are as follows:

1) Initialize the relevant parameters of the actual problem. By reasonably setting the relevant
parameters, such as: particle swarm position (possible working condition transition points in garment
cutting) and speed (the amount of change in production cost at each working condition transition
point), etc. is the basis for solving the garment cutting size matching curve using the APSO algorithm.

2) Initialization of the algorithm population. Since the position of particles corresponds to the actual
problem, the speed of particles is set randomly when initializing the population. Combined with the
actual cutting size allocation of clothing orders, set the cutting size conditions of the allocation interval,
and finally seek the optimization of the program with the lowest production cost in each sub-interval
through the APSO algorithm.

3) Calculate the value of the fitness function. According to the actual data imported in (1) and the
algorithm parameters in (2), the production cost C,, the running time 7, and the target size S, of
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the corresponding subintervals of garment cutting size matching can be calculated according to the
model.

When using particle swarm algorithm to solve the optimization problem with constraints, there is
no uniform solution method, generally according to the actual problem and specific considerations,
usually using the penalty function method or feasible solution transformation method to transform
the constrained problem into an unconstrained problem. Based on the above constraints, this paper
adopts the penalty function method, for the constraints of on-time and high-quality garment
production, the fitness function can be expressed as:

f=C+f(T)+ (D) (20)

where C is the garment production costing model, f(7) and f(Q) represent the punctuality
penalty function and the quality penalty function for garment cutting size matching respectively, and
the following penalty rules are set:

If the cutting machine completes the garment CSM task within the specified time range, its function
value is 0, i.e,, in terms of punctuality penalty, it meets the requirements and no penalty is needed, on
the contrary, if it exceeds the specified time, it will affect the customer's senses, while completing the
garment production task before the specified time. Therefore, it can be seen from the analysis that
there is a need to take certain penalties on the punctuality of the cutting machine to perform the CSM
task, which can be expressed by the following equation (21):

f(y=af 22 (21)
D
In the punctuality penalty function, the value of « takes the following equation:
:{3 T<T, 22
10 T>T,

The quality of clothing cutting size matching is commonly used to reflect the rate of change of the
production error rate, according to the actual problem can be seen, the smaller the value of the
production error rate, the higher the quality of clothing. However, in order to ensure that the garment
cutting size matching production time under the premise of improving the quality of the garment, it is
necessary to set a reasonable threshold for the production error rate, if greater than the threshold,
that is, through the quality of the penalty function to penalize it, can be expressed in the following
formula (23):

—a
f(Q)=ﬂ‘Qa (23)
lim
In the comfort penalty function, the value of g takes the following equation:
0 O=<ay,
ﬂ_to 0> ay,, (24)

4) Updating inertia weights. In this paper, an inertia weight @ adaptive adjustment strategy is used,
i.e., the inertia weights are adjusted according to the current adaptation values with the following
expression:

in ) (S = Srin)

( a)max

S = S e
ave ~ Jmin (2 5)

a)max f > f;we
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where: f is the adaptation value of the current particle, f, 6 isthe average value of the adaptation

value, and f, . is the minimum adaptation value.

5) Update strategy. Update the position of each particle in the group, use the current adaptation value
Dy, Of each particle i to compare with the historical optimal adaptation value g, ,, if the current
adaptation value p, , islessthan g, , then update it to the historical optimal value, and thus find
the global optimal value of the whole group.

6) Solving the global optimum. Through the adaptive weight-based APSO algorithm for the calculation
of the objective function fitness value, and so on and so forth until it reaches the end conditions (one
is the maximum number of iterations, the other is the deviation of the fitness value within the specified
range), and finally get the production cost sequence that satisfies the constraints.

7) Generate the cost curve of optimal garment cutting size matching. Based on the above operation
process realizes the optimization search for the optimal garment cutting size matching scheme of the
cutting machine operation in each sub-interval, and then obtains the cost curve of cutting size
matching of the cutting machine in the process of garment generation.

Initialize scheme parameters and cutting bed parameters

v

Setting the corresponding parameters of the algorithm

v

Group initialization

v

Calculate the value of the objective function for cutting
bed operation to satisfy the constraints

v

Update inertia weights

v

Particle optimization update

v

Particle velocity and position update

Termination condition judgment

Particle velocity and position update

End

Fig. 2. APSO algorithm solution process
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3. Model application analysis

3.1. Algorithm experiment and its result analysis

In order to verify the effectiveness of the APSO algorithm, this paper takes the standard particle swarm
algorithm (PSO), inertia weight linearly decreasing particle swarm algorithm (LDWPSO) [27] as a
comparison, and the main parameters of the algorithm are set as follows:

Particle population size N =40, Maximum number of iterations [Ifer,, =1200, Learning factor

Cl1=C, =2, In PSO algorithm w=0.8, In LDWPSO algorithm w,_, =09, w_ . =0.4, The hardware
and software environments used for the experiments were Windows 11 Professional 22H2, Intel(R)

Core(TM) i7-8750H CPU@2.20GHz, memory 16.0 GB DDR4 2667Mhz, tested in Matlab R2022
language environment.

3.1.1. Griewank function tests. The Griewank function is a multimodal test function composed of
quadratically convex and oscillating nonconvex functions, and its optimization search difficulty first
becomes harder and then easier as the function dimension increases. In order to more effectively test
the performance of the APSO algorithm, the test APSO algorithm and the comparison algorithm in the
problem dimension from 10 to 30, each algorithm independently run 30 times to obtain the optimal
fitness value average, minimum, maximum and standard deviation data shown in Table 1. And when
dimension D =30, the curves of the three algorithms' optimal fitness values with the number of
iterations in a certain independent run are shown in Fig. 3. For easy observation, the vertical
coordinate in the figure is the logarithm of the optimal fitness value taken as the base 10.

From the data in Table 1, it can be seen that in problem dimension D =10, all three algorithms can
achieve better optimization results, the optimal solution is found by the APSO algorithm, and the
optimal fitness values of the APSO algorithm in the 30 times of optimization are better than the average
value, the maximum value, and the standard deviation of the PSO and the LDWPSO.With the increase
of the problem dimensions, the optimization accuracy of the PSO and the LDWPSO decreases
significantly, while the APSO algorithm still maintains a good optimization accuracy.

In problem dimension D =10,20,30, the APSO algorithm finds the global optimal solution 13 times,
8 times, and 5 times during 30 independent runs, while the other algorithms fail to find the global
optimum. It can be seen that on the test on Griewank function, the APSO algorithm has a significant
improvement in the accuracy and stability of finding the optimum compared to PSO and LDWPSO
algorithms.

Table 1. Test comparison results on the Griewank function

Problem dimension Algorithm Mean value Minimum value Maximum value Standard deviation

PSO 0.1759 0.0661 0.3896 0.0882

D=10 LDWPSO 0.1747 0.0574 0.2938 0.0716

APSO 0.0152 0.0017 0.0578 0.0208

PSO 0.5853 0.1642 1.0567 0.3013

D=20 LDWPSO 0.1645 0.0755 0.2748 0.0601

APSO 0.0152 0.0017 0.0578 0.0208

PSO 0.9788 0.8237 1.4099 0.1955

D=30 LDWPSO 0.6807 0.5467 0.9208 0.1011

APSO 0.0011 4.01E-4 0.0592 0.0152
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Fig. 3. Curve of optimal fitness value with the number of iterations
3.1.2. Ackle function test. Ackle function is a continuous function consisting of an exponential

function superimposed on a moderately enlarged cosine function, this function search when the
algorithm is easy to fall into the trap of the local optimum, only the algorithms with strong global
search capabilities can gradually find the optimum point. In accordance with the same method using
PSO, LDWPSO, APSO for testing, Ackle function test results are shown in Table 2.

From the data in Table 2, it can be seen that as the problem dimension increases, the optimization
accuracy of the three algorithms decreases, PSO and LDWPSO in the case of the same problem
dimension of the algorithm performance difference is small, while the performance of the APSO

algorithm to be more significant.

Table 2. The test results of three algorithms on Ackle function

Problem dimension Algorithm Mean value Minimum value Maximum value Standard deviation
PSO 0.8107 0.1064 1.6652 0.6633
D=10 LDWPSO 0.7429 0.0015 2.0178 0.8378
APSO 2.02E-15 2.02E-15 2.02E-15 0
PSO 2.2640 1.6604 3.1005 0.3864
D=20 LDWPSO 2.9892 2.1799 3.4932 0.3801
APSO 2.08E-10 3.17E-11 8.01E-10 1.97E-10
PSO 3.9028 2.7914 4.8385 0.7004
D=30 LDWPSO 3.0693 2.6267 4.0569 0.4398
APSO 4.01E-7 2.39E-7 8.12E-7 1.40E-7

The fitness variation curves of the three algorithms in Ackle function for problem dimension
D =30 areshownin Fig. 4. From Fig. 4, it can be seen that when PSO and LDWPSO algorithms fall into

the local optimal solution, APSO still maintains a better exploration ability.
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Fig. 4. Fitness curve of three algorithms on Ackle function 30 dimension

3.1.3. Levy function test. The Levy function is an asymmetric multimode test function with multiple
oscillating local extreme points. The Levy function test results of the three algorithms are shown in
Table 3.

From Table 3, it can be seen that PSO and LDWPSO lack the ability to jump out of the local extremes,
and are easy to fall into the local optimal solution during the optimization process, and the

optimization accuracy decreases as the problem dimension increases.

Table 3. The test results of three algorithms on Levy function

Problem dimension Algorithm Mean value Minimum value Maximum value Standard deviation
PSO 0.1267 1.78E-11 0.9979 0.2813
D=10 LDWPSO 0.4852 5.64E-12 3.4707 0.9410
APSO 1.48E-32 1.62E-32 1.49E-32 0
PSO 2.2675 1.6596 3.0988 0.3877
D=20 LDWPSO 2.9936 2.1826 3.4947 0.3813
APSO 8.06E-20 7.26E-21 6.42E-19 1.69E-19
PSO 2.8784 0.5495 6.1237 1.7023
D=30 LDWPSO 1.4092 0.0002 4.8873 1.3256
APSO 5.48E-13 3.07E-14 4.57E-12 9.72E-13

The adaptive change curves of the three algorithms on the 30 dimensions of the Levy function are
shown in Fig. 5. From Fig. 5, it can be seen that APSO maintains a certain global search ability while
accelerating the convergence speed by adaptive change of inertia weights, so as to better find the

optimal solution.
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Fig. 5. Fitness curve of three algorithms on Levy function 30 dimension

3.1.4. Rastrign function test. The Rastrign function is characterized by the fact that the positions of
the minima occur regularly and can be used to check the validity of the arithmetic placement method
when there is some regularity in the solution. The results of the Rastrign function test for the three
algorithms are shown in Table 4 as well as Figure 6. It can be seen that the performance of APSO in all
dimensions are more excellent, in the lower dimension can find the global optimum, in the dimension
after the increase in the solution accuracy only a little decline, Figure 6 can be seen that the APSO
algorithm compared to the two algorithms at the beginning of the convergence of faster, and its

accuracy advantage is also very obvious.
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Table 4. The test results of three algorithms on Rastrign function

3.1.5.

200

400 600 800

Number of iterations

1000 1200

Fig. 6. Fitness curve of three algorithms on Rastrign function 30 dimension

Problem dimension Algorithm Mean value Minimum value Maximum value Standard deviation
PSO 5.1482 2.9483 7.2818 1.0252
D=10 LDWPSO 6.7316 2.1995 9.9751 2.1787
APSO 0 0 0 0
PSO 25.1962 15.0377 39.6928 7.3892
D=20 LDWPSO 27.5336 18.6679 40.91 7.6225
APSO 7.24E-21 2.56E-23 1.98E-20 5.37E-21
PSO 52.3801 37.7856 72.0576 9.5182
D=30 LDWPSO 39.1177 22.8414 54.0139 7.6933
APSO 1.35E-13 4.89E-15 6.86E-13 1.73E-13
1074
é 107 A
=
1070 4

Schwefel function test. Schwefel is a complex multi-peak function that contains a large number

of local extreme value regions, which makes it difficult to find the optimal solution, and the optimal
solution is located at (504.879,...,504.879). The three algorithms optimize the Schwefel function to
obtain the test results as shown in Table 5 and Fig. 7. From the data in the table, it can be seen that the
performance advantage of APSO over PSO and LDWPSO in the Schwefel function test is still very
obvious, but the three algorithms fail to solve the global optimum.

Table 5. The test results of three algorithms on Schwefel function

Problem dimension Algorithm Mean value Minimum value Maximum value Standard deviation

PSO 1832.0886 1236.3436 2500.7764 336.6050

D=10 LDWPSO 1785.9159 1018.1676 2342.4951 341.4989

APSO 517.0668 245.5274 941.8646 193.4507

PSO 4038.2114 3287.8675 4817.8412 451.4027

D=20 LDWPSO 3709.7307 2226.0814 4809.7845 696.7202

APSO 1485.9912 879.6022 2066.5765 328.9955

PSO 6168.6214 3544.5741 7036.3187 871.0483

D=30 LDWPSO 5656.3999 4688.8431 6956.0645 747.9959

APSO 3013.4843 218.0857 4165.3657 437.9539
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By observing the positions of the globally optimal particles in the APSO algorithm in the test when
the dimension is equal to 10 as shown in Table 6, it can be seen that the optimal particles of the APSO
algorithm reach the optimal positions in all 7 dimensions, while PSO and LDWPSO reach the optimal
positions in 1 dimension and 2 dimensions, respectively.

Table 6. Global optimal particle position of APSO on the Schwefel function in dimension 10

1 2 3 4 5 6 7 8 9 10
1| 504.879 |-600| 504.8796 | 504.8796 | -373.614 | 504.8796 | 504.8796 |-600 | 504.879 504.879
2| 504.879 |-600| 504.879 504.879 -373.614 | 504.8796 | 504.8796 |-600 | 504.879 504.879
3 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600 | 504.879 504.879
4| 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600| 504.879 504.879
5 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600 | 504.879 504.879
6 | 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600| 504.879 504.879
7 | 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600| 504.879 504.879
8 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600 | 504.879 504.879
9 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600 | 504.879 504.879
10| 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600| 504.879 504.879
11| 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600| 504.879 504.879
12| 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600 | 504.879 504.879
13| 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600| 504.879 504.879
14| 504.879 |-600| 504.879 504.879 -373.614 504.879 504.879 |-600 | 504.879 504.879
15| 504.8796 |-600 | 504.8796 | 504.8796 | -373.614 | 504.8796 | 504.8796 |-600 | 504.8796 | 504.8796
16| 504.8796 |-600| 504.8796 | 504.8796 | -373.614 | 504.8796 | 504.8796 |-600 | 504.8796 | 504.8796
3.1.6. Sphere function tests. The Sphere function is a single-peaked spherical function with only one

global minimum, and the use of Sphere enables better testing of the algorithms' optimization accuracy.
The results of testing the three algorithms using the Sphere function are shown in Table 7. According
to the data in the table, it can be seen that the optimization accuracy of APSO in solving the Sphere
function has an obvious advantage over PSO and LDWPSO, because the Sphere function has only one
global minimum, the optimization accuracy of the particle swarm algorithm with linearly decreasing
inertia weights decreases compared to the particle swarm algorithm with fixed inertia weights,
whereas the optimization accuracy of the APSO algorithm decreases by using the self-adaptive inertia
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weights and the nonlinear asynchronous The optimization accuracy of APSO algorithm is effectively
improved by the adaptive inertia weights and nonlinear asynchronous learning factor strategy.

Table 7. The test results of three algorithms on Sphere function

Problem dimension Algorithm Mean value Minimum value Maximum value Standard deviation

PSO 7.14E-11 6.07E-12 6.49E-10 1.72E-10

D=10 LDWPSO 1.34E-9 2.31E-15 1.15E-8 2.94E-9

APSO 2.57E-37 1.71E-40 6.44E-37 1.96E-37

PSO 8.36E-5 1.24E-5 2.76E-4 7.21E-5

D=20 LDWPSO 2.74E-3 1.42E-3 3.35E-3 9.82E-4

APSO 1.61E-20 2.94E-37 1.52E-19 3.41E+2

PSO 2.52E-3 1.21E-3 4.46E-3 1.25E-3

D=30 LDWPSO 2.18E-2 6.24E-3 6.77E-3 1.63E-2

APSO 1.17E-13 1.91E-15 9.75E-13 2.54E-13

The adaptation curves of the three algorithms in the Sphere function at problem dimension D =30
are shown in Fig. 8. From the figure, it can be seen that the APSO algorithm converges slower in the
early stage compared to the PSO and LDWPSO algorithms, but with the increase in the number of
iterations, the APSO algorithm's in the convergence speed, the more obvious the accuracy of the search
for excellence.
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Fig. 8. Fitness curve of three algorithms on Sphere function 30 dimension

3.2. Application Cases and Comparative Analysis

In this section, in response to an enterprise's need for an implementation plan for the customized
multicolor clothing order cut-to-size matching (CSM) problem, the proposed APSO optimization
algorithm is used to optimize the solution of the given four different clothing orders, and a comparative
analysis is conducted with the LINGO optimization software, which has been applied more often in the
existing research, as well as with other particle swarm algorithms. Comparative analysis is carried out.
Two parts of the experiment are given: (1) APSO algorithm applied to 4 different orders. (2)
Comparative experiments of APSO, SVM-PSO, PSO, GA-PSO, LINGO, LDWPSO and other algorithms.
The experimental parameters are given as follows: the maximum number of available cutting
machines M =10, the maximum number of layers L, =140, the maximum number of marks

max

allowed to be placed on a single cutting machine B =10, the maximum number of pieces allowed
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to be placed on a single size B =3, the maximum production error allowed by the enterprise

E_ =3%,and the number of iterations /ter = 6000. During the experiment, the iteration is terminated
when the production error is satisfied by the enterprise for 7 =30 repetitions.

3.2.1. APSO Algorithm Application Cases. The color, size specification and quantity demanded for
each clothing order are shown in Table 8. Among them, Order 1 is a regular order, Order 2 has the same
quantity of each size under three colors, and Order 3 and Order 4 are irregular orders, the latter with
1 more color.

Table 8. 4 clothing orders

Order number Color Size
XS S M L XL XXL
White 110 210 210 210 110
1 Red 160 260 240 220 90
Blue 110 240 240 150 130
White 60 132 154 221 108 56
2 Red 60 132 154 221 108 56
Blue 60 132 154 221 108 56
Black 91 246 150 143 217 0
Cream-colored 83 119 242 225 157 0
3 Yellow 74 101 132 229 118 0
Blue 71 123 158 275 138 0
Black 112 171 227 255 82 0
Cream-colored 116 193 226 247 37 0
4 Yellow 69 128 137 74 26 0
Blue 122 88 228 161 84 0
Gray 92 148 253 152 113 0

APSO is used to solve the above CSM problem for different orders with different specifications, and
the results of the first 5 sets of solutions obtained from the optimal solution set of the algorithm at a
certain time are shown in Table 9.

For order 1, the manual empirical method is used for cutting and dividing the beds, and each color
is cut separately, and 7 cutting machines are needed to achieve the difference-free production when
the production constraints are met, corresponding to the size combination scheme B, and the
number of layers of fabric scheme L, , respectively:

11 3 2 1] (120 0 0 |
1 23 31 0 9 0
8 11 00 0 10 0
B, =0 0 0 4 6|,L,,=| 0 20 0 (26)
1 31 2 2 0 0 120
0 4330 0 0 10
100 0 0 3 0 0 10 |

The optimal result obtained by the APSO algorithm requires only 4 cutting machines (as shown in
Scheme 1 of Order 1 in Table 9), and the corresponding size combinations Scheme B, and the
number of fabric layers Scheme L, are:
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1 3 4 2 0 3 47

B, - 1 3 3 2 L, - 60 42 38 @7
3 3 31 0 45 5
1 4 3 2 60 30 30

According to the comparison of the above results, the APSO algorithm makes a more reasonable
allocation of size combinations and the number of fabric layers, thus reducing the number of cutting
beds used. As shown in Table 9, the APSO algorithm obtains superior optimal CSM solutions for four
different types of apparel orders, and the cutting production errors are much smaller than the
enterprise requirement indexes, especially for large-scale customized irregular orders, the scored bed
solution is very reasonable, and such orders rely on manual experience to solve very difficult, and the
error is often very large. Obviously, the larger the scale and irregularity of the order, the production
error rate is relatively more difficult to control. In addition, among the five cutting and dividing
solutions for order 4, solution 1 has a smaller production error, and solution 3 uses a smaller number
of cutting machines, so the manager of the cutting department can weigh the two cutting solutions
according to the cost of fabric and customer requirements, and assume that the cost of fabric is lower,
then solution 3 can be chosen as the final cutting and dividing solution, which will make the overall
cost optimal.

Table 9. The first 5 group solutions for the optimal set of 4 clothing orders

Order number Number of clothes Scheme | Error /piece Number of cutting beds Error rate /%
1 0 4 0
2 0 6 0
1 2690 3 4 5 0.15
4 4 6 0.15
5 4 7 0.15
1 0 5 0
2 0 9 0
2 2193 3 4 10 0.18
4 8 5 0.36
5 10 6 0.46
1 6 9 0.19
2 7 0.23
3 3092 3 10 5 0.32
4 12 8 0.39
5 12 10 0.39
1 7 8 0.20
2 14 9 0.40
4 3541 3 15 7 0.42
4 15 9 0.42
5 18 10 0.51

3.2.2. Comparative analysis. In order to compare the superiority of the proposed APSO algorithm, it
is compared and analyzed with SVM-PSO [28], PSO, GA-PSO [29], LINGO, and LDWPSO algorithms,
which are more widely used in current research.

Taking garment order 4 as an example, APSO, SVM-PSO, PSO, GA-PSO, LINGO, and LDWPSO are
respectively used to solve its CSM problem, and each algorithm is run for 60 times, and five of them
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are recorded as the relative optimal cutting and bed-splitting schemes, and the experimental results
are obtained as shown in Table 10.

Table 10. Algorithm comparison experiment results for order 4

Optimization Scherme Error Number of cutting Error rate Running Number of
algorithm /piece beds /% time/s iterations
1 69 10 1.95 7.68 1238
2 71 9 2.01 11.45 1741
PSO 3 60 8 1.69 19.6 2775
4 91 7 2.57 35.54 6000
5 160 6 4.52 35.67 6000
1 17 9 0.48 9.24 30
2 16 7 0.45 16.95 30
SVM-PSO 3 15 7 0.42 10.92 30
4 21 8 0.59 10.34 30
5 19 6 0.54 10.07 30
1 101 10 2.85 65.02 6000
2 169 9 4.77 68.69 6000
LDWPSO 3 197 8 5.56 65.12 6000
4 244 7 6.89 66.34 6000
5 284 6 8.02 68.07 6000
1 45 10 1.27 7.64 225
2 59 9 1.67 9.78 273
GA-PSO 3 99 8 2.80 83.79 6000
4 106 7 2.99 90.29 6000
5 169 6 4.77 90.61 6000
1 6 9 0.17 3.48 30
2 8 8 0.23 3.62 30
APSO 3 7 7 0.20 3.86 30
4 7 8 0.20 3.63 30
5 10 9 0.28 3.66 30
1 21 9 0.59 - 45
2 9 8 0.25 - 73
LINGO 3 99 7 2.80 - 105
4 95 8 2.68 - 61
5 91 9 2.57 - 181

In order to compare the optimization performance of APSO algorithm more clearly, the Pareto
optimal solution sets of APSO and GA-PSO algorithms are given as shown in Fig. 9. Since the PSO
algorithm will converge to the optimal solution set with the same number of cutting beds, the
optimization results of GA-PSO algorithm under different number of cutting beds in Table 10 are
directly plotted in the figure, and the Pareto optimal front-end curves of Scheme 1 under the APSO
algorithm are also given.
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Fig. 9. The Pareto optimal solution set for APSO versus GA-PSO algorithm

From the results in Fig. 9 and Table 10, it can be seen that the PSO algorithm obtains a feasible
solution that meets the requirements of the enterprise when the number of cutting beds is 8 to 10, and
the GA-PSO obtains a feasible solution when the number of cutting beds is 9 and 10, and the LDWPSO
algorithm does not obtain a feasible solution within the specified range of the number of cutting beds,
and the optimization results have not been improved by conducting several sets of tests on its
parameters within a reasonable range during the experiment, so it can be seen that LDWPSO algorithm
has limited optimization performance in solving complex CSM problems. On the other hand, the SVM-
PSO algorithm and the APSO algorithm can be solved to obtain a reasonable CSM scheme every time,
and the production error in the five groups of schemes obtained by the latter is no more than 0.30%,
which is much smaller than the error requirements set by enterprises. Meanwhile, APSO algorithm is
significantly better than SVM-PSO algorithm in terms of production error and solution efficiency, and
the minimum production error of the former is 6 pieces, and the minimum time for obtaining feasible
solutions is 3.48 s. From the experimental results, it can be concluded that APSO algorithm can
effectively simplify the algorithm coding and the SCM solving process, and improve the algorithm
solving accuracy and algorithm efficiency. In addition, in the LINGO optimization software, the number
of cutting beds and size combinations in the five groups of solutions obtained by the APSO algorithm
are given as known information, and the corresponding number of layers and production results are
solved, and only two results meet the production requirements of the enterprise, and the error rates
are larger.

In summary, the proposed APSO algorithm has better optimization accuracy and solving efficiency
than other improved particle swarm algorithms and optimization software in optimizing and solving
the problem of matching the size of large-volume irregular apparel orders, and it can obtain a more
superior cutting and dividing scheme.

4. Conclusion

In this paper, a multi-objective optimization model is constructed for the clothing cutting size matching
problem, and the improved fast particle swarm algorithm (APSO) is used to realize the optimal
solution of the model.

The test results of APSO algorithm and PSO algorithm and LDWPSO algorithm in six functions,
Griewank, Ackle, Levy, Rastrign, Schwefel and Sphere, show that the optimization accuracy of the three
algorithms decreases with the increase of the problem dimensions, but the decrease of APSO algorithm
is much smaller than that of the PSO algorithm and the LDWPSO algorithms, and is able to maintain
better exploration ability when PSO and LDWPSO algorithms fall into local optimal solutions.
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In the case application process, the APSO algorithm is able to make a more reasonable allocation of
the size combination and the number of layers of fabric, reduce the number of cutting beds used, and
optimize the overall cost. For four different types of garment orders, APSO algorithm obtains the
optimal solution set of superior garment cutting size allocation scheme, and the cutting production
error is far less than 3% of the enterprise requirement index.

Compared with PSO algorithm, GA-PSO algorithm, LDWPSO algorithm, SVM-PSO algorithm and
APSO algorithm can be solved every time to get a more reasonable optimization scheme, and the
production error of the five groups of solutions obtained by APSO algorithm is less than 0.30%, which
is far less than the error requirements set by the enterprise. At the same time, the APSO algorithm is
significantly better than the SVM-PSO algorithm in terms of production error and solution efficiency,
the minimum production error is only 6 pieces, and the minimum time for obtaining a feasible solution
is 3.48 s. In addition, there are only two results in the LINGO optimization software to meet the
production requirements of the enterprise, and the error rates are larger. It can be seen that the APSO
algorithm proposed in this paper has better optimization accuracy and solving efficiency in the
optimization solution for the large-volume irregular garment order size cutting matching problem,
and can obtain a more superior cutting and bed splitting scheme.
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