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In this study, a particle swarm optimization (PSO) algorithm with a negative gradient perturbation and binary tree depth-frst
strategy (GB-PSO) is proposed. Te negative gradient term accelerates particle optimization in the direction of decreasing the
objective function value. To calculate the step size of this gradient term more easily, a method based on the ratio was proposed. In
addition, a new PSO strategy is also proposed. Each iteration of PSO yields not only the current optimal solution of the group, but
also the solution based on the 2-normmaximum. Under the current iteration solution of PSO, these two solutions are the children
nodes. In the sense of the binary tree concept, the three solutions constitute the father-son relationship, and the solution generated
throughout the entire search process constitutes the binary tree. PSO uses a traceable depth-frst strategy to determine the optimal
solution. Compared with the linear search strategy adopted by several algorithms, it can fully utilize the useful information
obtained during the iterative process, construct a variety of particle swarm search paths, and prevent premature and enhance
global optimization.Te experimental results show that the algorithm outperforms some state-of-the-art PSO algorithms in terms
of search performance.

1. Introduction

Te general form of optimization problem is as follows:

min
X∈RN

F(X). (1)

Tis represents the minimum value of the function
minX∈RN F(X) in set RN, where X represents the decision
variable and F(X) represents the objective function, and the
optimal solution is any feasible solution that minimizes the
objective function. Optimization problems are common in
industrial production, management science, computer science,
and other application felds and disciplines, and more complex
optimization problems emerge as these felds and disciplines
develop. To solve large-scale complex optimization problems,
traditional optimization methods such as Newtons method, the
conjugate gradient method, and the trust region method are
used. Tese methods require frst- and second-order derivative
information of the objective function, involving the calculation

of the gradient and Hesse matrix, including matrix inversion
[1–10]. Although the traditional method has fast convergence
speed, the structure of the objective function in practical en-
gineering applications is complex, and the gradient and Hesse
matrices are difcult to calculate or do not exist. Tese
shortcomings limit the scope traditional optimization algo-
rithms of application. Terefore, the search for efcient, uni-
versal, and easy-to-calculate optimization algorithms has
become one of the primary research topics in related disciplines.
Since the 1980s, the theory and methods of swarm intelligence
algorithms have been extensively studied, applied, and devel-
oped. Te swarm intelligence algorithm build stochastic opti-
mization algorithms by simulating the group behavior of
natural organisms, such as the ant colony algorithm that
simulates ant foraging behavior, particle swarm algorithm that
simulates bird foraging behavior, and hybrid frog leaping al-
gorithm that simulates frog foraging. Tese swarm intelligence
algorithms require a low mathematical model of the objective
function and can solve nonconvex or nondiferentiable
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functions. Terefore, they outperform traditional algorithms in
solving complex engineering problems [11–15]. Among them,
the particle swarm optimization (PSO) algorithm with fewer
parameters is simple to implement, and has seenwidespread use
in image processing, pattern recognition, optimization, and
other felds [16–18]. However, similar to other swarm intelli-
gence algorithms, PSO performance declines sharply as the
search space dimension increases, and it has some shortcom-
ings, such as slow convergence speed and poor accuracy in late
evolution. To solve these problems, researchers have improved
the PSO algorithm in terms of parameter selection, multi-al-
gorithm fusion, and algorithm topology, and have achieved
several study results. A novel self-adaptive PSO algorithm
proposed by Tang et al. [19] was used to alleviate the con-
vergence issue of the basic PSO by fne-tuning the three primary
control parameters. Zhang et al. proposed an improved adaptive
PSO algorithm [20], which controlled the search direction of
particles by dynamically adjusting the sensitive parameter.
Vafashoar et al. studied a PSO algorithm based on cellular
learning automata and maximum likelihood updating mech-
anism [21]. To improve the performance of PSO on complex
problems, an all dimension-neighborhood-based PSO with
randomly selected neighbors learning strategy was proposed in
[22]. An integrated PSO algorithm with random-restart hill
climbing was presented for the resolution of fexible job shop
scheduling problem (FJSP) [23]. Girish proposed a hybrid PSO
algorithm in a rolling horizon framework to solve the aircraft
landing problem [24]. Feng et al. proposed a new PSO algo-
rithm, which realizes the conditional learning behavior and
enables particles to perform natural conditional behavior under
unconditional motivation [25]. Zou et al. proposed a multi-
objective PSO algorithm based on grid technology and mul-
tistrategy. Te algorithm combined grid technology to enhance
the diversity and convergence of the algorithm, increase the
number of particles, and improve the convergence and diversity
of themultiobjective PSO algorithm [26]. Fan and Jen proposed
enhanced partial search PSO (EPS-PSO), which used the
concept of collaborativemultiswarmoptimization. By designing
a special cooperative search strategy, preventing particles from
falling into the local optimal solution, and efectively locating
the global optimal solution, the convergence and efciency of
PSO algorithm were improved [27], and a hybrid algorithm
based on the Nelder Mead (NM) simplex search method and
PSO was proposed in [28] for unconstrained optimization. Te
algorithm improved the performance of the standard PSO
algorithm by combining hybrid strategies such that it can
converge to the optimal solution faster and more accurately.

In this study, an improved algorithm is proposed from
the perspective of fully utilizing PSO historical data to build
a traceable nonlinear search evolution strategy. First, a
perturbation term for the negative gradient of the objective

function is added to the velocity update formula. Te term
provides a clear direction (negative gradient is the direction
of the fastest descent of the function value) when the particle
is searching in the local neighborhood to avoid a completely
random search, which can speed up the particle searching
speed and enhance the optimization efciency of the whole
particle swarm. Second, using queues and binary trees to
preserve the historical data obtained during the evolution
process, a binary-tree depth-frst search strategy is con-
structed. In this manner, when the particle swarm falls into
the precocious region, it can return to the upper binary tree
node using a retrospective method and select the other
direction, thus escaping from the current premature region
and continuing optimization. Simultaneously, when the
binary tree is empty, a new solution vector system is con-
structed by queue, and the evolution continues until the
binary tree and queue are empty simultaneously or the
number of iterations reaches the preset maximum number
of times, and the algorithm ends. It can be observed that the
search evolutionary strategy proposed in this study is more
fexible and diverse, and the existing common search
strategy is only a special case, thus, the performance of this
algorithm is better.

Te remainder of this paper is organized as follows: the
original PSO algorithm is presented in Section 2. In Section
3, the GB-PSO algorithm is proposed.Te simulation results
are presented in Section 4, and the conclusions are drawn in
Section 5.

2. Particle Swarm Optimization

Te swarm intelligence algorithm is a method generated by
observing the activities of predation, migration, and other
activities of animal groups. Te PSO algorithm is a pop-
ulation-based intelligent algorithm proposed by Dr. Ken-
nedy and Dr. Eberhart in 1995 [29]. Its principle is simple,
iterative, and easy to implement with velocity and dis-
placement formulas, memory function, fewer parameters to
adjust, and great advantages in terms of optimization sta-
bility and global convergence.

Te description of the standard PSO algorithm is as
follows: let the dimension of the search space be N.Ten, the
individual size of the particle group be M, the current
position of the i-th particle is Xi � (xi1, xi2, . . . , xiN), the
current velocity is Vi � (vi1, vi2, . . . , viN) and current opti-
mal position is Pi � (pi1, pi2, . . . , piN). For the entire particle
swarm, a global optimal solution G(t) � (gt1, gt2, . . . , gtN)

is found. In each iteration, the particle’s velocity and position
update formula are as follows:

Xi(t + 1) � Xi(t) + Vi(t + 1), (2)

Vi(t + 1) � ωVi(t) + c1r1 Pi(t) − Xi(t)(  + c2r2 G(t) − Xi(t)( , t � 0, 1, 2, . . . , i � 1, 2, . . . , M, (3)
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where w denotes the inertia weight, which is used to balance
the global search and local search ability of the algorithm; c1
and c2 are individual cognitive factors and social cognitive
factors, respectively; and r1 and r2 are random numbers in
the range [0,1].

3. The Proposed Algorithm

Te PSO has the advantages of simple model, fewer pa-
rameters, and easy implementation. However, in the process
of optimizing some complex functions, it is easy to have a
slow convergence speed, low optimization accuracy, and
prematurity. Te main reason is that particles usually move
around the global and local optimum locations, however do
not fully explore the entire search space. Considering the
shortcomings of the standard PSO algorithm, we propose
the following two improvements:

3.1. Gradient Perturbation. In this section, a perturbation
algorithm based on the objective function negative gradient
is proposed, which can enhance the optimization ability of
each particle in the local neighborhood. It is well known that
the gradient algorithm in the analytic domain is an efcient,
simple, and easy-to-program optimization algorithm. Te
improved algorithm adds a negative gradient item to
equation (2) to achieve the fastest descending direction of
the objective function in each iteration of the particle, in-
creasing the search targeting and accelerating the evolution.
To a certain extent, the optimal value is within the neigh-
borhood of the steepest descent direction of the objective
function.

Xi(t + 1) � Xi(t) + Vi(t + 1) + αi −∇Xi
F . (4)

Te diference between equations (2) and (4) is shown in
Figure 1:

It is clear that equation (4) contains information re-
garding the decline of function values, which assists particles
to fnd optimal values. Considering that the objective
function is not necessarily steerable in the search domain, we
use the following approximate method to calculate its
gradient.

∇Xi
F �

zF

zxi1

zF

zxi2
. . .

zF

zxiN

 ,

zF

zxij

�
F xi1 xi2 xij + Δxij . . . xiN  − F Xi( 

Δxij

.

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

(5)

Te step size αi in equation (4) can be calculated using
the Wolfes rule, that is αi satisfes the following inequalities
[30]:

F Xi + αidi( ≤F Xi(  + σ1αig
T
i di,

g Xi + αidi( 
Tdi ≤ σ2αig

T
i di,

⎧⎨

⎩ (6)

where di � −gi(gi � ∇Xi
F). σ1 and σ2 are given constants.

However, this method requires a large amount of calculation
and is time-consuming. To reduce the calculation and

improve the efciency, we propose a method in this study.
First, the ratio is introduced as follows:

ϕi �
F Xi(  − F Xi + αidi( 

F Xi(  − φ Xi + αidi( 
, (7)

where φ(Xi + αidi) � F(Xi) + gT
i (αid). It is clear that the

value of ϕi represents the similarity between functions
F(Xi + αidi) and φ(Xi + αidi), and when αi⟶ 0, ϕi⟶ 1.
In the process of iteratively calculating the value of αi, when
ϕi ≥ c0 (c0 is a preset threshold), it shows that F(Xi + αidi) is
very similar to φ(Xi + αidi), αi can be accepted, and the value
of function F(Xi) decreases along the direction of αidi

(∵F(Xi) − F(Xi + αidi)> 0); otherwise, the value of αi is
reduced and the value of ϕi is recalculated until the above
conditions are satisfed. Te specifc steps of the algorithm
are as follows:

Step 0. Given points Xk, gk and the constant 0< c0 < 1.
Let dk � −gk.
Step 1. Because F(Xi) − φ(Xi + αidi) � αi‖gi‖

2 > 0, αi

can be initialized to a large positive number, and then
proceed Step 2.
Step 2. If ϕi ≥ c0, the computation is stopped and
output αi is obtained. Otherwise, let αi←c1αi(0< c1 < 1)

and loop with Step 2.

3.2. Binary Tree Depth-First Search Strategy. Standard PSO
and many improved algorithms use linear search for global
optimization. Tis search strategy is based on the optimal
solution vector obtained by the current PSO to indicate the
direction of the next evolution. Its advantages are that it is
simple in form and easy to program, however it has two
shortcomings: (1) when the optimal group solution tends to
be locally optimal, under the action of equation (3), the
particle group enters the neighborhood of the local optimal

Xi (t)

Vi(t+1)

Xi
(1) (t+1)

Xi
(3) (t+1)

O

αi (− Δ

XiF)

Figure 1: Diferences between the two equations.
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solution. Because this linear search is unidirectional, the
entire particle swarm will converge to the local optimal
solution even if it is searched for a long time in the
neighborhood and lacks the ability to jump out of the
precocious trap and perform global optimization. (2) In the
entire process of particle swarm evolution, only the optimal
solution of the current swarm is preserved, and not the
information of various solutions in the process of evolution,
which can be used to construct more diverse evolutionary
strategies. Tis method of preserving the current global
optimal solution information and using it to build the
particle swarm evolution path is similar to that in [27]. Based
on this, the data structure of the queue and the binary tree
are adopted to save the current optimal, suboptimal, and
norm maximum solutions, and defne the corresponding
operations to construct a traceable and multidirectional
search strategy. Te steps of the algorithm are as follows:

Step 0: Random generation of initial solution vector
Xi(0), i � 1, 2, . . . , M for each particle in search space;
initializing the optimal position vectorPi(0), the velocity
vector Vi(0), and the current optimal solution vector
G(0), let Vi(0) � Pi(0) � Xi(0), G(0) �

argMinXF(Xi(0)), G(0) � argMinX≠G(0)F(Xi(0)) (i.e.,
G(0) is a suboptimal vector); generate queue Qu, push
group solution vector PSO(0) � (Xi(0)Pi(0)Vi(0))

and suboptimal vector G(0) into the queue; generate a
binary tree BTree, set the data feld of the root node to
null, and use BTr(0) � (PSO(0) g(0) ) as the data feld
of the left child node, where g(0) � argMax

X
‖∇Xi

F‖2

(that is, the value of function F(X) varies the most in the
neighborhood centered on g, which is far from the
premature zone), BTr(0) � (PSO(0)G(0) ) is the data
feld of the right child node, as shown in Figure 2:
Step 1: Particle swarms evolved as follows:

(1) Each time the right side child direction depth search
is preferred, the particle speed and position values
are updated by the following formula:

Xi(t + 1) � Xi(t) + Vi(t + 1) + αi −∇Xi
F ,

Vi(t + 1) � ωVi(t) + c1r1 Pi(t) − Xi(t)(  + c2r2 G(t) − Xi(t)( ,

t � 0, 1, 2, . . . , i � 1, 2, . . . , M.

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(8)

If the particle swarm evolves successfully, that is,
MinF(Xi(t + 1))<F(G(t)), compute g(t + 1),
G(t + 1) and G(t + 1). Insert BTl(t + 1) �

(PSO(t + 1)g(t + 1)) and BTr(t + 1) � (PSO (t +

1)G(t + 1)) into the corresponding nodes of the
binary tree (Figure 3(a)), and push Q(t + 1) �

(PSO(t + 1) G(t + 1)) into the queue as shown in
Figure 3(b).
If the PSO is always evolutionary, the maximum
number of iterations is calculated based on to the
above method, and the optimal value is obtained. If
there is no evolutionary situation, the algorithm
proceeds Step 2.

Step 2: When the particle swarm cannot evolve, pro-
ceed as follows:
Considering the current solution
BTr(t) � (PSO(t)G(t)) as the framework, and
equation (8) as an iterative formula, use the general
evolutionary method, attempt to search forward
several times, and then detect whether it evolves. If
the particle swarm can evolve, continue to evolve
forward, as shown in Figure 4(a). If the particle
swarm is still unable to evolve, it can be considered
that the particle swarm is trapped in the feld of local
optimal value, then the search direction is traced back
to the upper binary tree node, and the left child node
is considered as a new search starting point, take out
its solution information: (PSO(t)g(t)⟶ G(t)), and
continue to evolve according to the method shown in
Step 1, as shown in Figure 4(b). In the process of
searching, if the particle swarm cannot evolve for a
long time, it will exceed the root node of the binary
tree after multiple backtracking (because in pro-
gramming implementation, the stack is used to store
the data of the binary tree node and to implement the
above algorithm by pressing and popping operations,
thus when this happens, the stack is empty), as shown
in Figure 4(c). Te solution vector system based on
the optimal solution vector G(t) does not continue to
evolve. Te algorithm proceeds to step 3, and the
system is reconstructed with the suboptimal solution
G(t).
Step 3: Consider the current element based on the
direction of the queue head pointer, and move the
pointer to the next element, as shown in Figure 5.

Complete the following assignments:

PSO(t)⟶ PSO(0),

G(t)⟶ G(0).
 (9)

Te above steps are followed to search for the optimi-
zation again. When Qu and BTree are empty or the number
of iterations reaches a preset value, the algorithm completes
and outputs the optimal solution obtained during the entire
iteration process.

From the above steps, linear search is only a special case
of this algorithm, that is, the situation shown in Figure 3(a).
However, in actual calculations, particle swarms cannot
always evolve, particularly when optimizing complex
functions, and the entire particle swarm enters precocious
areas at some stage of evolution, in which case, a linear
search lacks the ability to jump out of precocious traps. By
contrast, the proposed algorithm uses a variety of solution

BTl (0) BTr (0)

Ф

Figure 2: Initializing search binary tree.
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information to construct a traceable nonlinear search al-
gorithm, thus having a more fexible search strategy and
more powerful global optimization capabilities.

4. Simulation Results

To verify the performance of GB-PSO, 22 numerical func-
tions, which are widely adopted in the performance com-
parison of global optimization algorithms (some test
functions can be observed in [28]) were selected in this
study, and the performance of the algorithm was refected by
solving their minimum values. Te defnitions of the
benchmark functions and their detailed information are
listed in Tables 1 and 2, respectively. Functions were divided
into three groups based on their physical properties and
shapes.

Te frst group contains eight unimodal benchmark
functions. From their mathematical properties and geo-
metric distribution, these functions are single-mode, that is,
there is only one global optimal value and the optimal so-
lution is the center of the search interval. Terefore, the
convergence rate of the search algorithm is important in
determining global optimum, while the second group in-
cludes 11 multi modal benchmark functions. Te charac-
teristic of these functions is that the number of local
minimums increases with an increase in the dimension of
the variable, whichmakes it easy for the algorithm to fall into
the premature zone when searching for the global optimal
solution, and makes it more difcult for the algorithm to
converge to the global optimal value, while the rest are
rotated and shifted functions. For shifted functions, the
global optimal vector is no longer the center of the search
interval, but shifted to the position vectorO � (o1, o2 . . . oN)

. In the simulation experiment, O is randomly generated
within the range of the search interval, that is, each com-
ponent satisfed: oi ∈ xmin xmax . Rotating the function did
not change the shape, however it increased the difculty of
the algorithm in identifying it. Te rotation matrix M was
randomly generated, each element satisfed the standard
normally distributed, and was then orthogonalized by the
Gram-Schmidt method.

In the experiment, the initialization of all parameters is
randomly generated based on its logical meaning, all ex-
periments were performed in a Windows XP Professional
environment using an Intel Core Dual Core system with
2.11GHz and 2.0GB RAM, and the codes were implemented
in C compiled Language.

4.1. Testing Performance of the Proposed Algorithm. In this
subsection, we verify the efectiveness of the proposed GB-
PSO algorithm. Te maximum number of iteration was set
to 1500 for all functions, and the particle number was
considered as 120 with 20-dimension. Each experiment was
independently repeated 50 times for every function. Te
mean of the best values and the best standard deviations of
the 22 benchmark functions obtained by the GB-PSO al-
gorithm are shown in Table 3. Because of the limited space,
we can only list the variation curve of the optimal value of
some functions in Figure 6.

Tese results indicate that the GB-PSO algorithm is
efective. Te algorithm is divided into three stages. As an
example, the function f5 variation curve is shown in Fig-
ure 7. In the frst stage, the two curves coincide highly, which
shows that the algorithm converges quickly and the PSO
approaches the global optimum quickly. In the second stage,
the particle swarm is trapped in the premature region, which

BTr (t)

BTl (t+1) BTr (t+1)

(a)

Q (0) Q (t) Q (t+1)

Out In

(b)

Figure 3: Updating binary tree and queue.
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further shows that the negative-gradient defection term has
played its due role. Because the algorithm adopts the binary
tree depth-frst search strategy, the optimal value of the
current particle swarm is promoted to a high frequency and
large jump. Tis transition eventually causes the particle
swarm to escape from the region, continue to evolve, and
become further closer to the global optimal value. In the
third stage, because the particle swarm is already close to the

global optimal value, although the particle swarm still at-
tempts to evolve further, it fails, and the algorithm converges
to its ultimate optimal value. After several experiments, the
performance of the algorithm was observed to be related to
the parameter values. Te convergence performance of the
algorithm is diferent under diferent values; therefore, we
will study the parameter selection strategy to further im-
prove the performance of the algorithm.

Head

Q (t) Q (t+1)

t = 0,1,2…

Figure 5: Remove team head elements and reconstruct solution system.

BTr (t+k)

BTr (t)

(a)

BTl (t) BTr (t)

BTr (t–1)

Trace back

(b)

Ф

(c)

Figure 4: Back trackable binary tree depth-frst search strategy.
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4.2. Comparison of GB-PSO with Other Algorithms. In this
simulation, to further test and verify the performance of the
GB-PSO algorithm, we compared it with four state-of-the-
art PSO algorithm: the novel self-adaptive PSO algorithm
(SAPSO) [20], the hybrid particle swarm optimizer with sine
cosine acceleration coefcients (H-PSO-SCAC) [31], the
improved global-best-guided particle swarm optimization
with learning operation (IGPSO) [32] and the competitive
mechanism based multiobjective PSO (CMOPSO) [33]. For
all test algorithms, the maximum number of iterations was
set to 2000 for all functions with 30-dimension, the particle
number was considered as 120, and each experiment was
independently repeated 20 times for every function. Te
results are listed in Table 4, and Figure 8 shows the con-
vergence graphs in terms of the best mean ftness value of
each algorithm for the benchmark function.

From the results in Table 4, for the eight unimodal
functions, except for f8, the proposed GB-PSO algorithm
performs better than the SAPSO, H-PSO-SCAC, IGPSO, and

CMOPSO algorithms on function f8.Te CMOPSO exhibited
the best performance. However, in its entirety, the proposed
GB-PSO exhibits strong computational power, and its opti-
mization results are very close to the theoretical global opti-
mum; for four multi modal functions, the GB-PSO algorithm
performs best and achieves the global optimal solutions or is
close to the global optimal solution on two functions (f9 and
f11). However, on two multi modal functions (f10 and f12),
the proposed algorithm could not determine the global optimal
values because the choice of parameters would greatly afect its
performance, as described above; for 10 rotated and shifted
functions, because of the complexity of these functions, not all
the algorithms can determine the global optimal value. Tese
values were within the acceptable range. Comparatively
speaking, the GB-PSO algorithm is better than other algo-
rithms in 10 test functions except for f13 and f17. From the
simulation results, this performance diference is evident.

Figures 8(a)–8(f) show the convergence curves obtained
by the fve algorithms for six functions (f3, f4, f11, f12, f13,

Table 1: Te benchmark functions used in the study.

Name F(X)

Sphere f1 � 
N
i�1 x2

i

Schwefel
2.22 f2 � 

N
i�1 |xi| + 

N
i�1 |xi|

Schwefel 1.2 f3 � 
N
i�1 (

i
j�1 xj)

2

Schwefel
2.21 f4 � max |xi|, 1⩽ i⩽N 

Elliptic f5 � 
N
i�1 (106)i− 1/N−1x2

i

Step f6 � 
N
i�1 (xi + 0.5

2

Noise f7 � 
N
i�1 ix4

i + random(0, 1)

Hyper
ellipsoid f8 � 

N
i�1(

i
j�1 x2

j)

Rastrigin f9 � 
N−1
i�1 (x2

i − 10 cos(2πxi) + 10)

Ackley f10 � −20 exp(−0.2
����������

1/N 
N
i�1 x2

i



) − exp(1/N 
N
i�1 cos(2πxi)) + 20 + e

Griewank f11 � 1/4000
N
i�1 x2

i − 
N
i�1 cos(xi/

�
i

√
) + 1

Schwefel f12 � 418.9829N − 
N
i�1 xi sin(

���
|xi|


)

Shifted
sphere f13 � 

N
i�1 z2i − 450 Z � X − O, O � (o1, o2 . . . oN)

Shifted
schwefel f14 � 

N
i�1 

i
j�1 z2j − 450 Z � X − O, O � (o1, o2 . . . oN)

Shifted
rosenbrock f15 � 

N−1
i�1 [100(zi+1 − z2i )2 + (zi − 1)2] + 390Z � X − O + 1,O � (o1, o2 . . . oN)

Shifted
rastrigin f16 � 10N + 

N
i�1[z2

i − 10 cos(2πzi)] − 330Z � X − O,O � (o1, o2 . . . oN)

Shifted
ackley f17 � −a exp(−b

����������

1/N 
N
i�1 z2i



) − exp(1/N 
N
i�1 cos(czi)) + a + e − 140, a � 20, b � 0.2, c � 2π, Z � X − O

Shifted
griewank f18 � 1/4000

N
i�1 z2i − 

N
i�1 cos(zi/

�
i

√
) + 1 − 180Z � X − O,O � (o1, o2 . . . oN)

Rotated
rosenbrock f19 � 

N−1
i�1 [100(zi+1 − z2i )2 + (zi − 1)2] − 900Z � M(2.048/100(X − O)) + 1, O � (o1, o2 . . . oN) M is an orthogonalmatrix

Shifted
rotated
elliptic

f20 � 
N
i�1 (106)i− 1/N−1z2i − 450, Z � M(X − O)

Shifted
rotated
rastrigin

f21 � 10N + 
N
i�1[z2

i − 10 cos(2πzi)] Z � M(X − O)

Shifted
rotated
griewank

f22 � 1/4000
N
i�1 z2i − 

N
i�1 cos(zi/

�
i

√
) + 1 − 180Z � M(X − O)
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and f15). Figure 8(a) clearly shows that GB-PSO has faster
convergence speed and more powerful optimization ability
than that in the other four methods, although it falls into
local optimum during evolution, however after less iteration
calculation, the particle swarm can fnally escape from the
local optimum and converge to a higher precision solution.
From fgure 8(b), it can be observed that GB-PSO has the
best performance for this benchmark function. Figure 8(c)

shows that the GB-PSO algorithm surpasses all other ap-
proaches, and the algorithm identifed the global optimal
solution for approximately 10− 30. Figure 8(d) shows that the
GB-PSO algorithm shows the fastest convergence speed
initially. From fgure 8(e), in terms of search accuracy, the
GB-PSO algorithm is slightly inferior to SAPSO however it is
stronger in terms of algorithm stability. Figure 8(f) illus-
trates the values achieved for the four algorithms when

Table 2: Detailed information of test functions modal.

Modal F(X) Search space Opt (X) Min Accepted value

Unimodal

f1 [−100, 100]N [0.0]N 0.0 10− 6

f2 [−10, 10]N [0.0]N 0.0 10− 8

f3 [−100, 100]N [0.0]N 0.0 10− 6

f4 [−100, 100]N [0.0]N 0.0 10− 6

f5 [−100, 100]N [0.0]N 0.0 10− 8

f6 [−100, 100]N −0.5⩽xi ⩽ 0.5 0.0 10− 8

f7 [−1.28, 1.28]N [0.0]N 0.0 10− 2

f8 [−100, 100]N [0.0]N 0.0 10− 8

Multimodal

f9 [−5.12, 5.12]N [0.0]N 0.0 10− 8

f10 [−32, 32]N [0.0]N 0.0 10− 8

f11 [−600, 600]N [0.0]N 0.0 10− 8

f12 [−500, 500]N [420.9687]N 0.0 2 × 103

Rotated and shifted

f13 [−100, 100]N O −450 −350
f14 [−100, 100]N O −450 −350
f15 [−100, 100]N O 390 490
f16 [−5, 5]N O −330 −230
f17 [−32, 32]N O −140 −135
f18 [−600, 600]N O −180 −170
f19 [−100, 100]N O −900 −800
f20 [−100, 100]N O −450 −350
f21 [−5, 5]N O 0.0 5.0
f22 [−600, 600]N O −180 −100

Table 3: Performance of the GB-PSO algorithm.

F(X) Iteration Mean Standard deviations Best value of 50 simulation
f1 80 3.4227E− 49 6.7053E− 49 1.4004E− 50
f2 200 6.3650E− 48 4.3692E− 47 7.7993E− 49
f3 200 2.2398E− 39 2.8080E− 39 5.4812E− 40
f4 200 4.5270E− 22 7.8410E− 22 1.3581E− 28
f5 200 1.2286E− 17 1.7176E− 17 3.1967E− 19
f6 100 0.0 0.0 0.0
f7 120 0.0 0.0 0.0
f8 400 1.0666E− 25 1.8447E− 25 8.9995E− 29
f9 140 6.5074E− 38 5.1779E− 38 7.5266E− 39
f10 1000 3.0018E− 15 3.9191E− 15 5.8872E− 16
f11 350 6.2598E− 48 5.5918E− 48 1.0000E− 50
f12 200 0.010245 0.009101 0.000112
f13 700 −427.2015 20.5264 −449.868
f14 150 −445.245 5.094 −449.999
f15 100 396.255 3.3955 392.417
f16 1000 −324.293 4.971 −329.999
f17 100 −135.661 4.509 −139.995
f18 100 −177.619 2.056 −179.931
f19 1200 −895.083 4.041 −898.750
f20 1200 −444.7361 4.571 −448.402
f21 1500 5.1086E− 10 7.9533E− 10 1.4282E− 11
f22 1200 −177.642 2.0817 −179.975
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Figure 6: Te variation curve of the best function value in 50 simulations. (a) f1, (b) f2, (c) f9, (d) f10, (e) f21, and (f) f22.
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Figure 7: Tree-stage sketch of particle swarm evolution under GB-PSO.

Table 4: Mean and standard deviations of the function values.

F(X) Criteria CMOPSO SAPSO H-PSO-SCAC IGPSO GB-PSO

f1
Mean 2.90E− 10 2.92E− 08 1.13E− 20 6.42E− 11 2.01E− 31
S.D. 4.24E− 09 1.96E− 10 5.23E− 22 1.45E− 10 4.47E− 31

f2
Mean 4.68E− 11 2.21E− 10 1.29E− 09 2.23E− 19 4.20E− 33
S.D. 2.09E− 11 4.37E− 10 5.34E− 08 4.34E− 19 5.31E− 33

f3
Mean 1.51E− 20 3.66E− 08 3.59E− 13 1.18E− 15 1.06E− 34
S.D. 8.83E− 19 6.10E− 07 7.74E− 13 3.61E− 13 4.46E− 34

f4
Mean 3.65E− 07 6.96E− 08 6.08E− 09 1.08E− 06 1.21E− 21
S.D. 7.28E− 07 8.72E− 08 4.31E− 08 1.16E− 06 4.44E− 20

f5
Mean 3.68E− 07 2.52E− 3 1.79E− 02 3.19E− 08 2.68E− 12
S.D. 7.23E− 07 4.51E− 3 3.87E− 02 5.46E− 08 5.58E− 11

f6
Mean 2.13E− 13 1.22E− 09 2.19E− 06 3.16E− 13 4.34E− 26
S.D. 4.66E− 13 2.28E− 08 4.68E− 06 7.08E− 13 9.21E− 26

f7
Mean 1.66E− 09 3.71E− 18 4.35E− 16 7.31E− 16 3.06E− 30
S.D. 2.12E− 09 6.87E− 18 5.38E− 16 1.11E− 15 5.45E− 30

f8
Mean 1.38E− 19 5.46E− 14 3.23E− 13 7.49E− 10 2.19E− 17
S.D. 2.27E− 19 1.13E− 13 8.08E− 12 5.82E− 10 4.91E− 17

f9
Mean 4.56E− 12 6.75E− 14 8.14E− 11 7.49E− 12 4.89E− 29
S.D. 6.96E− 11 3.95E− 14 7.89E− 10 8.98E− 12 8.92E− 28

f10
Mean 2.95E− 10 5.13E− 04 3.59E− 06 3.34E− 09 7.72E− 10
S.D. 7.92E− 10 7.96E− 04 6.69E− 05 7.48E− 09 8.18E− 09

f11
Mean 2.97E− 06 1.86E− 20 3.59E− 12 1.33E− 15 5.01E− 30
S.D. 7.66E− 05 6.83E− 20 8.19E− 11 8.78E− 15 8.92E− 30

f12
Mean 0.1435 0.0273 0.0489 0.5570 0.0032
S.D. 0.0718 0.0118 0.0023 0.7658 0.0013

f13
Mean −426.9618 −436.7843 −416.1015 −377.6605 −427.0233
S.D. 2.3443 7.8668 12.39 3.2649 18.7899

f14
Mean −389.23 −401.67 −389.67 −421.89 −430.23
S.D. 10.34 23.34 30.34 30.12 9.15

f15
Mean 407.6742 407.1695 406.4978 406.3855 396.4175
S.D. 12.34 23.89 5.84 14.56 6.89

f16
Mean −256.34 −306.45 −297.45 −245.49 −319.91
S.D. 4.78 5.78 12.23 16.21 7.89

f17
Mean −136.12 −136.89 −130.51 −129.45 −134.89
S.D. 5.12 12.12 9.19 11.91 6.51
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Table 4: Continued.

F(X) Criteria CMOPSO SAPSO H-PSO-SCAC IGPSO GB-PSO

f18
Mean −171.34 −169.77 −173.88 −174.12 −175.23
S.D. 5.86 10.23 6.44 5.23 3.81

f19
Mean −801.34 −821.22 −802.41 −825.21 −880.78
S.D. 12.72 9.12 12.24 8.12 6.12

f20
Mean −371.09 −367.91 −381.33 −389.11 −409.78
S.D. 13.56 14.34 12.99 10.21 12.33

f21
Mean 2.91E− 02 6.15E− 03 1.23 5.48E− 04 3.31E− 07
S.D. 0.45 5.15E− 02 3.11 5.98E− 03 7.32E− 06

f22
Mean −125.78 −142.99 −126.44 −144.89 −165.98
S.D. 12.77 8.33 12.36 12.63 5.99

Mean: mean of objective values; S.D: standard deviation.
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Figure 8: Continued.
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optimization f15 and the fgure shows that GB-PSO owns
strong convergence speed and stability than SAPSO, H-PSO-
SCAC, IGPSO, and CMOPSO.

In summary, as shown in Table 4 and Figure 8, the GB-
PSO algorithm achieves a better search performance and a
stronger ability to escape from local optimum solutions than
SAPSO, H-PSO-SCAC, IGPSO, and CMOPSO. Tus, the
GB-PSO method is highly efcient for solving numerical
optimization problems.

5. Conclusions

Te GB-PSO algorithm was proposed to enhance the
search performance of the PSO algorithm and obtain a
good global optimal solution. PSO is combined with a
gradient descent algorithm and binary tree depth-frst
search strategy. First, the negative gradient perturbation
term is introduced into the particles velocity and position
update formulas. On the microlevel, the defection term
can enhance the local optimization ability of each par-
ticle, thus accelerating the optimization speed of the
particle swarm as a whole. On the other hand, based on
the binary tree depth-frst search strategy, it can fully use
the various solution information in the optimization
process to construct a multidirectional and retrospective
optimization mechanism to avoid the premature short-
comings of single-directional optimization. Tis in-
creases the global optimization ability of the algorithm
and improves the calculation accuracy.
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