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ABSTRACT: For optimization algorithms, the most important consideration is their global optimization performance.
Our research is conducted with the hope that the algorithm can robustly find the optimal solution to the target problem
at a lower computational cost or faster speed. For stochastic optimization algorithms based on population search
methods, the search speed and solution quality are always contradictory. Suppose that the random range of the group
search is larger; in that case, the probability of the algorithm converging to the global optimal solution is also greater,
but the search speed will inevitably slow. The smaller the random range of the group search is, the faster the search
speed will be, but the algorithm will easily fall into local optima. Therefore, our method is intended to utilize heuristic
strategies to guide the search direction and extract as much effective information as possible from the search process to
guide an optimized search. This method is not only conducive to global search, but also avoids excessive randomness,
thereby improving search efficiency. To effectively avoid premature convergence problems, the diversity of the group
must be monitored and regulated. In fact, in natural bird flocking systems, the distribution density and diversity of
groups are often key factors affecting individual behavior. For example, flying birds can adjust their speed in time to
avoid collisions based on the crowding level of the group, while foraging birds will judge the possibility of sharing
food based on the density of the group and choose to speed up or escape. The aim of this work was to verify that the
proposed optimization method is effective. We compared and analyzed the performances of five algorithms, namely,
self-organized particle swarm optimization (PSO)-diversity controlled inertia weight (SOPSO-DCIW), self-organized
PSO-diversity controlled acceleration coefficient (SOPSO-DCAC), standard PSO (SPSO), the PSO algorithm with a
linear decreasing inertia weight (SPSO-LDIW), and the modified PSO algorithm with a time-varying acceleration
constant (MPSO-TVAC).
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1 Introduction

The particle swarm algorithm simulates the emergence of wisdom manifested by simple biological
groups, emphasizing collaboration, information interaction, and perception among simple individuals.
Therefore, in the optimization algorithm model derived from this metaphor, the collaboration between
simple individuals, the information dialog mode, and the effectiveness of the information perceived by the
individuals directly affect the optimization performance of the algorithm. In the particle swarm algorithm,
the best position experienced by the group is used as the only shared group information. This information is
sensed by all the particles and guides them to fly quickly in the direction of this position. This unidirectional
particle aggregation behavior directly leads to the rapid loss of population diversity. If the global optimal
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solution or suboptimal solution exists near the best position of the group, the algorithm may quickly converge
to the global optimal solution or suboptimal solution. Otherwise, the algorithm is very likely to fall into a
nonglobal optimal point and be difficult to escape. These phenomena are problems that make it difficult for
the particle swarm algorithm to ensure global convergence [1,2].

The search dynamics of stochastic optimization algorithms based on group searches are difficult
to predict. Suppose that the purpose of the search dynamics is to overcome the problem of premature
convergence as much as possible. In that case, the system needs to be able to gain insight into and monitor
the group dynamics during the search process. The system can also determine the time and scope of
premature convergence of the group. Usually, the premature convergence of the PSO algorithm is caused
by the premature loss of diversity in the group. Therefore, whether the optimal level of group diversity
can be maintained under different search conditions fundamentally affects the global convergence of the
algorithm. Fig. 1 is a typical PSO algorithm calculation and solution flow chart. Research scholar Zhenyu
Zhang and others mentioned that the improved PSO algorithm is used to optimize the size of the tram battery
supercapacitor energy storage system [3]. They proposed an innovative method, which is “An improved PSO
algorithm with competition mechanism is developed for obtaining optimal energy storage elements”

Determine the global
optimal particle

Update particle speed
and position

Calculate the numerical
value of particle target

Whether
particles
L'-i.\]'l\"L'-rg'L"

Calculate the numerical
value of particle target

Output optimal solution

Figure 1: PSO calculation flow chart

In addition, researcher Zhenyu Zhang and others also mentioned that the competitive PSO algorithm
is used to optimize the energy management strategy of the tram hybrid energy storage system [4]. These
scholars proposed the contribution of “using an improved PSO algorithm based on a competition mecha-
nism to obtain the optimal energy management strategy”. At the same time, they also constructed energy
management strategy optimization models based on single threshold and multiple thresholds.
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2 Self-Organizing Particle Swarm Algorithm

In the self-organized particle swarm algorithm self-organized PSO (SOPSO), the particle swarm
behaves as a self-organizing system. Group diversity is a key factor affecting the behavior of individual
particles and is an important group performance indicator. The interaction among individual particles
and the group environment is simulated through the feedback mechanism existing in the self-organizing
system. Moreover, this self-organizing system designs different control strategies. This strategy achieves the
aggregation and dispersion of individuals and dynamically adjusts the balance between the global detection
and local mining functions of the group. These conditions enable the group to maintain appropriate diversity
and then converge globally with a greater probability [5,6].

In the above model, D; represents the reference input of group diversity, D, represents the actual
diversity output of the group, and P,, represents the best position experienced by the group. The final stable
output of the system is the global solution to the target problem, as shown in Fig. 2. The self-organizing
control particle swarm algorithm model uses a feedback mechanism to analogize the information perception
and interactions in a particle swarm; this model is a typical negative feedback control system. The system
includes three main parts: a diversity controller, a particle swarm optimizer, and a particle swarm. The particle
group consists of particles of a certain group size, and its diversity information is directly fed back to the
diversity controller. The diversity controller determines the strategy for increasing or decreasing the diversity
of the group based on the real-time diversity information of the group and the deviation of the reference
input. The optimizer changes the group diversity by adjusting the flight behavior of individual particles
according to the rules or instructions output by the diversity controller. This situation makes the population
more evolvable and ultimately yields better system output [7,8].

P
Diversity Particle swarm Particle
controller optimizer swarm

Do

Figure 2: Self-organizing particle swarm algorithm model

There are three key issues that must be addressed when designing a model.

(a) How to effectively calculate and measure group diversity.

(b) How to determine the ideal diversity reference input to facilitate a global search.

(c) Howto design the control strategy of the diversity controller so that the behavior of individual particles
can be correctly adjusted according to the dynamics of the group.

2.1 Group Diversity Measure

In the bionic algorithm based on the group search method, although group diversity is not the research
purpose of the algorithm, it is closely related to the global optimization performance of the algorithm.
Therefore, this situation has attracted the attention of many researchers. Different from many previous
studies, the self-organizing particle swarm algorithm not only focuses on group diversity but also uses group
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diversity as an explicit indicator to quantitatively reflect the evolutionary dynamics of the group. A self-
organizing particle swarm algorithm is also used to guide the evolutionary behavior of particles. Therefore,
to achieve this goal, we must first find reasonable methods for measuring group diversity [9,10].

Group diversity is used to characterize the differences in characteristics of individuals within a group.
It is generally believed that the more dispersed the individuals are in the solution space, the better the group
diversity; the more concentrated the distribution of individuals is, the worse the diversity of the population.
At present, the main measures of population diversity include population distribution variance, population
entropy, and average point distance [11,12].

Assume that individual x! in the t-th generation population is composed of L components, that is,

t = t t ..
X = (xil’xiZ’ X

ij ,fo), where €1,2, ---,N,jel,2,---,L,N is the group size; then, the average
individual of the ¢-th generation population is defined as Eq. (1)

—t =t —t —t —t

X :(XI’XZ""’Xj""’XL) (].)
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From this deﬁnmon, the variance of the ¢-th generation group is
D'=(Dj,D5,...,Dj,...,Dp) (2)

among D' = sz (x5 - ) ,jeL2, -+, L.
According to Eq. (2), in this study, the variance D' is an L-dimensional row vector. Each component
represents the spatial distribution deviation of the population in this dimensional coordinate system.
If the solution space R" of the t-th generation population distribution is divided into Q subsets
S{, 83, -+, Sg» the number of individuals contained in each subset is recorded as [S;], |S;/,

any i,j€1,2,---,Q,8!n S t= UQ St = A’, where A’ is the set of the ¢-th generation group. Therefore,
the entropy of the ¢-th generatlon populatlon can be defined as Eq. (3)

Q
Et:—zjzlpilgpi (3)
where p; = IN‘,j =1,2,---,Q, N is the group size.

As seen from the above definition, when all individuals in the group are the same. That is, when Q =1,
the entropy takes the minimum value E* = 0. When all individuals are different, that is, Q = N, the entropy
takes the maximum value E* = [gN. The more individual types there are in the group and the more evenly
they are distributed, the greater the entropy.

Let the group size be N and the length of the longest diagonal in its search space be S. If the
t-th generation individual X! consists of L components, that is, X! = (Xfl,sz, e X X ) Ji=

ij’
L,2,---,N,j=12,---, L, the average center of the population is recorded as Eq. (4)

—t =t —t —t —t
X :(XI,XZ,...,Xj,...,XL) (4)

where X == Zl 1x then, the average point distance from an individual to the population center can be
defined as hq (5)

IS = N S Zz 1\/21 1(x1] X )2 (5)
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The three abovementioned measurement methods reflect the distribution of individuals in the group to
varying degrees. However, as a measure of group diversity, each has its own advantages and disadvantages.
The distribution variance of a group reflects only the degree of spatial deviation of the distribution of
individuals in the group and cannot fully describe the degree of individual dispersion. For example, the
population {1, 2, 3, 4, 5} consists of 5 individuals, and their variance is 2. The variance of population
{1, 1, L, 1, 5} is 2.56. Although the variance in the latter is greater than that in the former, the former has
more evolutionary ability than does the latter. The population reflects the distribution of different types
of individuals in the population but does not reflect the degree of dispersion of each individual in the
population. In particular, it is difficult to predict the classification of individuals within the population during
the actual calculation process. The calculation of group entropy depends on the correct cluster analysis of
the group, so the calculation cost is relatively high. Therefore, groups are not practical [13,14].

In contrast, the average point distance defined by Eq. (5) reflects the distribution of individuals in the
unit search space. This situation has nothing to do with the size of the population or the size of the search
space. The above situation can better describe the density of individuals distributed in the solution space and
is an ideal diversity measure. Therefore, for this paper, we choose the average point distance of the group as
the measure of group diversity [15,16].

2.2 Determination of Diversity Reference Inputs

For the self-organizing particle swarm algorithm model in Fig. 2, the expectation is to utilize a negative
feedback mechanism. By controlling the diversity reference input, the diversity of the particle population is
maintained throughout the search period. Therefore, the diversity reference input D; must represent an ideal
population diversity level that can ensure that the algorithm converges globally with a greater probability.
Considering that the optimization process usually occurs early in the search process, it is desirable to
maintain as much diversity of the population as possible. This situation is conducive to coarse-grained global
detection and avoids prematurely falling into local extremes. As the search proceeds, the diversity gradually
decreases, allowing detection and mining to proceed in tandem. In the later stages of the search, fine-grained
local mining should be emphasized, and the diversity rapidly decreases until the population converges. In
view of this, the system constructs the following linear function as the reference input for diversity as Eq. (6)

t

N f——
Dy (1) = b+ Tax
O’ b . Tmax <t< Tmax

)) t<b'Tmax
(6)

where T}, represents the maximum number of iterative operations; a and b represent the control coeffi-
cients of the reference input; and a and b € (0, 1]. Obviously, this reference input can linearly decrease from
the initial value & to 0 within the limited search time. This situation is a reasonably simple choice.

Under the control of the reference input D;, the population diversity D, changes as the reference
input changes. When Dj is lower than D;, the particle behavior needs to be adjusted to make it diverge,
expand the detection range, and increase the diversity of the population. When D is higher than D;, the
particles are needed to gather toward the best position and conduct a fine search. Such a situation will reduce
group diversity.

2.3 Design of Diversity Controllers

In the self-organizing particle swarm algorithm, the diversity controller adjusts the diversity of the
group through the diversity increase operator and the diversity decrease operator. The method of this paper
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starts from the perspective of control parameters to seek adaptive control strategies to design diverse control
rules [17,18].

For self-organizing particle groups, changes in group diversity are caused by changes in the behavior of
individual particles. The system considers that the algorithm’s inertia weights and acceleration coefficients
affect individual particle behavior differently. Therefore, in this study, we select parameters from two perspec-
tives and adjust the divergence and aggregation of individual particles to achieve an increase or decrease in
group diversity. This paper presents the diversity-controlled inertia weight (DCIW) and diversity-controlled
acceleration coefficient (DCAC) methods.

2.3.1 Diversity Control Strategy Based on Inertia Weight

In the standard particle swarm algorithm, the inertia weight determines how much momentum the
particles have to maintain inertial motion. To fundamentally overcome the premature birthtime problem in
this study, individual particles must be able to fly over or escape with a larger momentum when they are in
danger of falling into a local extreme. In the literature related to particle swarm optimization, the current
selection of inertia weights relies mainly on experiments and experience. Most related studies refer to the
work of Shiand Eberhard. Let w € (0, 1) or linearly decrease from 0.9 to 0.4, and the acceleration coefficient is
1 = ¢ = 2.0. Bergh once noted that the standard particle swarm algorithm can cause individual particles to
gradually converge to the weighted center of their own best history and the best group history. However, the
convergence behavior described above depends on the parameter settings. When the algorithm parameters
satisfy the following relationships, the movement trajectories of individual particles may converge [19,20].

1
1>w>z(Cl+C2)—l, 20< ¢ +¢,£4.0 (7)

Although the system condition |w| < 1 can ensure that the particles move in a converged trajectory,
it is difficult to provide enough momentum for the particles to escape from the local extreme. Therefore,
parameter combinations that violate the above conditions are introduced in the self-organizing particle
swarm algorithm. When the system needs to increase the diversity of the population, the system condition
is |w| > 1, which allows individual particles to obtain greater momentum dispersion or escape. When the
system must reduce the diversity of the population, a parameter combination is selected according to the
above formula so that individual particles gather in a convergent trajectory. Based on the above analysis, in
this study, we designed the following diversity control rules based on inertia weighting.

(a) Diversity Adding Rules

When e(t) = D;(t) — Do(t) > 0, the population diversity is lower than that of the reference input. Then,
the system controller outputs a set of divergence parameters w (t) > 1, ¢; (¢) = ¢z (t) = 2.0. This will cause
individual particles to diverge, increasing population diversity.

(b) Diversity Reduction Rules

When e (t) = D; (t) — Do(t) < 0, the population diversity is greater than that of the reference input.

Then, the system controller outputs a set of convergence parameters 1> w (£) > 3 (¢ (£) + 2 (1)) =1,2.0 <
¢ (t) + c2(t) < 4.0. This causes individual particles to clump together, reducing population diversity.

2.3.2 Diversity Control Strategy Based on the Acceleration Coefficient

Ozcan and Mohan performed a mathematical analysis of individual particle trajectories without inertial
constraints. They found that individual particles fly in the solution space with sinusoidal trajectories, whose
amplitude and frequency depend on the initial position, velocity, and acceleration coefficient. Kennedy
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carefully studied the impact of ¢; and ¢, on algorithm performance [21]. He found that when ¢; = 0, the
algorithm easily falls into local points. He also found that when ¢, = 0, it is difficult for the algorithm to
search for the global optimal solution. In the algorithm model, ¢; determines the individual’s affirmation and
persistence of his or her own experience and beliefs. Additionally, ¢, determines the individual’s recognition
of socially shared information and group goals. A larger ¢; emphasizes the individualization of particles
and is beneficial for maintaining the diversity of the population. A larger ¢, emphasizes the social nature of
particles, which leads to the convergence of particles and reduces group diversity. Therefore, the proposed
method utilizes different acceleration coefficients to increase and decrease the diversity, and the specific rules
are as follows:

(a) Diversity Increase Rules

When (t) = D; (t) — Do(t) > 0, the population diversity is lower than that of the reference input. Then,
the controller output parameters are w € (0,1), ¢; (t) = Cimax> €2 () = camin- This approach will facilitate
particle personalization to increase population diversity.

(b) Diversity Reduction Rules

When e (t) = D; (t) — Dy(t) < 0, the population diversity is greater than that of the reference input.
Then, the controller output parameters are € (0,1),¢; (t) = cimin> €2 (£) = Camax- This will encourage indi-
vidual particles to converge to reduce population diversity.

2.4 Simulation Experiments and Results Analysis

To verify the effectiveness of the algorithm in this paper, the performances of several algorithms
proposed in this study were compared. These algorithms include the standard particle swarm optimization
algorithm (SPSO), SOPSO-DCIW, SOPSO-DCAC, the SPSO algorithm with linear decreasing inertia weight
(SPSO-LDIW), and the modified PSO algorithm with the time-varying acceleration constant method
(MPSO-TVAC) [22,23].

Compared with that of the other algorithms, the population diversity of the SOPSO-DCIW algorithm
changes slowly in the early stage and remains at the highest level; this shows that the algorithm performs
the most complete global detection in the early stage. Although the algorithm slows down the early search
speed, it prevents the algorithm from prematurely falling into local extremes. This approach is beneficial
for subsequent global research. In the middle of the search process, the population diversity decreases at a
relatively fast rate. Entering the later stage of the search, although the group diversity is already very small, an
improvement in the optimal solution can still be observed; this shows that the diversity self-adjusting control
inertia weight strategy can increase the effectiveness of the algorithm in controlling local mining and global
detection. This method thereby improves its global convergence, which is why the SOPSO-DCIW algorithm
has better average optimization performance.

Fig. 3 shows the impact of diverse reference inputs on algorithm performance, where the abscissa
represents the evolutionary algebra. The ordinate represents the diversity, the dimension is 10, and the test
function is the F; function. Fig. 4 is a performance comparison chart of the F,; function when the dimension
is 50. This experiment showed that SOPSO-DCAC seemed to have the most ideal group diversity. In the early
stage of the search, its diversity level is slightly lower than that of SOPSO-DCIW and SPSO-LDIW. Similarly,
in the early stage of the search, the diversity water criterion is higher than that of SPSO-TVAC and SPSO.
In addition, in the middle stage of the search, the diversity reduction rate gradually increases. In the later
stages of the search, when the diversity changes in the other algorithms almost stagnate, the diversity in the
SOPSO-DCAC algorithm continues to decrease at a relatively rapid rate. A higher population diversity in
the early stages prevents the algorithm from premature convergence.
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Fig. 3a shows the performance of population diversity when the test function dimension is 10,

and Fig. 3b shows the average best fitness value when the test function dimension is 10. Fig. 4a shows the
performance of the population diversity when the test function dimension is 50, and Fig. 4b shows the
average best fitness value when the test function dimension is 50. The strong fine search capability in the later
stage continuously reduces the diversity of the group and accelerates the convergence of the algorithm. This
approach significantly improves the quality of the solutions. These situations illustrate the effectiveness of the
diversity control acceleration coefficient strategy and are also the fundamental reasons why SOPSO-DCAC
has a good average optimization performance [23,24].

3 Application of the Self-Organizing Particle Algorithm in Constrained Layout Optimization

Layout optimization is a typical NP-hard problem and has a strong application background. Many
practical engineering applications involve layout optimization problems, such as satellite cabin layout,
mechanical assembly layout, and large-scale integrated circuit layout. Therefore, this topic has attracted
widespread attention from researchers.
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3.1 Constrained Layout Optimization Problem

Layout optimization involves optimally placing certain objects in a specific space according to certain
requirements. During the layout process, the objects must usually be clothed, and the containers should
not interfere with each other. In addition, space utilization should be improved as much as possible during
the layout process. This type of problem has a layout without performance constraints. In addition, other
performance constraints must be considered in some layout optimization problems, such as inertia, balance,
and stability. These situations involve performance-constrained layouts, referred to as constrained layout
optimization. Since layout optimization involves a variety of practical constraints, the solution space of this
type of problem is usually nonconvex and discontinuous. Therefore, the above layout optimization is difficult
to solve. In recent years, the use of smart computing has increased. People have begun to use different
intelligent computing methods to solve this type of problem, such as analog annealing, genetic algorithms,
and multiagent technology. As an emerging swarm intelligence computing method, the particle swarm
algorithm is also suitable for solving NP-hard problems similar to constrained layout optimization problems.

In our research, artificial satellite cabin layout design was used as the background. This work also studied
the layout optimization problem with performance constraints, as shown in Fig. 5. In a rotating satellite
cabin, a circular partition is provided perpendicular to the central axis of the cabin. An artificial satellite cabin
requires the needed system functional components, such as instruments and equipment. These elements are
called objects. The items to be clothed are optimally arranged on these circular partitions. The objects to be
clothed on each rotating partition should be gathered toward the center of the container as much as possible
while meeting the series of constraint requirements. When the system is stationary, the static imbalance on
the diaphragm is less than the allowable value. At a given angular velocity, the dynamic imbalance of each
object to be clothed is less than the allowable value. If it is assumed that the objects to be clothed are all
cylinders, the problem can be reduced to a balancing layout problem involving a rotating round table [25].

Y
1 (Xs y)

OION
\(/w

Figure 5: Schematic diagram of the layout of circular items to be clothed on the rotating partition

Assume that the radius of the round table is R, the table rotates at an angular speed w, and » disks
{Oi]ieI={1,2,...,n}} are to be arranged on it. Taking the geometric center O of the round table as the
origin, establish a plane rectangular coordinate system XOY. Assuming that the geometric center of the i-
th disk is X; = (x;, y;) and that its radius and mass are r; and m;, respectively, the object to be laid out is
O; = (X;,ri,m;); then, let X = (X3, X, ..., X,) represent the layout variable. Assume that the center of
mass of each disk coincides with the geometric center and that the disk is fixed to the table. Obviously,
the key to this issue lies in what follows. First, static layout optimization needs to be achieved within the
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two-dimensional plane of the round table. Ignoring the dynamic imbalance constraint of the problem, the
mathematical model of the two-dimensional constrained layout optimization problem can be described
as Eq. (8).

minf (x) = max{\/xi2 +yr+riliel, x;, i € [—R,R]} (8)

Moreover, the following constraints are satisfied, as Eqs. (9)-(11).

(X)) =\/x?+y?+ri-R<0, i€l 9)
2 2 e
fz(X,»):ri+rj—\/(xi—xj) +(yi—yj) <0,i+j,i,jel (10)
B 2 2
f3(X):\l (Zmi-xi) +(Z?=1m,--y,-) —[8]]SO (H)
i=1
here, f(X) is the radius of the enveloping circle, and f;(X;) is the noninterference constraint between the

object to be clothed and the round table container. f,(X;) is the noninterference constraint between objects
to be distributed, f,(X;) is the static imbalance constraint, and [§)] is the allowable static imbalance value.

3.2 The SOPSO Algorithm for Solving Constrained Layout Optimization Problems

This paper will use SOPSO to solve the two-dimensional constrained layout problem described
by Eqgs. (8)-(11). For this reason, the common penalty function method is used to address the constraints of
the problem. First, construct the penalty function as an Eq. (12).

OO0 =h YL (A A+ X Y () f (X)) + A () (X) (12)

where 1,, is the penalty factor of constraint f,,,, A, > 0, m € {1,2,3}, as Eq. (13).

0, fu(-)<0

L fu(:)>0 13)

xu(fm) :{

For convenience, the polar coordinate encoding method is used, and the centroid O of the round
table is used as the pole to establish the polar coordinate system. Then, the polar coordinates of the
centroid X; of any circle O; to be distributed are (I;, 8;), and the corresponding rectangular coordinates are
(xi, i) = (licos0;, 1;sinB;), where I; € [0,R —r;], 0; € [-m, m]. At this time, the first constraint, that is, the
noninterference between the cloth object and the round table container, can always be satisfied. Therefore,
the penalty function in Eq. (12) can be simplified to Eq. (14).

o (X)=L Y] Z;:M (1 (f2) - 2 (X)]+ A5 p(f3) - f(X) (14)

This can transform the constrained layout optimization problem into the following unconstrained
optimization problem, as Eq. (15).

minF (X) = f(X) + &' (X) (15)

In the above problem, if there are n objects to be distributed, the search space of the algorithm
is 2n-dimensional, in which any particle represents a candidate solution of the objective function. This
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candidate solution can be expressed as a 2n-dimensional polar coordinate vector (I, 0y, 5, 05,...,1,,6,),
where l; € [0,R —1;],0; € [-m, 7] ,1< i < n. Obviously, the smaller the objective function value is, the better
the particles.

SOPSO is used to solve the performance-constrained layout problem described by Eq. (8). In
our research, the problem is essentially transformed into an unconstrained optimization problem that
solves Eq. (15), and its algorithm flow can be described as follows:

(1)  Letting t = 0, initialize the diversity input and diversity output of the system.

(2) Randomly initialize the particle population (particle size is N) in the feasible solution space, including
the position, speed, and best position of each particle; the best position of the group; and the control
parameters of the particles.

(3) Calculate the function value of each particle and update the historical best position of each particle
and the best position of the group.

(4) The diversity input and output of the system are updated, and the control parameters are adjusted
according to the control rules.

(5) If the termination condition is met, the algorithm ends. Otherwise, let t = ¢ + 1 and continue Step (6).

(6) Update the particle group, including the position and speed of each particle, and return to Step (3).

3.3 Example Application and Result Analysis

For this research, our proposed method selected a more complex 40-circle constrained layout optimiza-
tion problem to observe the optimization performance of the SOPSO algorithm. The results were compared
and analyzed with those of the human-computer interaction genetic algorithm (HCIGA) and the particle
swarm optimization algorithm with a mutation operator (MPSO). The radius of the circular container is R
=880 mm, and 40 circular objects are laid out on it. Given that the allowable value of the static unbalanced J
is &7, the relevant information of the material to be clothed is shown in Table 1. The layout results are shown
in Fig. 6 and Table 2. In the experiment, the population size of the HCIGA was 60. MPSO and SOPSO are
100: SOPSO adopts the DCIW control strategy, and the maximum number of iterations is 5000.

Table 1: Data from 40 circles

Serial number r/mm m/g Serial number r/mm m/g
1 106 11 21 108 11
2 112 12 22 86 7
3 98 9 23 93 8
4 105 11 24 100 10
5 93 8 25 102 10
6 103 103 26 106 11
7 82 6 27 111 12
8 93 8 28 107 11
9 117 13 29 109 11

10 81 6 30 91 8
11 89 7 31 111 12
12 92 8 32 91 8
13 109 11 33 101 10
14 104 10 34 91 8
15 115 13 35 108 11

(Continued)
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Table 1 (continued)

Serial number r/mm m/g Serial number r/mm m/g
16 110 12 36 114 12
17 114 12 37 118 13
18 89 7 38 85 7
19 82 6 39 87 7
20 120 14 40 98 9

Figure 6: Schematic chart of the SOPSO algorithm layout results

Table 2: Constraint performance of the algorithm for 40 cycles

Algorithm Outer circle  Static unbalance/(g mm)  Interference  Calculating time/s

radius/mm amount
HCIGA 870.331 0.006000 0 1358
MPSO 843.940 0.003895 0 2523
SOPSO 816.650 0.008526 0 1462

Fig. 6 shows the optimal layout obtained by SOPSO when all the performance constraints are met.
The figure shows that the outer large circle is the circular container, and the inner large circle is the outer
enveloping circle in the optimal layout. There are 40 circles within the outer circle that do not interfere with
each other. Table 2 records the constraint performance corresponding to the optimal layout. In addition, the
system includes the best results obtained by the HCIGA and MPSO when solving this problem. Obviously,
the optimal layouts obtained by these three algorithms all achieve noninterference between each waiting
cloth and between containers. Therefore, the interference amount of each algorithm in this table is zero.
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Under this premise, the operator observes that the outer envelope circle radius HCIGA in each layout is
870.331 mm. The MPSO is 843.940 mm long, while the SOPSO is 816.650 mm long. Obviously, the envelope
circle radius obtained by SOPSO is much smaller than that obtained by MPSO and the HCIGA. This shows
that the layout results of SOPSO can better achieve the goal of gathering the items to be clothed toward the
center as much as possible. At this time, although the static imbalance in the SOPSO layout is slightly greater
than that in the other two algorithms, the static imbalance is also far less than the needed given value. The
above results illustrate the effectiveness of SOPSO in complex constrained layout optimization problems.

4 Conclusion

The method proposed in this work starts from the nature of crowd intelligence and treats the particle
group as a self-organizing system, which uses group diversity as a key factor affecting the behavior of
individual particles and an important indicator of group dynamics. This method introduces a diversity
feedback mechanism to control the evolutionary dynamics of the group, and this method also proposes a
self-organizing particle swarm algorithm (SOPSO) model. By analyzing the different effects of algorithm
parameters on the behavior of individual particles, the above method proposes two strategies for controlling
the inertia weight and acceleration coefficient to increase and decrease the diversity of particle groups,
respectively. By controlling the linear reference input of the system, the SOPSO algorithm can effectively
improve the diversity level of the group during the entire search period, and the SOPSO algorithm can
also appropriately adjust the evolvability of the group according to the search dynamics. The system thus
effectively overcomes the premature convergence of the algorithm. The relevant experimental results show
that if the SOPSO algorithm is compared with other typical improved particle swarming algorithms, SOPSO-
DCIW and SOPSO-DCAC have better average optimization performances. In the experiment, it was found
that when the system searches for global detection via the early adjustment algorithm, it is more effective to
control the inertia weight than to control the acceleration coefficient. When the system searches for the local
search of the later adjustment algorithm, it is more effective to adjust the acceleration coefficient than to adjust
the inertia weight. With the successful application of the system in the two-dimensional constrained layout
problem based on the satellite cabin layout, the above examples illustrate that the method model proposed
in this paper has certain practical value.
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Abbreviations

PSO Particle swarm optimization

SOPSO Self-organized PSO

SOPSO-DCIW Swarm optimization (PSO)-diversity controlled inertia weight
SOPSO-DCAC Self-organized PSO-diversity controlled acceleration coefficient
SPSO Standard PSO

SPSO-LDIW Standard PSO-linear decreasing inertia weight

MPSO-TVAC Modified PSO algorithm with a time-varying acceleration constant
DCIW Diversity-Controlled Inertia Weight

DCAC Diversity-Controlled Acceleration Coefficient
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