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Abstract

Gravitational search algorithm (GSA) has been successfully applied to many scientific and engineering applications in the
past few years. In the original GSA and most of its variants, every agent learns from all the,agents stored in the same
elite group, namely Kypest. This type of learning strategy is in nature a fully-informed learning strategy, in which every
agent has exactly the same global neighborhood topology structure. Obviously, the learning/strategy overlooks the impact
of environmental heterogeneity on individual behavior, which easily resulting in premature convergence and high runtime
consuming. To tackle these problems, we take individual heterogeneity into account,and propose a locally informed GSA
(LIGSA) in this paper. To be specific, in LIGSA, each agent learns from its unique neighborhood formed by & local
neighbors and the historically global best agent rather than from just thé‘single Kypes elite group. Learning from the
k local neighbors promotes LIGSA fully and quickly explores the search, space\as well as effectively prevents premature
convergence while the guidance of global best agent can accelerate the eonvergence speed of LIGSA. The proposed LIGSA
has been extensively evaluated on 30 CEC2014 benchmark funetionsswith different dimensions. Experimental results
reveal that LIGSA remarkably outperforms the compared algorithms'in solution quality and convergence speed in general.

Keywords: Gravitational Search Algorithm (GSA), Environmental Heterogeneity, k-neighborhood Local Search, Locally

Informed Learning

1. Introduction

Evolutionary algorithms and populatien-based optimization algorithms have been widely used for solving various
optimization problems in the past decades [4,5; 79, 11, 14, 20, 34]. Gravitational search algorithm (GSA) is one of the
latest population-based optimization/algorithms, which is inspired from the Newton’s law of gravity and motion[29]. In
GSA, the performance of an agent is measured by its mass. The heavy masses correspond to good solutions. As Newtonian
gravity states that “Every agent in the universe attracts every other agent with a force that is directly proportional to the
product of their masses and’inversely proportional to the square of the distance between them”, the relevant force will
cause a global movement-of each agent towards those agents with heavier masses [25, 41]. Hence, an agent can search for
the global optimum itérativelyaby learning from all of the rest agents. In essential, it is a type of fully-informed learning
strategy in nature,, which makes GSA has an outstanding property: diverse search directions.

Although the  fully-informed learning strategy is simple in theory and easy to use, it easily causes two problems: 1)
suffering from high runtime consuming [2] and 2) performing a poor tradeoff between exploration and exploitation [29]. On
one hand, for,a population with IV agents, to obtain the force of an agent exerted by the rest agents, N-1 times distance
should be calculated. Consequently, performing one iteration in the population, N(N — 1) times distances between agents
need to be computed, which results in high runtime consuming [2]. On the other hand, the fully-informed learning
strategy makes each agent learns from the rest agents in all the time, which means every agent exactly has the same
global neighborhood topology structure [40]. This type of global structure overly emphasis on exploitation and offends
against the basic rules of population-based optimization algorithm: to achieve well balance, exploration must fade out
and exploitation must fade in by the lapse of time [29, 31].
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To obtain compromise between exploration and exploitation, a Kyt model is employed in original GSA. The Kjest
model stores those superior agents after fitness sorting in each iteration. The size of Kyt is a function of time, which is
set to IV at the beginning and linearly decreases with time down to one. In such a way, each agent is guided by the rest
agents at the beginning while only by one agent at the end [29].

Although the Kt model plays a certain effect, some problems still remain. On one hand, the overall computational
time of GSA is still high as the size of K} decreasing slowly. On the other hand, in the later stages, each agent can
only learn from few elite agents, which easily causes quick loss of search diversity and false convergence. In this case, once
the prematurity occurs, the population will trap into local optima because there are no remedies. Moreover, this model
weakens the role of the global best agent due to the fact that all the elite agents have the equal status in®Kypes;. Especially,
the historically global best agent is discarded once the population is updated. GSA therefore ignores‘the importance of
the global best agent in guaranteeing the convergence speed and accuracy [27]. The biggest problem lies i the topology
structure of Kjesy model that is still a global neighborhood topology structure, in which everynagent learns form the
same group of elite. Due to the single topology structure, GSA overlooks the influence of envirenmental heterogeneity on
individual behavior.

In the past few years, many researches have focused on improving GSA. One activeé'research trend is to introduce some
new operators into the original GSA. In [32], a disruption operator was employed to further, explore and exploit the search
space. Then, Shaw et al. [33] used opposition-based learning to perform population initialization and generation jumping,
and improved the exploitation ability of GSA in the last iterations. In [10], thesBlack Hole theory was utilized to prevent
premature convergence and to improve the exploration and exploitation abilities of GSA. Another active research trend is
to combine some state-of-art heuristic optimization algorithms with GSA.For example, Li et al. [22] integrated Differential
Evolution (DE) into GSA to overcome the premature convergence existing in unconstrained optimization. Sun et al. [35]
presented a hybrid GA and GSA (GAGSA) to overcome the premature convergence problem. In addition, the memory of
particle swarm optimization (PSO) has been introduced to GSA for constructing some more promising variants of GSA.
In the PSOGSA [25, 26] and GGSA [27], social thinking was intfoduced to GSA to accelerate convergence speed in the
last iterations. In gravitational particle swarm [37] and medified)GSA [13], the movement of each agent is determined by
velocity of PSO and acceleration of GSA. In improved'GSA\ [16; 17], both the chaotic perturbation operator and memory
of the position of each agent were utilized. The chaotic ‘eperator can enhance its global convergence to escape from local
optima, and the memory strategy provides a faster convergence and shares individual best fitness history to improve the
search ability.

Essentially, most of the GSA variants’ méntioned above are presented to enhance the search performance of GSA by
designing new learning strategies or promoting the population diversity. However, most of them treat every agent equally,
i.e., every agent learns from the samejelite group stored in the Kpest. In other words, the sight range of each agent is
exactly the same, which disregarding the local environment of agents and easily resulting in premature convergence and
high runtime consuming.

The aforementioned issues prompt us to explore the effect of environmental heterogeneity on individual behavior and
proposed a GSA variant called locally informed GSA (LIGSA). The novelties of LIGSA are in two areas as follows.

(1) A locally informed learning strategy is proposed. The environmental heterogeneity is taken into account by
constructing unigue loeal.neighborhood for each agent. Learning from the & local neighbors promotes LIGSA fully explore
the regions around each agent with low computational complexity as well as effectively prevent premature convergence.

(2) Historical expetience of the population is introduced to GSA. Each agent can learn from the historically global best
agent directly. /This makes the historically global best agent play a remarkable role for guiding the convergence process.
Thereby the convergence speed of LIGSA is accelerated.

The remainder of this paper is organized as follows. Section 2 briefly describes the framework of GSA as well as
discusses the fully-informed learning mechanism of GSA. In Section 3, a detail introduction of the proposed LIGSA is
given. The comparison experimental results and discussion are presented in Section 4. Finally, a conclusion is given in
Section 5.



67

68

69

70

71

72

73

74

75

76

7

78

79

80

81

82

83

84

85

86

87

88

89

90

2. Overview of GSA

2.1. GSA Framework
In GSA, every agent ®; = [;1, %;2, ..., z;p] (1 = 1,2, ..., N) attracts each other by gravitational force in a D-dimensional
search space according to the law of gravity [29]. The corresponding velocity of agent ¢ is v; = [v;1,vs2, ..., vip]. Due to
the force between two agents is directly proportional to their masses and inversely proportional to their distance, all the
agents move towards those agents that have heavier masses [29, 30]. The mass of each agent in generation ¢, denoted by
M}, is simply calculated by Egs. (1) and (2) as follows:
. fitt —worst!
MASSE = Y estt — worstt’ (1)

t
At — . mass;

== (2)
' Zjvzl mass

where fit! represents the fitness value of the agent ¢ in generation ¢. For a minimization*problem, worst' and best' are
defined in Egs. (3) and (4) as follows:

best! = min itt, 3
je[j:l,?,...,N]f J (3)
worstt = max itt. 4
je[j:1,2,...,N]f 7 @)

In an optimization problem, the force acting on the agent i from agent j at a specific time ¢ is shown in Eq. (5) as
follows:

S Lt~ s 0). ®)

where G(t) is the gravitational constant in generation ¢, M and\M Jt are the gravitational mass of the agents i and j, :r§ d

Fi(t) = G (1)

is the position of the agent j and x!, represent the pesition ofithe agent ¢ in the d-th dimension, respectively. Rﬁj is the
distance between the agents 7 and j, and ¢ is a small constant bigger than 0.

To give a stochastic characteristic to GSA, the'total force that acts on the agent 4 in the d-th dimension is set to be a
randomly weighted sum of d-th components-6f.the forces exerted from other agents as shown in Eq. (6) as follows:

N
Flt)= > rand;Fi(1), (6)
j=1,j#i
where rand; is a uniform random variable’in the interval [0, 1].
Hence, by the law of motion, the acceleration of the agent i in generation ¢, and in the d-th dimension, aﬁd, is given in
Eq. (7) as follows:

Ft
t id
.d . (7)
' Mf

The gravitational constant, G, is initialized to Gy at the beginning and decreases with time to control the search

S

accuracy. It is defined/in Eq. (8) as follows:

G(t) = Go - e T, (8)

where [ is the coefficient of decrease and Ti.x is the maximum number of iterations. In the original GSA, Gg is set to
100 and g is set to 20. This setting is adopted by all the GSA variants of this paper.
In generation ¢, the velocity and the position of the agent ¢ are updated according to Eqgs. (9) and (10) as follows:

t+1 _ t t
v, =rand; X vy + aq, 9)

1t t+1
T =g Uy, (10)

where v!, is the velocity of the agent i in the d-th dimension, rand; is a uniform random variable in the interval [0, 1].
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2.2. Fully-informed Learning Mechanism in GSA

Following the Newton’s law of gravity and motion, each agent in GSA is attracted by every each other as illustrated
in Egs. (5)-(10). Due to force between two agents is directly proportional to their masses and inversely proportional to
the square of the distance between them, the relevant force on a target agent will be guided move towards the heaviest
mass [29] as shown in Fig. 1. In nature, this kind of learning strategy that all agents involved are often referred to as
fully-informed learning strategy. This learning strategy equips GSA with diverse search directions.

Fy

Figure 1: Schematic diagram of agent’s movement/in GSA.

However, the global neighborhood topology structure of the fully-informed, léarning strategy causes quick loss of the
population diversity and high runtime consuming [2, 18]. As a result, the exploration ability of GSA decreases rapidly
by the lapse of iterations and hence GSA is easily falling into local optima. One way to perform a good balance between
exploration and exploitation is to reduce the number of agents withilapse of time in Eq. (6). Therefore, a Kpest model is
introduced and Eq. (6) was modified to Eq. (11) as follows:

N
Fi(t) =, D\ Wrand; Fi(t), (11)
J&Kbestsj#1
where Kpest 1S the set of first K agents with betterdfitness value and bigger mass and the size of Kjegt is gradually decreased
with the lapse of iterations.

As the size of Kypest decreased slowlys the overall computational time of GSA is still high. Moreover, in the final
iterations, the algorithm convergence to the/Current optimum too fast and performs poor local search ability. In addition,
the guidance of the current global bést agent)is unremarkable because the current agent is attracted by all its neighbors.
If one agent is significantly nearersto the local optimum agent than global optimum agent as shown in Fig. 2, the force
exerted by the global optimum‘agent will'be extremely small while the force exerted by the local optimum is considerably
large. In this case, the search direction of M; will tend to the local optimum Ms, and premature convergence is easy to

local optimum
Ay
/

happen.

current
global optimum

Figure 2: Schematic diagram of falling into a local optimum.

Most importantly, the Ki,.; model is still a type of global topology based fully-informed method. In this model, all
the agents exactly have the same global neighborhood topology structure and learn from the same group of neighbors
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(elite) stored in Kpest. Therefore, the impact of environmental heterogeneity on individual behavior is overlooked and
thus resulting in premature convergence and high runtime consuming. To improve the efficiency of GSA, we take the
environmental heterogeneity of each individual into consideration and propose a new local search based GSA variant,

namely LIGSA.

3. Proposed LIGSA

This section describes the locally informed gravitational search algorithm (LIGSA) which is designed based on the
environmental heterogeneity of agents. First of all, the k-neighborhood topology and social thinking/ef population are
integrated to build a locally informed learning strategy as described in Section 3.1. Then, the technicaliprocess of LIGSA
is given point-by-point in Section 3.2. The LIGSA first creates the population (candidate solutions) withyin preassigned
search space using a random initialization strategy. Then the fitness value of each agent is evaluated. Based on the fitness
values, the global best agent can be determined. Afterward, the mass of each agent and gravitationalconstant is updated
according to the current iteration and fitness values. And then, we utilized the proposed 16cally informed learning strategy
to update the velocity and position of each agent. Subsequently, three schemes are employed to eliminate duplicate agents
and guarantee the boundary constraints. Finally, the best solution will be outputted when the optimization phrase
encounter the termination conditions.

3.1. Locally Informed Learning Strategy

In this section, the locally informed learning strategy is introduced: Inithe new learning strategy, each agent is guided
by 1) the resultant force exerted by all the agents in its local neighbothood and 2) the historically global best agent,
denoted by gbest = [g1, g2, ..., gp]. The velocity updating rule is thus very different from the Eq. (9) of GSA, as shown
in Eq. (12):

vt = rand; x vl + Z rand; G(t)
JEK],

local

t

ﬁ(xz‘d —aiy) + (95— xta), (12)
i

where K|, ., is a new presented k-neighborhood«(wheel topology), called locally informed k-neighborhood as shown in

Fig. 3. In contrast with traditional k-neighberhood topology in which only the best agent is chosen to perform guidance

[24], in K}

Leal> &l the agents are associate with the ¢urrent agent i. Thus, the agent ¢ can fully learn from its k neighbors

through the gravitational force, which preserving the diverse search directions.

X

Xy X2

i+l

Figure 3: The locally informed k-neighborhood (k=4).

Obviously, in LIGSA, each agent has a unique neighborhood K ., and thus the environmental heterogeneity of each
individual is considered. By contrast, in original GSA, all the agents learn from the same elite group, Kpest, which
overlook the impact of environmental heterogeneity on individual behavior. Moreover, the K5 model is a type of global
neighborhood topology while the K| ., is a local neighborhood topology. The local neighborhood topology has been
proven more skilled in complicated problems than the global topology [6]. Benefit from these properties, LIGSA can
perform preeminent local search ability as well as effectively reduce the computational complexity.
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In the locally informed k-neighborhood, the size of neighborhood may influence the exploration and exploitation
abilities of LIGSA. The existing researches also indicate that a smaller neighborhood may be more suitable for complex
problems while a larger may perform better on simple problems [38]. However, too small neighborhood will leads to
poor diversity of search direction. This may weaken the exploration ability of GSA. On the other hand, if the number
of neighbors is too large, the computational complexity will be high. An appropriate size of neighborhood is about
15 percent of the population size as suggested in many applications [12]. Hence, to make the search ability of GSA
more flexible, especially for solving complex problems, as well as to reduce the computational complexity, & = 2 x
|15% x N/2| is chosen in this paper. It is worth noting that the k-neighborhood, K ., of the agent i is defined as
Ki = {Ti—k/2, @ik /24150 Tim1, Tig1, ooy Tigk /21, Tiq 2} according to its index. Fig. 3 is a 4-neighborhood example
in which Klzocal = {.’L’i_g, Li—1,Li+1, $i+2}.

The third component (g — zf;) of Eq. (12) shows the role of the historically global best agent”"With this mechanism,
the previous search information of the population can be utilized. In other words, the role of-theshistorically global best
agent is remarkable. Different from the local neighborhood topology of the second componentjthe guidance of gbest is
exhibited as a global neighborhood topology. According to [2, 3], the global neighborhood topology based algorithms show
a better performance than local search based algorithms in unimodal problems whilesthe‘local search based algorithms
provide good results in multimodal. Hence, both local and global topologies are incorporated in LIGSA to achieve
preeminent optimization. Moreover, the historically global best agent guides the’agent.i based on their position difference,
in which the step length is changed automatically associated with the convergence stages. This will effectively accelerate
the convergence speed of LIGSA.

In addition, population-based algorithms require the emphasis of exploration in the first iterations and exploitation in
the final iterations. Since there is no clear border between the exploration and exploitation phases, the adaptive method is
the best option for allowing a gradual transition between these twosphases [27]. Therefore, two time-varying acceleration
coefficients are introduced to Eq. (12) in this paper. The velocity amd position update equations in LIGSA are thus
designed by Egs. (13) and (14) as follows:

M?
”fil = rand; X vig + ¢ - Z rand;G(t) R ig(fcﬁd —xig) + 2 (95 — i), (13)
jEK? ©j
B local
ot =l + ol (14)

where ¢; and ¢y are adaptively adjusted according to the iteration. In order to fully explore the search space and accelerate
convergence in the last iterations, ¢; and ez are/defined in Egs. (15) and (16) as follows:

o =1-13)T3 (15)

ax’

C2 = t3/Tr?1axa (16)

where t is the current iteration time and Ti,.yx is the maximum iterations. A diagrammatic sketch of the time-varying
acceleration coefficients,scheme is shown in Fig. 4.

o
oaf 2

0 200 400 600 800 1000
Iterations

Figure 4: Curves of the two time-varying acceleration coefficients.
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Apparently, these acceleration coefficients are changed automatically with the convergence stage. In the early stages,
the agents explore the search space more globally for ¢y is greater than cy. While in the later stages, agents tend to
convergence toward the global best agent quickly for ¢o is greater than c;.

3.2. Technical Process of LIGSA
The detailed steps of LIGSA are described in the following subsections.

3.2.1. Population initialization

Population initialization, including position and velocity initialization of each agent, is the first and*the primary task
in any evolutionary algorithm [36]. In LIGSA, to spread the agents as extensive as possible in the search space, the initial
positions are set randomly in the range of the search space as shown in Eq. (17):

Ziq = rand x (ubg — lbg),d € [1,2,...,D],i € [1,2,..., N], (17)

where N is the size of the population, D is the dimension of the search space, uby is thé upper,bound and lb, is the lower
bound of the search space in the d-th dimension. The corresponding initial velocity’of eachiagent v; = [v;1, via, ..., v;ip] is
set to zero in this study.

3.2.2. Fwvaluate each agent in the population

For a single objective optimization problem, the fitness value of each agent, is calculated on the basis of its function
equation. Simultaneously, the function values of all the constraints“for each agent are calculated if the user aimed to
solving constraint problems.

3.2.3. Update global best agent

For a minimum problem, the global best agent gbest is.updated according to its fitness values. That is, if fitness value
of the best agent in the current population is not bigger than gbest, then its position is replaced; otherwise, the gbest
in memory is kept. Apparently, this kind of elite lets\LIGSA ‘has the global thinking characteristic. Thus, the previous
experience of the population is kept and utilized to guideyhe search of population agents.

3.2.4. Update agents’ velocities and positions

In this phase, we need to calculate the gravitational constant and masses of agents first. The update of gravitational
constant follows the Eq. (8) and Gy/is set t0 100 in the beginning. The calculation of agent mass follows the methods
used in GSA as shown in Eqgs. (1)-(4)-Moreover, according to the description in Section 3.1, the velocity and position
update in LIGSA is carried ondy Eqgs. (13) and (14).

3.2.5. Duplicates removaléand/boundary constraint operators

After the population update is completed, the positions of some agents may be exactly the same as some other agents.
Consequently, the diversity of the population will decrease. This yields some negative effects to the convergence accuracy.
To eliminate the/duplicateagents, the randomly initialization method shown in Eq. (17) is used to update their positions.
If the agents 7 and j are duplicates, either of them is selected, and then modify its position follows Eq. (17) while its
velocity is kept.

In addition; for all of the population-based optimization algorithms, some agents may fly out of the search space and
make the population misses the optimal solution in the search space [12, 15]. To restrict agents in the search space, we
randomly relocate those fly-out agents within the search space like many researches [12, 28].

The velocity is an important factor causing agents to fly out of the search spacey. In LIGSA, we introduce an operator
to control the velocity bounds of the agents by Eq. (18) [19, 28] as follows:

vmaxg = (ubg — 1b4)/Nimit, vming = vmaxg, (18)

where Njimis can be any positive integer.
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In LIGSA, after the position update if the velocity of an agent exceeds the boundary constraints, its velocity must be
set to the corresponding critical values. If we take a high value of Njmit, the velocity bounds will be small. Consequently,
for any high velocity the agents will be randomly relocated and lose its normal momentum and path [28]. So we have
taken a small value of Mjpit, here Nymit=2 to have safe limits.

3.2.6. Termination conditions

The optimization process stops when the termination conditions are met. The conditions usually set by user according
to demands. Normally, maximum number of iterations or maximum number of fitness evaluations (FESpax) can be used
as the termination criterion. In this study, F'ESpyax is used as the termination condition for the proposed LIGSA and
the other 6 comparison algorithms. If the algorithm reaches the termination condition, the optimization process stops,
and the final best solution is obtained. Otherwise, the optimization process goes to agent evaluation, in Seetion 3.2.2 and
executes iteration along with Section 3.2.3 to Section 3.2.5.

The overall flowchart of the proposed LIGSA is shown in Fig. 5.

Initialization of FES,,, N, ub, Ib,
Go, vmin, vmax, x, and v
v
— ‘ Evaluate the fitness value of each candidate solution in x }4—

3
»>

(Start —>

Initialization

» | <
»| <€

Select and update the historically
global best particle ghest
v

< stagnation? > No
+Yes
‘ covariance matrix based mutation
v
‘ Calculate the gravitational constant G(7)
2 v
3 ‘ Calcalate the masses of particles

Calculate relevant force of each particle
exerted by its own A-neighborhood

v
—_— Update position and velocity of each particle by Eqs. (15) and (16) ‘
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X, same as x]’ —¢
v, is unchanged No .= x P
¥ vy =N

particle 7 is initialized randomly ‘Yes
L

No — )
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i
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<
<

— \{/\?es

>
»

Output

‘ Output the best solutions —»( Stop

<
<

Figure 5: Flowchart of LIGSA.

4. Experimental and Discussion

4.1. Ezxperimental Setup and Results

For the evaluation of LIGSA, a comprehensive experimental evaluation and comparison with the original GSA [29],

four competitive variants of GSA (GGSA [27], PSOGSA [25], GAGSA [35], MGSA [13]), and a local PSO (LPSO) is
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provided based on 30 benchmark functions of the CEC 2014. The detailed description of these functions can be found in
[23]. Among the compared algorithms, GAGSA is a recently published GSA variant, GGSA and PSOGSA integrated the
global best agent in updating velocity while MGSA used both the personal best and global best in the iteration process.

During the experiments, to perform fair comparisons, for all of the 7 algorithms, the N and FESy,.x were set to 60
and 60 000, respectively. Meanwhile, the Gy, 3, and k in all the 5 compared GSA variants were set to 100, 20 and [N to 1],
respectively. For the four GSA variants, all the other parameters have been set as suggested by authors. For LIGSA, the
and cp = t3/T3 . the number of neighbors was set to 2* |15% % N/2]
as discussed in Section 3.1. For LPSO, the size of local neighborhood was set to 4, w was decreased linearly from 0.9 to
0.4, and ¢; & co were defined as FL-GSA. The parameter settings of the 7 algorithms are provided in Table 1.

acceleration coefficients were set to ¢; = 1 —t2/T3

Table 1: Parameter settings in this paper.

LIGSA GSA GAGSA PSOGSA GGSA MGSA "TPSO
FESmax 60 000 60 000 60 000 60 000 60 000 60 000 ~ 5,60 000
N 60 60 60 60 60 60 60
Go 100 100 100 100 100 100 100
B 20 20 20 20 20 20 20
w - - - - - - [0.9 to 0.4]
1 1—t3/T3,« - - 0.5 2 —2t3 /T3, 1,05 1—t3)T3,«
2 t3 /T3 o - - 1.5 2t3 /T3 4 0.5 t3 /T3 ox
k 2% |15% * N/2] [Nto2] [Nto2 [Nto2 [N to?] [Nto2] 2x]|15%* N/2]

To fully evaluate the LIGSA, comparison between LIGSA and the other 6 algorithms is performed based on 30 and 50
dimensional versions of the CEC2014 benchmark functions (D=30 and, D=50)¢ The average (Mean), standard deviation
(Dev), and best (Best) of the optimization error (best-optimum) of80sndependent runs of each algorithm were presented
in Tables 2-6. For each performance metric, the best obtained results.were shown in boldface.

In addition, to further compare and statistically analyze the\obtained optimization results, two-sample t-tests were also
conducted in this section. Two-sample ¢-test is a hypothesis testing method for determining the statistical significance
of the difference between two independent samples of an equal sample size [39]. In this paper, the significance level is
«=0.05 and the free degree is 29. Therefore, if in any test at-value that is smaller than or equal to critical value *-2.045’ is
produced, the alternative hypothesis is considers.assignificant difference of both approaches. Meanwhile, the corresponding
t-value was depicted in boldface. For an easy{observation, the summary of the t-test are reported in Table 7. In Table 7,
“better” indicates LIGSA outperforms the compared algorithm significantly while “same” suggests that the superiority
of LIGSA is not significantly. The word “worse” ‘implies that LIGSA produced significantly worse results on the tested
functions.

As illustrated in Table 2, for.the umimodal functions (F1-F3), LIGSA outperformed all the 6 compared algorithms
on all the three performance metrigs when the dimension is high D=>50. For low dimension (D=30) unimodal problems,
although the average performancesof LIGSA is in the second place and poor than GGSA on F2, it yielded the best
optimization error. Moreovers the superiority of LIGSA is significantly on almost all the cases as stated by the t-test value
in Table 7.

The next 13 function are multimodal functions (F4-F16). They are shifted and rotated functions with numbers of local
optima, in which the global optimum is more difficult to locate. Form the results presented in Tables 2-4 we can conclude
that although thexmean and best errors of LIGSA are worse than GSA and GGSA on F5, LIGSA achieved superior results
on most othersfunctions. To be specific, for the low dimension (D=30), LIGSA produced the highest mean accuracy on
9 out of the 13 multimodal functions, including F4, F6, F8-F10, F12-F14, and F16. Similarly, for the high dimension
(D=50), LIGSA also performed best optimization results on 9 out of the 13 multimodal functions, including F6-F9, F11-
F12, F14-F16. Furthermore, in terms of t-test, LIGSA significantly outperformed the other comparison algorithms in all
dimensions on F5-F6, F8-F9, F12, F14 and F16.
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Table 2: Optimization errors of the CEC2014 benchmark functions (F1-F6) with D=30 & D=50.

function F1 F2 F3 F4 5 F6
Algorithm™p 30 50 30 50 30 50 30 50 30 50 30 50
Mean 4.49E+05 4.66E+06 1.155+06 1.72E+04 1.42E-01 7.09E+03 6.09E+01 9.82E+01 208E+01 2M0E+01 3.59E+00 1.33E+01
Ligsa  Best 2.13E+05 3.10E4+06 1.26E+02 8.53E+03 5.45E-02 2.82E+03 3.49E4+00 9.36E+01 207E+01 2.10E+01 1.00E-+00 1.05E+01
Dev 1.97E4+05 1.64E+06 2.52E+06 8.18E+03 1.36E-01 4.73E+03 3.25E+01 3.11E+00, 6.02E-027W4/14E-02  1.91E+00  2.74E+00
t-test — — — — — — — — — — —
Mean 1.13E+08  3.42E+08 9.81E+08 3.01E+10 7.57E+04 142E+05 2.89E+02 4.02E403 2.00E401 2.00E+01 2.75E+01  5.58E+01
asa Best 8.94E+07 252E408 6.65E+08 2.49E+10 7.17E+04 1.24E+05 2.57E+02 3.48E+403  2.00E+01 2.00E4+01 2.36E+01  5.13E+01
Dev 212E+07 8.42E+07 3.07E+08  3.82E409 3.57E+03 1.41E+04 281E+01 (4.57E+02 1/45E-04 1.73E-04  2.86E+00  3.09E+00
t-test -11.939  -8.95914 -7.136 -17.6147  -47.438  -20.243  -11.856 4 <19.205 ) 29.366 53.981 -15.565  -22.979
Mean L78E409  T.12E409 8.07E+10 1.65E+11 851E+04  4.62E+05 1.60E+04%, 5.40E+04 211E+01  2.12E+01 4.52E+01  7.91E+01
cacsa Bt L41E+09 523409 6.48E+10 142E+11 8.39E+04 1.86E+05 1.43E+04 469E+04 2.10E+01 212E+01 4.39E+01  7.49E+01
ev 241E+08  1.69E+09 1.03E+10 1.31E+10 9.37E4+02 3.29E+05 1.01B$03 4.81E+03 4.88E-02  3.40E-02  1.06E+00 2.68E+00
t-test -16.571  -9.4228  -17.509  -28.102  -203.168 -3.090 -35.146 W925.032  -8.688 -9.427 -42.577  -38.345
Mean 216E+08  3.96E+08 141E+10 5.05E+10 1.03E4+05  2.52E+05m09448402  8.41E+03  2.01E+01  204E+01  2.28E+01  5.31E+01
psocsa Best 511E407 1LISE+08 1.45B4+09 249E+10 3.96E+04 1.36E+05% 2.46E+02 4.48E+03 2.00E4+01 2.00E+01 1.96E+01  4.86E+01
Dev 1.59E+08  2.23E+4+08 1.76E+10 1.81E+10 7.00E+04 850E+04 852E+02 5.18E+03 1.42E-01  2.32E-01  2.03E+00  4.30E+00
t-test -3.0419  -3.93596 -1.787 -6.22694  -3.281 -6.429 -2.317 -3.583 10.276 6.095 -15.388  -17.431
Mean 5.09E+07 4.94E+07 4.46E+03 6.95E+08 6.39E+04 1.25B405 / 1.34E+02 4.32E+02 2.00E4+01 2.00E+01 1458+01 4.15E+01
casa Bt 4.28B407  3.37E407  1.90E+03 1.88E+08 5.24E+04 0 1.O7TE+05 9.04E4+01 3.86E4+02 2.00E+01 2.00E4+01 1.23E+01  3.67E+01
Dev 7A0E+06 1.07E+07 2.38E+03 7.59E+08 7.72E+03, 124E+04 3.26E+01 4.23E+01 2.06B-04  1.20E-04 2.10E+00  3.19E+00
t-test -15.246  -9.229 1.016 -2.04793 418490, \ -19.931  -3.536 -17.638  29.371 53.981 -8.611 -15.001
Mean 155E+07  245E407  6.71E+03  2.42E+05 9.15B+04 1.54E+05 1.04E+02 3.18B+02 205E+01  2.10E+01  2.05E+01  4.00E+01
vesa Bt 8.48E+06  9.80E+06 6.90E+02 1.10E+05. 3.33E+04° 9.93E+04 7.02E4+01 2.28E+02 2.00E+01 2.09E+01 1.74E+01  3.49E+01
Dev 8.17E+06 1.07E+07 6.15E+03  1.29E+05 456E+04 5.19E+04 8.19E401 8.26E+01 4.39E-01  6.71E-02  227E+00  3.16E+00
t-test -4.131 -4.104 1.014 -8.8775  -10.273  -6.297 -2.095 -5.938 1.316 20173 212,748 -14.252
Mean L.61E+08  6.85E+08 4.00E+10/ 9.23E410 /9.15E+04 2.36E+05 2.07E+03 9.63E+03 2.09E+01  2.10E+01 3.62E+01  6.62E+01
LPSO Best 2.63E+07  2.68E+08  2.42E+10 704E+10  3.33E+04 1.51E+05 1.70E+03 3.83E+03 2.07E+01 2.09E+01 2.62E+01  5.62E+01
Dev 1.36E+08  2.44E+08 1418410 01.28E4+10 4.56E+04 9.24E+04 4.46E+02 4.21E+03 9.01E-02  6.80E-02  5.76E+00 6.05E-+00
t-test -2.642 -6.240 64355 164576  -4.486 -5.532 -10.064  -5.063 11.315 0.306 -12.004  -17.787
Table 3: Optimization errors of the CEC2014 benchmark functions (F7-F12) with D=30 & D=50.
function BT F8 F9 F10 F11 F12
Algorithm ™ 30 50 30 50 30 50 30 50 30 50 30 50
Mean 1258400 3.56E-01 4.56E+01 1.73E+02 5.61E+01 2.83E+02 1.80E+03 6.70E+03 5.75B+03 6.55E+03 7.63E-03 6.07E-03
Ligsa  Best 307807 1.98E01  4.05E+01 1.62E+02 3.01E+01 255E+02 1.48E+03 6.57E+03 5.54E+03 5.96E4+03 4.63E-03 2.57E-03
Dev 317E+00,. 142E-01 3.18E+00 9.18E+00 2.76E+01 215E+01 2.57E+02 1.04E+02 2.02E+02 5.96E+02 3.00E-03 2.59E-03

t-test
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Mean 1.00E+401 3.20E+02 1.44E4+02  2.68E+402 1.64E4+02 3.50E4+02 3.73E+03 7.71E+03 4.68E+03  8.12E+403 147E4+00  2.21E+00
GSA Best 2.46E4+00 2.83E+02 1.37TE4+02  2.60E4-02 1.53E4+02 3.11E402 3.22E403 7.43E4+03 3.94E+03 _6.84E+03 1.32E4-00 1.84E4-00
Dev 7.64E4+00  3.44E+01 6.87TE+00 8.06E4-00 1.25E401 3.53E+401 3.57E+02 1.73E402  5.56E+402 7.4854-02 1.66E-01 2.62E-01
t-test -2.463 -20.793 -29.194 -17.374 -7.968 -3.634 -9.818 -11.135 4.069 -3.679 -19.700 -18.739
Mean 7.60E+02 1.58E4+03  3.70E402 7.28E+02  3.46E+02 7.86E+02 8.29E+03 1.49E4+04  8.73E+03 1.564E+04 3.43E4+00  4.08E+00
GAGSA Best 6.39E+02 1.56E4+03  3.62E402 7.21E402 3.30E402 7.57E4+02  7.96E+03 1.40E4+04  8:24E+03 1.49E+04 2.71E400  3.43E400
Dev 8.10E+01 1.18E401 5.26E+00  8.23E+400 1.45E+01 2.49E+01 2.50E4+02  6.60E+02 , 3.37TE402° " 2.91E402 5.51E-01 3.83E-01
t-test -20.937 -300.263 -117.899 -100.780 -20.816 -34.216 -40.473 -27.563 -16.953 -3.283 -13.890 -23.752
Mean 9.09E+01 2.76E+02 1.14E402 3.36E402  2.55E4+02 5.32E402 4.33E4+03  8.09E403 4.56E+03 8.00E+03 1.43E-01 3.08E-01
PSOGSA Best 3.54E+01 1.40E4-02 1.00E4+02 243E402 2.18E4+02 4.47E4+02 3.33E4+03 7.32E4+03  3.78E+03  7.12E+03  7.45E-02 2.15E-01
ev 5.43E+01 7.68E+01 1.40E4-01 6.01E+01 2.93E+01 8.78E+01 5.97E4+02 (8.59E+02"6.61E+02 7.90E4+02  6.37E-02 1.15E-01
t-test -3.689 -8.035 -8.693 -6.003 -11.070 -6.164 -8.686 -3.573 3.842 -29.713 -4.742 -5.684
Mean 1.59E-13 5.69E+00 1.21E+402 2.52E+02 1.28E4-02 2.91E+02 3.26E+03 6.72E+03 3.95E403 7.43E+03 8.10E-03 1.37E-02
GGSA Best 1.14E-13  2.35E4-00 1.14E402  2.36E4-02 1.09E4+02 2.45E+02 3.01E+03 559E+03  3.55E403 6.23E403 1.01E-03 4.36E-03
Dev 6.23E-14 3.47E+00  5.39E+00 1.49E+401 1.32E+01 3.42E+01 2.35E402 6.55E+02 3.79E+02 7.13E402  5.19E-03 6.52E-03
t-test 1.287 -3.435 -26.878 -10.052 -5.270 -0.434 -9.358 =0.057 9.372 -2.131 -0.175 -2.421
Mean 2.46E-03 9.22E-01 1.14E+402 2.67E+02 1.29E4-02 2.98E+02 4.13E4-03 6.59E+03 4.06E+03 1.19E4-04 7.71E-01 1.45E4-00
MGSA Best 0.00E+00 1.28E-02 1.00E402 2.27E402 9.35E+01 2.88E+02%, 2.84E+03 5.48E403 3.39E+03 1.12E4+04  6.21E-02 1.19E-01
ev 5.51E-03 5.18E-01 1.40E+401 2.34E+01 2.32E+01 1.22E4+01 1.04E+03 7.67TE+02 5.17E+02 4.62E+02 1.27E4-00 1.54E4-00
t-test 1.284 -2.386 -10.679 -8.351 -4.504 -1.360 -4.875 0.320 6.834 -15.827 -1.341 -2.083
Mean 1.91E+402 8.09E+02 1.98E+02 3.73E+02 1.84E4-02 5.09E4-02 4.71E+403 9.27E+03 6.53E+03 1.33E4-04 2.06E+00 2.14E+00
LPSO Best 1.35E4+02  6.52E4-02 1.76E4+02  3.19E402 1.33E4+02 », 4.68E+02  4.02E4+03  8.01E4+03  5.52E+03 1.03E4-04 1.12E4-00 1.10E4-00
Dev 4.60E+01 1.45E402 1.63E401 3.74E+01 5.27E+01, 4.62E+01 5.06E+02 7.88E+02 1.09E+403 1.94E4+03  8.10E-01 6.37E-01
t-test -9.218 -12.4644  -20.461 -11.6315 -4.803 -9.926 -11.464 -7.212 -1.561 -7.405 -5.677 -7.471
Table 4: Optimization errérs,of the CEC2014 benchmark functions (F13-F18) with D=30 & D=50.
function F13 F14 F15 F16 F17 F18
Algorithm™p, 30 50 30 50 30 50 30 50 30 50 30 50
Mean 2.34E-01 4.73E-01 2.33E-01 2.67E-01 1.34E401 3.57TE+4+01 1.24E401 2.23E401 1.68E403 1.34E405 6.54E4+01 1.91E+403
LIGSA Best 1.75E-01 4.16E-01 1.86E-01 2.49E-01 9.74E4+00 3.40E401 1.09E401 2.17E401 1.47E+403 2.77E4+04 5.85E+4+01 4.45E-402
Dev 3.53E-02  4.69E-02 3.60E-02 1.45E-02 2.19E+00 1.43E4-00 9.54E-01 4.54E-01 1.93E4-02 1.03E405 4.97E400 9.39E+402
t-test ¥
Mean 3.66E-01 3.65E+00 . /1.58E4+00  6.70E401 6.05E+01 1.98E+04 1.35E4-01 2.26E+01 4.96E+06 4.14E4+07 6.21E402 1.04E407
GSA Best 3.03E-01 3U8E400 2.18E-01 5.71E+01 3.30E+01 1.46E+4-04 1.29E+4-01 2.23E+401 3.79E+06 7.78E+4+06 2.59E+4+02 3.85E403
Dev 4.08E-02 1.17E-01 3.00E+00 1.02E+401 2.056E+01  4.20E+03  3.87E-01 3.29E-01 1.19E406  2.41E407 5.12E402  2.33E4+07
t-test -5.466 -56.369 -1.000 -14.632 -5.101 -10.544 -2.284 -1.104 -9.356 -3.834 -2.424 -1.000
Mean 9.16E400 8.91E4+00 3.25E402 4.04E4+02 4.45E4+05 7.65E+06 1.39E+4-01 2.32E4+01 1.77E4-08 7.93E408  6.50E4+09  2.22E+10
GAGSA Best 8 76E+400 8.58E4+00 297E402 3.80E4+02 3.94E405 6.35E+06 1.37E+401 2.31E+4+01 7.08E407 6.14E4+08 4.91E4+09 2.00E+10
Dev 3.60E-01 1:84E-01 1.66E4-01 1.54E+401 3.52E+04  8.19E+05 1.90E-01 7.31E-02 8.51E+07 1.69E+08 1.49E4+09  3.31E+09
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t-test -55.230 -99.101 -43.627 -58.622 -28.321 -20.897 -3.441 -4.010 -4.653 -10:470 -9.781 -14.988
Mean 2.37TE4+00  3.82E+00 6.34E+01  7.59E4-01 1.14E405 2.53E4+06  1.31E4+01  2.24E+01 6.40E+06 _2.58E+4+07 8.80E403  1.81E409
PSOGSA Best 6.42E-01 2.16E4+00  3.19E+00 3.73E+01 5.27E+01 1.15E4+04 1.25E401 2.22E+01 9.77TE+04/ 4.86E4-06 4.92E+02  4.42E+403
Dev 1.38E4+00 1.03E400 6.59E401  3.26E+01 2.07TE+05 4.41E406 4.91E-01 1.42E-01 1.00E407" »,4.23E407 1.00E404  2.93E+09
t-test -3.455 -7.263 -2.145 -5.187 -1.235 -1.281 -1.368 -0.102 -1.429 -1.357 -1.948 -1.380
Mean 2.73E-01 4.48E-01  2.46E-01 2.76E-01 1.50E401  9.40E4+02 1.33E+01  2.27E+01 194E4+06  4.44E406  3.96E402  2.75E403
GGSA Best 2.36E-01 4.02E-01 2.27E-01 2.55E-01 1.05E+01 5.71E+02 1.29E+401 2.22E+01 1.52E4-06 2.90E+406 1.59E+402 9.98E+02
Dev 2.96E-02 4.41E-02 1.77E-02 2.11E-02 5.57E+00  2.37TE+02  2.21E-01 4.16E-01 4.83E405 1.07E4+06  1.89E+02  1.48E+03
t-test -1.888 0.870 -0.732 -0.758 -0.597 -8.549 -2.019 -1.383 -8.960 -8.949 -3.909 -0.799
Mean 4.22E-01 5.35E-01 2.54E-01 2.18E+00 7.18E4-00 1.13E+02 1.25E+01  2.28E-+01 1.11E406  2.05E406 1.63E403  1.95E403
MGSA Best 3.13E-01 4.00E-01 2.24E-01 2.37E-01 4.47E400 7.80E+01 1.23E401 2.20E+01 44TE+05 1.55E4-06 3.45E+02 1.03E+403
Dev 9.66E-02 1.45E-01 4.09E-02 4.19E+00 1.92E400 2.54E401 1.90E-01Y 5.09E-01 8.88E+05 4.89E4+05 1.43E403  1.82E403
t-test -4.079 -0.905 -0.870 -1.0219 4.753 -6.829 -2.284 -1.505 -2.794 -8.576 -2.444 -0.037
Mean 4.66E4+00 5.95E400 7.84E4+01 2.23E+02 2.93E404 1.33E4+06 1.33E+01  2:26E+01 1.25E407  4.05E407 1.26E409  5.39E409
LPSO Best 4.26E+00 5.54E4+00  3.42E+401 1.79E4+02  4.21E+03 6.00E+04 1.30E+01 2.21E+01 2.44E+05 1.99E407  5.03E+08 3.01E+09
Dev 3.03E-01 4.13E-01 2.96E+01 4.37TE4+01  3.09E404 1.94E406  2.67E-01 4.74E-01 2.35E+07  2.28E407  5.23E408  1.84E409
t-test -32.463 -29.434 -5.914 -11.394 -2.126 -1.542 -2.093 -1.029 -1.187 -3.960 -5.395 -6.565
Table 5: Optimization errors of the CEC2014 benchmark functions”(F19-F24) with D=30 & D=50.
function F19 F20 F21 F22 F23 F24
Algorithm™p 30 50 30 50 30 50 30 50 30 50 30 50
Mean 6.94E+00 2.15E+01 4.30E401 1.21E403 8.93E402 1.44E+404 1.40E+02 1.32E+03 2.00E4-02 2.00E+402 2.00E+402 2.00E+402
LiGsa  DBest 5.76E+00 1.56E-+01 3.92E+4+01 7.54E+402 5.54E+02 5.84E+03 4.67E+01 1.09E4+03 2.00E4+02 2.00E4+02 2.00E4+02 2.00E+02
Dev 1.19E4-00 1.07E+401 3.05E+00 5.49E4-02 -1.93E402 5.76E+4+03 1.15E402 1.65E402 7.99E-10 8.39E-10 8.70E-07 8.40E-07
t-test - - - - - - - - - - - -
Mean 6.78E+01  2.14E402 1.58E4+05 8.35E404 1.63E+06- 4.65E+06 1.06E+03 2.16E+03 2.25E402 2.00E4-02 2.00E+402 2.41E+02
GSA Best 3.01E+01 1.38E+02 1.18E4+05  6.31E404" »4.88E+05 3.21E4+06  4.42E+02 1.80E403  2.00E4-02 2.00E+402 2.00E402 2.31E+402
Dev 3.17E+01 7.29E4+01  3.01E+04 1.90E+04 7.64E+05 1.88E+406 5.24E4+02 2.39E4+02 5.67E+401 1.28E-08 6.36E-01 6.26E+00
t-test -4.292 -5.837 -11.749 -9.687 -4.757 -5.501 -3.821 -6.466 -1.000 -30.382 -1.531 -14.467
Mean 6.19E4+02  4.21E4+03  7.76E+06 / 1.82E405 /1.36E4+08 2.69E4+08 5.62E4+03  5.27E4+05  5.93E+02 1.12E403  2.39E402  3.33E402
GAGSA Best 5.26E402 3.12E4+03 9.36E4+05 1.70E+05 © 5.35E4+07 1.056E4+08 2.76E403 1.95E4+05 3.15E402 1.07TE4+03  2.28E402  3.20E+02
ev 541E4+01  7.37TE+02 1.34E+07 851E403 8.34E407 1.10E408 4.27E4+03  4.14E+405 1.79E4+02 4.86E+401 7.33E400 1.27E+01
t-test -25.259 -12.696 -1.295 =47.409 -3.635 -5.475 -2.870 -2.841 -4.917 -42.126 -11.890 -23.480
Mean 1.37E4+02  2.26E402 4B36E+04 1.04E4+05 1.96E4+06 2.80E+06 1.07E4+03 1.93E4+03 3.89E+02 7.29E402 2.79E402 3.95E+02
PSOGSA Best 9.69E+401 1.46E402 <8.08E403 815E4+04 5.68E+05 4.17TE+05 6.78E+02 1.29E403  3.42E402 4.36E4+02 2.51E4+02  3.67TE+02
Dev 5.39E401  7.64E+0L+75.03E+04, ~ 1.82E404  2.04E406 2.34E406 3.13E402 7.04E+02 3.58E+01 2.77E402 2.86E401  2.20E4-01
t-test -5.382 -5.943 -1.934 -12.571 -2.146 -2.666 -6.218 -1.880 -11.804 -4.263 -6.186 -19.863
Mean 3.97E+01  5.34E401, /3.84E404 4.59E4+04 2.40E+05 2.92E+06 9.89E+02 2.12E+403 3.21E402 3.30E4+02 2.00E402 2.45E+02
GGSA Best 1.71E401  3.68E+01 *3.29E+04 3.94E404 1.78E+05 1.59E4+06 8.11E+02 1.62E403  3.19E402 2.00E+402 2.00E+402 2.25E+02
Dev 2.70E+01 1.99E+01 5.50E+03  5.57E403  5.43E4+04 1.02E4+06 1.95E402  5.03E402 1.04E400 1.80E402 8.70E-07 1.29E4-01
t-test -2.712 -3.157 -15.581 -17.861 -9.841 -6.342 -8.379 -3.376 -258.577 -1.617 -1.602 -7.845
Mean 2.55E4+01 "~ 6.26E+0L/ 3.63E+04 4.86E404 3.72E405 2.45E406  7.31E402 1.70E403  3.16E402 3.68E402  2.45E402  3.00E+02
MGSA Best 1.25E4-01 2.23E401 1.61E404  2.36E+04  2.40E4+05 7.67TE4+05  2.94E+02 1.41E403  3.15E402 3.57TE+02 2.33E402  2.87E+402
Dev 2.46E+4-01 3.60E+01 1.69E4+04  2.22E+04 1.16E+405 1.10E+4-06 3.42E+02 1.82E+402 4.86E-01 1.42E+401 6.76E+00 8.21E+00
t-test ~1.681 -2.447 -4.795 -4.776 -7.155 -4.980 -3.663 -3.433 -532.918 -26.428 -14.792 -27.346
Mean 1.64E4+02°°7.68E4+02  4.72E+04 1.60E4+05 2.98E4+05 1.13E407 1.05E4+03 2.09E4+03 5.31E402 7.90E+02 2.94E402 4.69E+402
LPSO Best 8.78E+01 4.53E+02 1.37E404  7.22E+04 2.21E+04  4.74E+06 5.73E+02 1.72E403  3.36E+402 6.62E+02 2.66E+02  4.36E+02
Dev 6.26E+01 2.89E402 3.27E404 6.53E404 1.87E+05 7.62E+06 3.53E402  3.37E402 1.48E4+02  1.86E+02  2.52E+01 1.97E4-01
t-test -5.606 -5.766 -3.218 -5.422 -3.558 -3.325 -5.472 -4.573 -4.986 -7.101 -8.313 -30.470




€1

Table 6: Optimization errors of the CEC2014 benchmark functions (F25-F30) with D=30 & D=50.

function F25 F26 F27 F28 F29 F30
Algorithm™ 30 50 30 50 30 50 30 50 30 50 30 50
Mean 2.00E+02 2.27E+02 1.40E+02 1.62E402 3.96E+402 8.33E+02 2.00E+02 2.00E4-02 9.38E+02 2.00E4-02 2.00E4-02 2.00E402
LiGsa  Best 2.00E4+02 2.20E+02 1.00E4+02 1.00E+02 3.75E4+02 6.90E+02 2.00E+02 2.00E4+02 76H0E+02 2.00E4+02 2.00E+02 2.00E+02
Dev 3.39E-11  6.43E+00  5.50E+01 5.65E+01 1.66E+01 1.64E4-02 2.20E-10 5.70E-09 , 1.57E402 4.09E-03 8.36E-05 5.60E-04
t-test - — — - - - - — - - - -
Mean 2.01E+4-02 2.03E4-02 2.00E+02 2.00E+02 1.61E+03 2.96E4+03 1.77TE403 5.87TE403  2.00E+02 2.00E4-02 3.15E+05 4.78E+06
GSA Best 2.00E+02 2.00E+02 2.00E+02 2.00E+02 1.47E4-03 2.53E+03  4.39E+02 5.13E4+03  2.00E+02 2.00E+402 2.00E402 2.00E+4-02
Dev 2.30E400 4.62E+00 1.54E-02 9.76E-02 2.08E4+02 4.13E+4+02 9.23E+402 4.36E+022.62E-02 2.14E-02 1.83E+405 5.50E+06
t-test -1.284 -6.616 -2.431 -1.506 -12.988 -10.700 -3.792 -29.088 10.523 -35.392 -3.846 -1.942
Mean 2.09E+4-02 2.00E+02 2.00E+02 2.00E+02 2.00E402 2.00E4-02 1.77E+403 1.40E+03 2.00E4+02 7.23E+406 1.93E+03 9.75E403
GAGSA Best 2.07E+02 2.00E+02 2.00E+02 2.00E+02 2.00E+402 2.00E+402 4.39E+02 1.23E+03 2.00E+02 4.97E+03 1.16E4-03 9.17E+03
ev 2.59E4+00 6.70E-11 0.00E+00 4.55E-13 2.16E-10 3.43E-10 9.23E4+02 1.06E+402 2.52E-03 1.62E+07  6.87E+02 5.74E+02
t-test -8.053 1.676 -2.429 -1.498 26.391 8.640 -46.101 -25.385 10.525 -1.001 -5.617 -37.210
Mean 2.29E+02 2.71E+02 1.65E402 1.55E+402 1.06E+03 1.80E+-03 1.90E4-03 4.60E4+03  6.01E+406 7.03E407  6.30E+04 5.03E+05
267 PSOGSA Best 2.09E+-02 2.28E+02 1.01E4-02 1.08E+4-02 1.01E4-03 1.70E+4-03 1.33E403  3.37TE+403 1.06E+05 1.63E4+07  7.16E4+03 9.73E+04
Dev 3.10E+401 6.24E+01 5.57TE+01 6.21E+01 5.56E+01 8.73E+01 3.86E+02 1.29E+4-03 7.65E406 4.86E+07 1.08E+405 3.84E+05
t-test -2.058 -2.395 -0.697 0.192 -25.750 -11.696 -9.823 -7.619 -1.756 -3.234 -1.296 -2.927
Mean 2.00E+02 2.00E+02 2.00E+02 2.00E+02 1.68E+03 3.22E4-03 2.93E+03 5.41E+03 1.30E+403 8.25E+07  7.32E+404 2.62E+05
GGSA Best 2.00E+02 2.00E+02 2.00E+02 2.00E+02 8.77TE+02 3.02E+03 2.48E+03  3.69E+03  2.00E+02 2.01E+02 2.96E+04 2.00E+02
Dev 3.71E-10 2.23E-01 1.19E-02  6.44E-02 4.84E+02 2.55E+02 5.32E+02 1.25E403 1.21E4-03 1.85E408 3.55E+04 1.56E+405
t-test -9.211 1.625 -2.431 -1.505 ~5.918 -17.565 -11.484 -9.310 -0.675 -1.000 -4.593 -3.758
Mean 2.20E+02 2.51E402 1.20E4+02 2.01E+02 9.88E+02 1.65E4+03 3.61E+03 7.10E403  3.81E+06 1.23E405 1.52E+404 1.75E4+05
MGSA Best 2.15E402 2.44E+402 1.00E+02 2.01E+02.  4.11E+02 1.57E403 2.83E4+03 6.03E+03 2.47E+03 3.64E+03 5.70E+03 8.81E+04
Dev 2.91E4+00 9.09E+00 4.47TE+01 2.50E-01 3.38E+02 8.40E+01 7.49E+02 9.90E+02 5.22E+06 2.35E+05 8.08E+03 1.42E+405
t-test -15.438 -10.376 0.631 -1.536 -3.915 -9.956 -10.174 -15.598 -1.635 -1.169 -4.159 -2.758
Mean 2.35E4+02 2.92E+402 1.07TE+402 1.42E+402 1.15E403 2.08E+03 1.55E403  3.23E4+03  2.38E+407 1.94E+408 1.66E+05 2.44E+06
LPSO Best 2.18E+-02 2.65E4-02 1.04E+02 1.09E+02 5.50E+02 1.83E403 1.44E+403 1.95E+03 1.44E+07 1.24E4-08 7.06E+04 3.41E+05
Dev 1.36E+-01 3.01E+01 2.48E+00 6.59E+01 3.36E+02 1.55E402 7.02E+01 1.12E+403 1.01E407  5.04E+407 1.70E+4-05 2.86E+06
t-test -5.686 -6.497 1.359 0.517 -5.014 -12.327 -43.166 -6.042 -5.296 -8.621 -2.178 -1.903
Table 7: Summary of t-test at 5% significant level.
LIGSA VS. GSA GAGSA PSOGSA GGSA MGSA LPSO
better 23 27 19 19 20 26
D=30 same 3 1 9 9 8 4
worse 4 2 2 2 2 0
268
better 25 26 21 19 21 25
D=50 same 4 3 8 10 8 4
worse 1 1 1 1 1
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As to the hybrid function 1 (F17-F22), the superiority of LIGSA is more notable. As displayed in Tables 4-5, on both
low and high dimensions, LIGSA yield the best results on all the functions in respect of all the three performance metrics.
Moreover, the t-test value revealed that the superiority of LIGSA is significant in most cases.

For the last 8 composition benchmark functions, F23-F30, due to their complexity in finding the global optima, the
preponderance of LIGSA is not as obvious as it done on the other functions. Even though, LIGSA produced best results
on 5 out of the 8 functions when D=30 and 6 out of the 8 functions when D=50. The statistically results also confirmed
the preponderance of LIGSA. In addition, it is notable that GAGSA performed certain advantages on several composition
benchmark functions, such as F25, F27, and F29. This may be due to its fitness-free mutation operator can preserve the
diversity of population effectively though it improves the computational complexity.

Besides, the summary of t-test at 5% significant level shown in Table 7 reveals the superiority of LIGSA more intuitively.
For example, LIGSA outperforms MGSA in optimization of 93.3% (28/30) of the 30-D problem§s and 96:7% (29/30) of
the 50-D problems, where the proportions of significant superiority are 71.4% (20/28) and 724 (21/29), respectively.

4.2. Convergence comparison

To test the convergence speed of the proposed LIGSA, the average numbers of fitnessievaltiation (F ESpean) and the
execution time (in second) that the algorithms need to obtain acceptable solutions/should bereported. In this paper, the
trial is considered to be acceptable if and only if the error satisfies error < eqop. Where €4,y was set to 0.01. Moreover,
an effective algorithm should perform good search reliability, i.e., obtain acceptableysuccessful rate “suc%”. The “suc%”
stands for the percentage of the successful runs that acceptable solutions arexfound{6]. Due to the CEC2014 benchmark
functions are quite complexity, only functions F7 and F12 can be solved'by, several of the 7 algorithms. The corresponding
results are reported in Table 8.

Table 8: Convergence speed and reliability comparisons on F7 and F12.

Algorithm LIGSA GSA GAGSA PSOESA GGSA MGSA LPSO

D 30 50 30 50 30 50 30 50 30 50 30 50 30 50
FESmean 57600 N/A  N/A N/A N/A N/ALN/A N/A 83220 N/A 61440 N/A N/A N/A
. time 6.962 N/A N/A N/A NJ/A_NyA ' N/JA N/A 15930 N/A 12051 N/A N/A N/A
suc% 40 N/A N/A N/A N/A W/A N/A N/A 100 N/A 80 N/A N/A N/A

rank 1 1 4 1 4 1 4 1 3 1 2 1 4 1
FESmean 31440 36240 N/A/ N/JA WN/A N/A N/A N/A 71400 89820 N/A N/A N/A N/A
P12 time 6.046 7.929 N/AWAN/AD 'N/A N/A N/A N/A 14408 20446 N/A N/A N/A N/A
suc% 80 100 AN/A N/A N/A N/A N/A N/A 40 100 N/A N/A N/A N/A

rank 1 1 3 3 3 3 3 3 2 2 3 3 3 3

In Table 8, the ranks are évaluated based on the ascending order of F'E Sy can. According to Table 8, for F7, when
D=30, LIGSA, GGSA and/MGSA ean obtain acceptable solutions. Among the three algorithms, GGSA performs the best
reliability while LIGSA_shows the'fast convergence speed as its takes the smallest F'ESycan and shortest consuming time.
With respect to high dimension (D=50), none of the algorithms can yield acceptable solutions. For F12, on the 30-D and
50-D problems, LIGSA, and/GGSA are the only two effective algorithms. The metrics F ESnyean, time, and suc% verify
the better convergence performance of LIGSA on the function.

For the_other 28 €EC2014 functions, although none of the tested algorithms can obtain acceptable solutions, the
superior convergence behavior of LIGSA can also be illustrated by their convergence curve. Due to the large number of
functions in the CEC2014 problem set, we selected one function from each category to illustrate the convergence of the
compared algorithms. The selected functions are F3, F16, F21 and F28. Their convergence curves are presented in Figs.
6-9, respectively. As shown in Fig. 7 and Fig. 9, LIGSA achieved the fastest convergence speed on F16 and F28. For
functions F3 and F21 as shown in Fig. 6 and Fig. 8 respectively, although the fall-off rate LIGSA is not the biggest in
the early iterations, it keeps searching for a better solution for longest time and produced the best optimization results.

4.3. Discussion
Achieving a fine balance of exploration and exploitation is challenging for all meta-heuristic algorithms [39]. In basic
GSA, a neighborhood topology denoted by Kiesy is employed to get the balance. However, the diminishing number
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Figure 9: Convergence performance comparison for minimizing of F28.

of Kyest leads to premature convergence over quickly. Moreover, Kyes is a_global neighborhood topology in essence.
This type of topology lacks of local search ability and is time consuming [21]szsM6re importantly, the Kpest model is a
kind of fully-informed method. All agents choose the same neighbors stored\in-Kyest, which overlooking the impact of
environmental heterogeneity on individual behavior. As a result, GSA is‘easily to suffer from premature convergence. As
illustrated in Figs. 6-9 and Tables 2-7 of Section 4.2, the convergence curve and accuracy confirmed the insufficient local
search problem of GSA.

By analysis the convergence curves of the LIGSA on D=30 and,D=50 problems in Figs. 6-9 and Table 8, one
may conclude that the LIGSA performed faster convergence speed (with smallest F'ESyean) on the tested functions. This
suggests that the LIGSA has outstanding global search ability. It\is due to the introduction of the social thinking improves
the global search ability of LIGSA and accelerate itsconvergence speed.

In addition, once LIGSA successfully obtained acceptable solution on a function, it achieved the best convergence
accuracy with lowest runtime consuming as illustrated in‘Table 8. This property is due to the proposed locally informed
learning strategy completely changed the global neighborhood topology structure in fully-informed learning strategy and
preserved the diverse search directions ofAGSA. Inlether words, the individual heterogeneity is taken into consideration in
LIGSA. Therefore, LIGSA improves the local search ability and reduces the computational complexity.

Although there are many important discoveries revealed by these studies, there are also limitations. That is, all these
tested algorithms are hard to achieve theprecision requirement in preset evaluation times. Although LIGSA produced
a better optimization results, the search ability still required great improvement. One possible reason is that GSA does
not have invariance in shift, rotation; and scale for gravitational force between agents is highly influenced by the distance
between them.

In future work, we intend to analysis the invariance of other physics-inspired meta-heuristic optimization algorithms,
such as electromagnetie field optimization (EFO) [1], in shift, rotation, and scale to improve the search ability of LIGSA
and solve more shifted and rotated functions.

5. Conclusion

In this paper, taking into account the heterogeneity of individuals behaviors we proposed a locally informed GSA
(LIGSA) to enhance the search ability of the original GSA. The LIGSA was characterized by designing a locally informed
learning strategy. In this learning strategy, a locally informed k-neighborhood was developed for constructing unique local
neighborhood for every agent, thus promoting LIGSA fully explore the search space with low computational complexity as
well as effectively prevent premature convergence; the social thinking of population was employed to guide all the agents
and accelerate the convergence speed; the time-varying acceleration coefficients scheme was proposed to balance the two
components and promote robustness of GSA. Therefore, LIGSA could significantly improve the performance of GSA.
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To investigate the validity of LIGSA, all the 30 CEC2014 benchmark functions with both low and high dimensions were

tested in this paper. The graphical and statistical results were compared with the original GSA, four variants of GSA, and

LPSO. The compared experimental results demonstrated the significant superiority of LIGSA in most cases. Moreover,

although the search availability of LIGSA requires further promote, LIGSA generally showed more rapidly convergence

ability, lower computational complexity, and higher convergence accuracy.
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