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ABSTRACT. The development of population intelligence has shown a great trend of a lin-
ear surge in recent years, and a large number of intelligent algorithms inspired by biology
have been studied. Among them, differential evolution (DE) algorithms have attracted the
attention of many researchers because of their simplicity, high efficiency, powerful search
capability, etc. DE has strong exploitability and can approach the global optimum faster,
but it cannot avoid the phenomenon of search stagnation and premature convergence. To
address the drawbacks of DE, the two-stage bootstrap constrained differential evolution
algorithm (TSGCDE) is proposed in this paper. In TSGCDE, instead of the traditional
one population, the population is divided into two as a way to increase the diversity of the
population. Divided into two stages, each stage searches for optimal solutions in different
directions in different populations, and the optimal solutions and the bootstrap solutions
generated by the populations in the two stages are bounded by each other’s bootstrap,
which makes the DE have a more powerful optimal-seeking ability and easier to jump out
of the local optimum. To wvalidate the performance of TSGCDE, we conducted experi-
ments on CEC2013 and CEC2014 benchmarks with some well-known algorithm variants,
and the experimental results show that our proposed algorithm is competitive.
Keywords: Differential evolution, Swarm intelligence, Adaptive parameter control

1. Introduction. As networks and technologies continue to mature and evolve, opti-
mization problems are everywhere in every neighborhood. Optimization problems have
gradually become one of the indispensable research methods and fundamental theories in
existing science and technology. Finding the optimal state is a basic criterion for the cur-
rent society. The development of population intelligence has shown a great trend of linear
soaring, and more and more intelligent algorithms inspired by biology are being studied.
For biological evolution, the principle of survival of the fittest to the environment is always
maintained [1, 2].

In the early stage, various intelligent optimization algorithms were proposed by scholars.
Particle Swarm Optimization (PSO) [3] was first proposed by Kennedy and Eberhart in
1995 to simulate the behavior of a flock of birds foraging for food. In the optimization pro-
cess, each optimization problem is treated as a bird, which is called a ”particle”. Among
all the particles, each particle is endowed with a memory function, which can clearly re-
member the best location to search for, and each particle has a speed to determine the
direction and distance of the flight. In the process of flight, the speed is dynamically
adjusted by its own flight experience and combined with the flight experience of its com-
panions, and finally, the current position is judged by the set fitness function. The Ant
Colony Algorithm (ACA) [4] was first proposed by Marco Dorigo in 1992. The algorithm
simulates ant foraging behavior. When ants search for a food source, they not only release
a pheromone in their pathway to being perceived by other ants but also can perceive the
pheromone released by their peers at the same time. The distance of a path is mainly
determined by the concentration of pheromone, where a low concentration of pheromone
means that the path chosen is longer, while a higher concentration of pheromone means
that the path has a shorter distance. For ants, they usually have a higher probability to
choose the path with higher concentration. At the same time, ants on that path will re-
lease a certain amount of pheromone in order to increase the pheromone concentration in
that path. This whole process is a kind of positive feedback. In the process of continuous
feedback, ants will find an optimal foraging route to minimize the foraging distance. Sim-
ulated Annealing (SA) [5] was applied to combinatorial optimization by Kirkpatrick et al.
in 1983, and the idea originated from the solid annealing process. First, the temperature
of a solid is raised to a certain level, and then slowly lowered. During the whole process
of temperature increase, in order to let the internal energy of the solid gradually increase,
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the internal disorderly particles will be formed. As the temperature decreases, these dis-
ordered particles will become ordered again, and the whole process will be an equilibrium
process, with the ultimate goal of minimizing the internal energy. The Metropolis process
is repeated at a certain temperature with the objective function satisfying the Boltzmann
probability distribution. The Artificial Bee Colony (ABC) algorithm [6] is an intelligent
algorithm first proposed by Karaboga. ABC is an algorithm proposed to imitate honey
bees for honey harvesting and is mainly divided into three kinds of bee colonies: hiring
bees, observation bees, and scouting bees. When the hired bee is collecting honey, it will
keep searching for better nectar sources, and when it finishes its task and returns to the
hive, it will share the information it has found by dancing to the observation bees. The
observer bee probabilistically selects one of the many known nectar sources and follows
one of the hired bees to collect nectar, while the observer bee searches for a better nectar
source in the neighborhood of that source. When the hired bee and the observation bee
can no longer search for a better nectar source in the corresponding neighborhood, the
nectar source is abandoned and the hired bee is transformed into a scout bee, searching
for a new nectar source in large strides. Genetic Algorithm (GA) [7] is an optimization
model that simulates the Darwinian theory of biological evolution and was first proposed
by John holland. GA focuses on modeling the evolutionary process of organisms, and it
divides the problem solving process into selection, crossover and variation. A probabilistic
approach to finding the best solution is used.

The Differential Evolution (DE) algorithm [8] is one of the more competitive evolution-
ary algorithms, which was first proposed in 1995 by Storn et al. DE can be dynamically
tracked according to the current search situation. And the optimization is performed
by variation, crossover and selection of the difference vector between parents. During
evolution, DE evaluates the best parameter vector for each generation and records its
minimization process, which can obtain better convergence [9, 10, 11]. As a simple and
efficient global optimization algorithm, DE has powerful search and optimization capa-
bilities, but for some specific optimization problems, search stagnation and premature
convergence are still unavoidable. To solve these problems, this paper proposes a new DE
algorithm, divided into two stages, instead of the traditional population, the population
is divided into two, to increase the diversity of the population. The optimal solution
is searched in different directions in the two phases of the population, and the optimal
solution and the bootstrap solution generated in the two phases of the population are
bounded by each other, which makes the DE have a more powerful ability to find the
optimal solution. For the proposed new DE algorithm in this paper, the experimental
tests are mainly analyzed and compared by the CEC2013 benchmark set [12] and the
CEC2014 benchmark set [13], and the new DE algorithm is evaluated and tested in an
all-around way by experiments. This article has the following key points:

(1) The mutation operation is divided into two stages, conducted in two regions, to
better ensure the diversity of the population, which can be explored to a larger range and
find better results.

(2) A two-stage bootstrap constraint model is established to make the two-stage popu-
lations generate the optimal solution and the bootstrap solution respectively with mutual
bootstrap constraints, which enhances the information exchange between excellent indi-
viduals and makes it easier to jump out of the local optimal solution and thus find the
global optimal solution.

(3) In this paper, CEC2013 and CEC2014 benchmark sets are used to test and compare
and analyze some well-known ABC variants and DE variants with our new DE algorithm.
Through the analysis of the experimental results, it can be seen that the proposed new
DE variant has great advantages.
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In the following chapter descriptions, the following steps are mainly followed. Chapter
2 of the article provides a detailed description of the development of DE algorithms from
ancient times to the present. In the third chapter of the article, the main innovations
of our proposed new DE algorithm are described. In the fourth chapter of the paper,
the main performance of the proposed new DE algorithm is evaluated in all aspects, and
these evaluations are mainly achieved by two test sets, CEC2013 and CEC2014. In the
last part of the paper, a systematic description of the whole paper is summarized.

2. Related Works. The DE algorithm is one of the most widely used stochastic real-
parameter optimization algorithms. The DE algorithm mainly uses random selection and
differences in the proportions of individuals from different populations to disturb con-
temporary population individuals, so it is not necessary to apply a separate probability
distribution to generate offspring [14, 15]. DE has powerful search and optimization ca-
pabilities. In the DE algorithm, there are three control parameters, which are population
size N P, scaling factor F', and crossover probability C'R. In practical applications, the
DE algorithm develops several deformation situations, and the general conventions that
define these deformation forms are given below. Where in DE/x/y/z, = indicates that
the vector of mutants is random or optimal, y indicates the number of difference vectors
utilized, and z indicates the scheme of a certain crossover. The mutation strategy can
be written in the following forms: DE/rand/1/z, DE/best/1/z, DE/target-to-best/1/z,
DE/best/2/z, and DE/rand/2/z. The specific form is shown in Table 1. The two crossover
schemes are described by DE/x/y/bin (binomial crossover) and DE/x/y/ exp (exponential
crossover) [16, 17].

TABLE 1. Mutation forms for DE algorithm

Number DE/x/y/z Equation
1 DE/rand/1/z & =28 + F - (28 — 2%)
2 DE/rand/1/z vt =28+ F (a8 — 2G)
3 DE/target-to-best/1/z | o™ =28 + Fy - (a5, — 28) + Fy - (28 — 2%)
4 DE/best/2/z v =28+ By - (26— 2G) + Fy - (28 — 28)
5 DE/rand/2/z e =28+ B (28— 2%) + By - (28 — 28)

The operation procedure of the standard DE/best/1 algorithm is divided into several
steps, the first step for population initialization, the second for mutation, the third for
crossover, followed by the fourth step for selection, and the last step for boundary condi-
tion processing.

2.1. Initialization. Initialization of populations is generally a necessary step to estab-
lish initial points and facilitate optimal search. DE utilizes NP vectors of real-valued
parameters of dimension D and treats them as a population for each generation, where
the individuals are represented as in Equation 1.

2G(i=1,2,...,NP) (1)

In Equation 1, NP is the population size; G is the number of generations evolved,
and i denotes the sequence of individuals. During the minimization process, NP is kept
constant. The initialized population is as in Equation 2.

ij; = rand[0, 1] * (Timazj — Tming) + Tming (2)
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In Equation 2, j = 1.2, -, D; Tyezj and Zpn; are bounds on the parameter variables;
rand [0,1] is a uniformly distributed random number between 0 and 1.

2.2. Mutation. For all target Vectors 2% The basic DE algorithm randomly select?2

vectors from the NP, 28, 2% and z§, is the current local optimum, and the selected

vector is subjected to a variation operation on the population to obtain the variation
v as in Equation 3.

v = afly + Fox (o — 2f) (3)

In Equation 3, the two randomly selected ordinal numbers r1 and r2 are two ordinal
numbers that are not equal to each other, and r1 and r2 are also different from each other
with the target vector ordinal number i. The scaling factor F' € [0, 2], is a constant real
factor whose main role is to control the scaling of the deviation vector. If the value of F'
is too small, it may lead to ”premature” algorithm, and the process of increasing F' can
well prevent the algorithm from falling into a local optimum. However, when F' is larger
than 1.0, the convergence of the population will become worse as appropriate. Storn et
al. [8] suggested that the initial value of F' is set to 0.5 and the effective range of F' is in
the range of 0.4-1.0.

2.3. Crossover. The crossover operation exists so that the diversity of the interference
parameter vector is increased. For the G + 1st generation population, the crossover
operation is performed between the original individuals and the individuals after the
mutation operation according to a certain probability, resulting in a new crossover vector

uﬁ“ the trial vector uG+1, as in Equation 4 and Equation 5.
WCHL — (G o G+ G+1
Uu; (ulz yUgg -+ Up; ) (4)

U

G+l { vﬁ“ rand b(j) < CR or j = rnbr(j) (5)
g x$;, rand b(j) > CR or j # rnbr(j)

In Equation 5, i = 1,2,...,NP; j = 1.2,...,D; rnbr(j) is the jth estimate of the
random number generator between 0 and 1; C'R denotes the crossover probability, which
takes values in the range of [0,1], and a larger C'R indicates a higher probability of
crossover, and a larger C'R usually leads to faster convergence. rnbr(j) denotes a randomly
chosen sequence, rnbr(j) € (1.2,..., D), which is mainly used to ensure that uGJrl obtains

at least one parameter from UG“.

2.4. Selection and Boundary Condition Processing. The DE algorithm compares
79 with uG+1 rows according to the greedy criterion, from which the child with the
smaller Value in the fitness function f(t¢) is selected for retention as the next generation

for differential evolution, i.e., Equation 6.

N :{ uétt, f( G+1) < f( ) )
i 28, f(G+1)>f( )

In the process of differential evolution, it is necessary to ensure that the parameter
values of the newly generated individuals are in the feasible domain range. One way to
do this is to perform absorption of the boundaries, i.e., to set the values of the individuals
that are not in the feasible domain range to the adjacent boundary values.
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2.5. DE Algorithm and Its Variants. The DE algorithm has attracted the attention
of many researchers because of its more powerful optimization and search capabilities,
and researchers have investigated different aspects of the problem and proposed a series
of improvement methods. Brest et al. [18] proposed in 2005 the jDE algorithm, a variant
of DE with adaptive control parameters, which compiles the F' and C'R parameters in
DE into individuals and updates them using an evolutionary approach. The mutation,
crossover and selection operations of new individuals are affected. Zhang and Sander-
son [19] developed and improved the jDE in 2008 and proposed the JADE algorithm. In
the JADE algorithm, the two parameters F' and C'R are adaptively controlled and auto-
matically updated to the appropriate values, more efficiently avoiding the optimization
problem in relation to the parameter settings. The parameters obey semi-fixed distribu-
tions during the evolution and are more optimally updated dynamically according to the
resulting children among them. Tanabe and Fukunaga [20] proposed the SHADE algo-
rithm in 2013, which uses the historical memory of control parameter settings to guide
the selection of future control parameters and is an advanced variant of the DE algorithm.
Then Tanabe and Fukunaga [21] proposed the LSHADE algorithm in 2014, which further
extended SHADE by further improving the adaptation scheme of the control parameters
and making the population size decreasing according to a linear function. Brest et al. [22]
proposed the iLSHADE algorithm to further optimize SHADE by calculating the next
generation of historical memory values based on the historical memory values of the pre-
vious generation. for these DE variants, all have some drawbacks, there are good F' with
poor for these DE variants, there is either a combination of good F' with poor C'R or poor
F with good C'R, making the resulting test vector better, but the poor parameters self-
adapting. For this deficiency, Meng et al. [23] proposed the LPALMDE algorithm, which
divides the control parameters into different groups and updates them independently in
their respective groups, which is a new adaptation for the control parameters.

Meng et al. [24] proposed the Quasi-Affine TRansformation Evolutionary (QUATRE)
algorithm in 2016. The QUATRE algorithm was first proposed on top of the original
DE algorithm, which improved the original DE algorithm for the deficiency of position
bias and used co-evolution for iterative updates, giving the QUATRE algorithm a greater
competitive advantage over the DE algorithm. Meng et al. [25] proposed CS-DE algorithm
in 2021, CS-DE proposes two mutation strategies, one mutation strategy for storing poorer
solutions and the other for storing historical solutions. Elliptic linear decay is used in CS-
DE to reduce the population size. Sutton et al. [26] proposed the RBDE algorithm. In
the RBDE algorithm, the better individual will be selected, the probability of selection is
determined by the goodness of the individual itself, and the children of the algorithm are
optimally selected based on the selection of the parent. Das and Abraham [27] proposed
the DEGL algorithm in which the parameter control is in the form of random generation
and the quality control parameters are easily retained.

3. Proposed Approach. The traditional DE algorithm has a multidimensional search
strategy and has a strong development performance. In the DE algorithm, there are
three control parameters, which are population size N P, scaling factor F' and crossover
probability C'R. In the whole search process, the DE algorithm can approach the global
optimum relatively quickly. Due to the inferior search performance of the algorithm in
the late iteration, it is easy to converge prematurely. For some specific optimization prob-
lems, the DE algorithm cannot avoid the occurrence of search stagnation and premature
convergence [28]. In order to solve these problems, this paper improves DE/best/1 and
proposes a new DE algorithm, in which the search process is divided into two phases,
i.e., instead of the traditional one population, the population is divided into two, so as to
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increase the diversity of the population. The optimal solution is searched in different di-
rections in the two phases, and the optimal solution and the bootstrap solution generated
in the two phases are constrained to attract each other, which makes it easier for the DE
algorithm to go beyond the local optimum to obtain the global optimum solution, thus
making the DE more powerful in finding the optimal solution.

3.1. Update of Control Parameters F' and CR. For the traditional DE/best/1 al-
gorithm, a fixed F' and C'R is used, which will greatly limit the optimal value of the
resulting individuals. It is shown that using adaptively varying F' and C'R will produce
better individuals, which will be more likely to survive and produce offspring. Inspired
by JADE, an adaptive form is used for the control constants F' and C'R, where F' and
CR are updated as shown in Equation 7 and Equation 8.

FE = rand ¢; (0p,0.1)

Op = mean (CF) xk + 0p * (1 — k) (7)
mean (C§) = Xﬁ%
CRE™ =randd; (0cr,0.1) (8)
Ocr = mean (C’gR) xk+0cr*x (1 —k)

In Equation 7 and Equation 8§, FiGJrl is the Corsi distribution generated according to
the position parameter #r and the scale parameter 0.1. In the experiment, the initial
value of O is set to 0.5. Where k is a positive number between 0 and 1, mean(-) is
used to calculate the arithmetic mean. C% is the set of all successful mutation factors
in generation G. C’RZGJrl is a normal distribution generated based on a mean of fcp
and a standard deviation of 0.1, C&y is the set of all successful crossover probabilities
in generation GG. During the experiment, we set the initial value of - to 0.5. and all
CR € [0,1]while the new F € [0,1]. In the initialization operation stage, the same as
Equation 2.

3.2. New Mutation Strategy. In the new variation strategy, there are two stages of
finding the optimum, in which the population is divided into two fixed subpopulations.
In these two stages, the optimal solution population N P; will be generated in the first
stage population and the population NP, will be generated in the second stage with
the bootstrap solution, where the magnitude of the number of individuals in these two
populations will be derived from Equation 9.

NNPQZNP*(l—[L) (9)

In Equation 9, Nyp, is the number of optimal solution populations generated in the
first stage, and NP is the total population size. p is the parameter that determines the
size of both populations. Nyp, is the number of bootstrap populations generated in the
second stage. u is the parameter that determines the size of the two populations. pu is
particularly important in the algorithm we design because its size determines the difference
in population size between the two stages. As you know, the size of the population usually
has a serious impact on the performance of the designed algorithm, so it is important to
choose the most suitable p value for the new algorithm we design. In the subsequent
experiments, the specific value of u will be explained in detail.

For global optimization algorithms, finding the global optimal solution is the primary
task. In the exploration update, the global optimal solution may have the neighborhood of

{ NNplzNP*H,
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the local optimal solution and the guide solution, which indicates that there is mutual in-
formation between the local optimal solution and the neighborhood of the guide solution,
and the information interaction between individuals is stronger in QUATRE-DEG [29].
Inspired by QUATRE-DEG, a model based on two-stage bootstrap constraint is estab-
lished, which can make the optimal solution generated in two stages respectively with
The mutual bootstrap constraint between the optimal solutions generated in each of the
two stages and the bootstrap solution, thus enhancing the information exchange between
the best individuals, which will make the original DE algorithm easier to jump out of the
local optimum and thus better find the global optimal solution. The two-stage bootstrap
constraint model for the global optimal solution .1 generated in the first stage and the
bootstrap solution .o generated in the second stage is shown in Equation 10.

di2
= % +2
C — Cmax _ max]\} min G

h(p) = exp (—%) % 0y — exp(—¢)

In Equation 10, GC;2 is the bootstrap force between the first-stage global optimal
solution and the second-stage bootstrap solution. where Lb and Ub are the lower and
upper bounds of the search space, respectively. dio is the Euclidean distance between
Tpest1 and Tpesn. D represents dimensionality. C' is the decreasing coefficient, by which
C can avoid over aggregation of populations and better reduce the probability of the
algorithm falling into local optimum. M is the total number of iterations and G is the
current generation. In the experiment, we set Ci e = 1, Chine = 0.00001, and set 0,
and dy in h(p) to the values of 1.5 and 0.5, respectively. According to the study, in the
h(p) function, the function value is 0 when ¢ =2.079, and when ¢ gradually increases,
the function value increases first and then decreases. The maximum value of the function
is 0.02 and the minimum value is 0. A bootstrap constraint model influenced by distance
is established by using this feature of h(p). When xpeq1 and xpeqo are far away from
each other, the guiding force is smaller, conversely, the closer the distance, the greater
the guiding force. Using the bootstrap constraint model, a new variational strategy is
proposed as shown in Equation 11.

GCIZ — C * <Ub;Lb * Thest 2 ~Thbest 1 * h((p>)

(10)

NPE
G+1 _ .G G G G
UNPQ»L' = Thest2 + F (‘er - ‘Tr4> + GCl2

(1 v i) ot )

In Equation 11, vﬁ};b is the variance vector generated in the optimal solution population

in the first stage. And v§ b, is the variance vector generated in the second stage bootstrap
solution population. Where z§ ,, is the optimal solution vector and x§ _,, is the bootstrap
solution vector, x& and z% are two mutually unequal vectors randomly selected from the
NP. GCS is the attraction between the optimal solution vector and the guiding solution
vector. There are different operations for each subpopulation in the variation process.
According to the distance, the two operations are shown as negative correlation and
positive correlation respectively. This strategy can achieve better information interaction
in the search process. The global suboptimal is used as a guiding constraint when the
search process is centered on the global optimal. At the same time, the global optimum
is used as a guiding constraint when the search is centered on the global suboptimal.
The populations in the two phases interact with each other, and it is easier to go beyond
the local optimum to find the global optimum solution in the search process. In the next
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crossover operation and selection operation, the same as the original DE /best/1, the same
as Equation 5 and Equation 6.

3.3. Algorithm of TSGCDE. The pseudo-code of Algorithm of TSGCDE is shown in
Algorithm 1.

Algorithm 1 TSGCDE

1:

10:
11:

12:
13:
14:

15:
16:
17:

18:

19:
20:
21:
22:
23:
24:
25:

26:

27:
28:

Initialization: preset population size N P, dimension D, maximum number of itera-
tions M, parameters Or, Ocr, 14, Cmazs Cmin, 01, 02 and boundary Lb, Ub.
According to Equation (2), the initial population NP is randomly generated, the
fitness values of all individuals in the initial population are calculated, and after
ranking the fitness, the first-stage optimal individual Xbestl and the second-stage
bootstrap individual Xbest2 are obtained.
According to Equation (9), the optimal individual and the bootstrap individual are
divided into two spaces to generate the first stage global optimal solution vector {
and the second stage bootstrap solution vector & ..
for g=1 to M do
for i=1to NP do
According to Equation (7)(8), the F' and C'R values are generated, CR € [0, 1],
Fel0,1].
end for
for i=1 to u*NP do
In the process of generating new individuals, ensure that all individuals are not
equal to each other, and generate r1, 2 matrices of 1 to u*N P in order.
end for
According to Equation (10), the relative position djs of the optimal individual in
the first stage and the guide individual in the second stage is calculated.
Calculate the guiding force GCS,. according to Equation (10).
for i=1to p*NP do
According to Equation (11) mutant individuals generate the optimal popula-
tion of individuals U%Slli.
end for
for i=1to NP-u*NP do
In the process of generating new individuals, ensure that all individuals are not
equal to each other and generate r3, r4 matrices of 1 to NP-u*NP in order.
According to Equation (11) mutant individuals generate the optimal popula-
tion of individuals v, .
end for
Merge vf,};fi and U](\;,JIS;_ into a new population V.
Crossover operation according to Equation (5)
Boundary processing.
Calculate the fitness of each individual.
Select operation according to Equation (6).
Update the current optimal individual X best1 and the current bootstrap individual
Xbest2.
Generate a new one-stage global optimal matrix z{ ,, and a two-stage global
suboptimal matrix x ., .
end for
Output global most individual zpes1, global optimal value f(xpes)
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4. Experiment and Analysis. We used CEC2013 and CEC2014 benchmark sets to
verify the algorithm performance, and carried out optimization experiments on 58 test
functions. In these benchmark sets, the argument range is set to [-100, 100]. All the
functions are considered as black-box problems. 28 test functions are included in the
CEC2013 test set. In CEC2013, fal-fa5 are unimodal functions, fa6-fa20 are basic multi-
modal functions, and fa21-fa28 are composition functions. fb1-fb3 are unimodal functions,
fb4-fb16 are simple multimodal functions, fb17-fb22 are hybrid functions, and fb23-fb30
are composition functions. The algorithm experiments were all carried out on the simu-
lation platform MATLAB2021a, and the running device processor was 11th Gen Intel(R)
Core(TM) i5-11300H..

4.1. Parameter Settings. The p parameter is particularly important in our algorithm,
which determines the size of the two-stage population, and this will have a large impact on
the performance of the algorithm. In general, the population size of the first-stage optimal
solution is not allowed to be smaller than the second stage, so this way is more able to
find the global optimal solution. For p, the smaller its value the more populations are
allocated to the second stage, and the larger its value the more populations are allocated
to the first stage. Therefore, in this experiment, the values of y were set to 0.1, 0.2, 0.3,
0.4, 0.5, and 0.6, and the mean and variance of the run results were compared by running
these algorithms 51 times each in dimension 30D. The results are shown in Table 2. We
can see from the table that our algorithms are competitively combined optimal when p is
0.6, so in the next experiments, setting u to 0.6.
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CEC2013 test set.

Optimization performance of 30D with different ;1 values under

1119

TSGCDE w=0.5 w=20.6 w=0.7 =028 w=209
f Mean/std | Mean/std | Mean/std Mean/std Mean/std
Ja1 2.55E-06/5.30E-07 | 2.39E-06/4.91E-07 | 2.44E-06/6.07E-07 | 2.49E-06/5.66E-07 | 2.40E-06/6.20E-07
fa2 6.34E+05/3.09E+06|7.76E+05/3.74E+06 1.88E+06/6.72E+06| 1.29E+06/4.79E-+06 |1.15E406/4.05E+06
Ja3 5.72E+07/8.63E+07(6.24E+07/1.18E+08|8.13E+07/1.78E+08| 9.48E+07/1.74E+08 |1.4TE408/3.17TE+08
a4 1.48E+04/1.59E+04|1.27E+04/1.60E+04| 1.33E-+04/1.62E+04| 1.26E+04/1.60E+04 |1.23E+04/1.51E+04
Jas 1.10E-06/4.22E-07 | 1.02E-06/3.97E-07 | 1.07E-06/3.37E-07 | 1.02E-06/3.37E-07 | 1.00E-06/3.41E-07
Jas 1.21E401/1.40E4011.15E+01/6.96E+00| 1.23E-+01/1.24E+01| 1.26E+01/8.85E+00 | 1.16E+01/6.80E+00
Ja7 2.79E+01/1.46E+01|2.77E+01/1.46E+01 |2.80E+01/1.30E+01| 3.28E+01/1.55E-+01 [3.19E+01/1.73E401
Jas 2.090E+01/4.91E-02 | 2.08E+01/3.28E-01 | 2.09E+01/5.03E-02 | 2.09E+01/5.07E-02 | 2.09E-+01/5.62E-02
fao 2.69E+01/2.81E+00|2.64E401/3.86E400|2.68E+01/2.72E+00| 2.44E+01/5.01E+00 |2.61E+01/3.87E+00
Ja10 5.16E-02/3.14E-02 | 4.89E-02/3.37E-02 | 4.79E-02/3.25E-02 | 4.73E-02/2.76E-02 | 4.99E-02/3.53E-02
fa11 3.69E+00/4.04E+00|2.24E400/3.89E+00| 1.39E+00/2.74E+00| 7.41E-01/2.08E+00 |1.35E+00/2.61E+00
Ja12 4.80E+01/1.15E+01|4.54E+01/1.13E+01(4.97E+01/1.18E+01| 4.92E+01/1.24E+01 [4.94E+01/1.24E+01
fa13 9.42E+01/2.79E+01(9.39E+01/2.02E+019.49E+01/2.64E+01| 9.59E+01/2.67E-+01 |1.05E+02/2.35E401
Jaia 4.55E+01/6.53E-+01|6.28E+01/9.60E+01[4.70E+01/6.53E+01| 2.32E+01/4.61E+01 [3.72E+01/8.50E+01
fa15 4.43E+03/1.10E+03[4.36E+03/9.14E+02|4.56E+03/1.21E403| 4.28E+03/9.69E+02 |4.36E+03/1.02E+03
fats 1.68E-+00/8.78E-01 | 1.48E+00/9.55E-01 | 1.52E+00/9.22E-01 | 1.64E+00/9.45E-01 | 1.42E-+00/9.60E-01
far7 3.05E+01/2.19E-01 | 3.04E+01/2.83E-04 [2.86E+01/7.23E+00| 3.04E+01/7.57E-04 | 3.04E+01/2.01E-02
fars 1.16E+02/4.59E+01|1.12E402/4.48E+01|1.15E+02/3.40E+01| 1.13E+02/3.74E+01 |1.22E402/2.92E+01
fa19 1.60E+00/2.25E-01 | 1.54E+00/1.79E-01 | 1.54E+00/1.90E-01 | 1.56E+00/1.79E-01 | 1.62E+00/2.13E-01
Ja20 1.12E+01/7.06E-01 | 1.14E+01/7.78E-01 | 1.15E+01/6.65E-01 | 1.14E+01/6.55E-01 | 1.13E+01/7.81E-01
fa21 2.83E+02/7.32E+01|3.04E402/7.68E+012.78E+02/6.75E+01| 2.87E+02/7.29E+01 |2.89E+02/7.18E401
Ja22 1.42E402/8.21E401|1.52E+02/9.49E+01|1.20E+02/6.78E+01|1.33E+02/7.05E+016| 1.30E-+02/6.56 E+01
fa23 4.40E+03/9.45E+02|4.16E+03/7.06E+02|4.37E+03/7.69E+02| 4.12E+03/8.70E+02 |4.12E403/7.15E+02
Ja24 2.43E+02/1.43E+01|2.40E402/1.53E401|2.45E+02/1.56E+01| 2.42E+02/1.49E+01 |2.44E402/1.31E401
Jfa2s 2.63E+02/1.17E+01|2.63E+02/1.07E+01|2.62E+02/1.08E+01| 2.64E+02/1.24E-+01 [2.62E+02/1.14E401
Jfa2e 2.56E+02/7.34E+01(2.51E402/7.28E401|2.56E+02/7.35E+01| 2.57E+02/7.50E-+01 |2.44E+02/6.83E401
Ja27 8.41E+02/1.45E+02(8.80E+02/1.31E+02(8.47E+02/1.38E+02| 8.30E+02/1.38E+02 |8.15E402/1.52E+02
Jfazs 3.21E+02/1.48E+02(2.96E+02/2.80E+01 (3.62E+02/2.51E+02| 3.23E+02/1.63E-+02 [3.44E402/2.22E402
Best Mean std 3/3 10/11 4/4 6/4 5/6

The TSGCD algorithm is mainly an improvement of the original DE/best/1. TThe
exploration strategy of ABC algorithm makes it competitive with other algorithms in
the search process, and TSGCD increases the exploration ability of DE. TSGCD algo-
rithm compares and analyzes some classical ABC variants and DE variants. Specifically,
DE/rand/1, RBDE, DEGL, DE/best/1, MABC [30], and IABC [31]. We conducted 51
independent experiments for all algorithms with dimensions set to 30 D, 50 D, and 100 D.
The mean and std (standard deviation) of the fitness error values of these test functions
were collected for comparison. In the comparison results, 747, 7=", and ”-” indicate that
our algorithm is ”better”, ”similar”, or "worse” than other algorithms, respectively [32].
The values of the parameters involved in all the algorithms used are always consistent
with the initial recommended values to avoid ambiguities, as shown in Table 3.
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TABLE 3. Parameter settings for experiment

Name Initial parameter settings
DE/rand/1 NP=100,a0 =p=F=0.7, CR=0.5, neighborhood size = 0.1 x NP

RBDE NP=100,F=0.7, CR=0.5, f=3.0

DEGL N P=100,a ==F=0.7, CR=0.5, netghborhood size = 0.1 x NP
DE/best/1 NP=100,F=0.7,CR=0.5

MABC NP=50, limit = D x NP/2

IABC NP=50, limit = D+« NP/2, MR = 0.3
TSGCDE | N P=100,F=0.5,C R=0.9,0p=0-R=0.5,C,,ax=1,C,,inx=0.00001,6;=1.5,60=0.5, u=0.6

4.2. Experimental Analysis in the CEC2013 Test Set. The results of the exper-
iments comparing the dimensions of 30D, 50D and 100D in the CEC2013 test set are
shown in Tables 4-6, respectively. From Table 4, it can be seen that in 30D real num-
ber optimization, the TSGCDE algorithm has 25 benchmark functions outperforming
DE/rand/1, 26 benchmark functions outperforming RBDE, 21 benchmark functions out-
performing DEGL, 1 function similar to DEGL, 17 benchmark functions outperforming
DE/best/1, 1 function similar to DE/ best/1 is similar, 18 benchmark functions are better
than MABC, and 16 benchmark functions are better than IABC. from Table 5, we can see
that in 50D real number optimization, TSGCDE algorithm has 25 benchmark functions
better than DE/rand/1, 25 benchmark functions better than RBDE, 1 function similar
to RBDE, 21 benchmark functions are better than DEGL, 1 function is similar to DEGL,
20 benchmark functions are better than DE/best/1, 16 benchmark functions are better
than MABC, 1 benchmark function is similar to MABC, and 17 benchmark functions
are better than IABC. from Table 6, we can see that in 100D real number optimization,
TSGCDE algorithm has 26 benchmark functions are better than DE/rand/1, 2 functions
are similar to DE/rand/1, 26 benchmark functions are better than RBDE, 2 functions are
similar to RBDE, 20 benchmark functions are better than DEGL, 3 functions are similar
to DEGL, 22 benchmark functions are better than DE/best/1, 2 functions are similar
to DE/best/1, 16 benchmark functions outperform MABC, 2 benchmark functions are
similar to MABC, 16 benchmark functions outperform IABC, and 2 benchmark functions
are similar to TABC. Overall, our algorithm outperforms these ABC variants as well as
the DE variants.

4.3. Experimental Analysis in the CEC2014 Test Set. The results of the experi-
ments comparing the dimensions of 30D, 50D and 100D in the CEC2014 test set are shown
in Tables 7-9, respectively. From Table 7, it can be seen that in 30D real number optimiza-
tion, the TSGCDE algorithm has 24 benchmark functions outperforming DE/rand/1, 2
functions similar to DE/rand/1, 25 benchmark functions outperforming RBDE, 2 func-
tions similar to RBDE, 19 benchmark functions outperforming DEGL, 1 function similar
to DEGL similar, 19 benchmark functions outperform DE/best/1, 2 functions are similar
to DE/best/1, 19 benchmark functions outperform MABC, 1 function is similar to MABC,
17 benchmark functions outperform IABC, 2 functions are similar to IABC. From Table
8, we can see that in 50D real number optimization, TSGCDE algorithm has 27 bench-
mark functions better than DE/rand/1, 1 function similar to DE/rand/1, 27 benchmark
functions better than RBDE, 1 function similar to RBDE, 20 benchmark functions better
than DEGL, 1 function similar to DEGL Similar to DE/best/1, 20 benchmark functions
outperform DE/best/1, 1 function is similar to DE/best/1, 19 benchmark functions out-
perform MABC, 18 benchmark functions outperform TABC. As can be seen from Table
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TABLE 4. Comparison on 30D optimization under CEC2013 test suite
with different algorithms pu.
TSGCDE DE/rand/1 RBDE DECL DE/bost/1 MABC TABC
f Mean/std Mean/std Mean/std Mean/std Mean/std Mean/std Mean/std
2.39E-06/ 1.01E-10/ 5.43E-07/ 1.96E-13/ 1.20E-13/ 2.32E-13/ 3.88E-13/
far 491E-07 3.01E-11() 1.52E-07(-) 7.90E-14(-) 2.27E-13(-) 2.52E-20(-) 1.05E-13(-)
7.76E-+05/ 1.01E408/ 1.10E+08/ 3.23E-+06/ 3.62B-+07/ L11E407/ 9.24F+06/
Jaz 3.74E+06 LOIEH07(+) | 211E407(+) | L45E406(+) | 3.57E+07(+) | 1.02E407(+) | 3.32E+06(+)
6.24E-+07/ 7.236+08/ 1.73E+09/ 3.00E+08/ 3.90E+07/ 4.67E+08/ 2.836+08/
e 1.18E+08 LIOEH08(+) | 3.36E+08(+) | 4.31E+08(+) | B3.90E+07(-) | 1.66E+08(+) | 3.10BE-+08(+)
1.27E+04/ 4.12E+04/ 4.97E-+04/ 6.37E+03/ 1.57E+04/ 7.72E+04/ 8.08E-+04/
fa 1.60E+04 5.60E+03(+) | 6.35E+03(+) | 2.83E+03(-) | LBSTE+04(+) | 3.14E+03(+) | 1.05E-+04(+)
1.02E-06/ 5.24F-06/ 6.59E-04/ 1.76E-13/ 1.14E-13/ 2.96E-13/ 5.37E-13/
e 3.97E-07 1.25E-06(+) | 1.38E-04(+) 5.71E-14(-) 1.14E-13(-) 1.27E-29(-) 6.46E-14(-)
1.15E+01/ 2.32E+01/ 5.13E-+01/ 2.21E+01/ L87E-+01/ 2.65E-+01/ 1.84E+01/
fao 6.96E-+00 6.26B400(+) | 1.28B401(+) | 2.36E+01(+) | 1L8TE+01(+) | 9.54E+00(+) | 4.21E+00(+)
2.77E+01/ 5.24E+01/ 6.28E-+01/ 5.64E+01/ 1.61E+01/ 1.10E+02/ 1.05E+02/
ki 1.46E+01 4.88E+00(+) | 5.05E+00(+) | 201E+01(+) | 1.61E+01(-) | 1.27E+01(+) | 1.57E+01(+)
2.64E-+01/ 2.09E+01/ 2.10E+01/ 2.09E+01/ 2.09E+01// 2.10E+01/ 2.09E+01/
fas 3.86E+00 5T9E-02(4) | AT9E-02(+) | 5.02E-02(+) | 209E401(+) | 4.49E-02(+) | 4.37E-02(+)
2.64E+01/ 3.92E+01/ 3.80E-+01/ 2.84E+01/ 2.59E-+01/ 2.86E-+01/ 2.88E-+01/
fao 3.86E+00 1.21E400(+) | 1.17E+00(+) | 2.70E+00(+) | 2.59E+01(-) | 1.OSE+01(+) | 2.06E-+00(+)
4.80E-02/ 1.58E+02/ 2626402/ 1.40E-01/ 1.38E-02/ 1.78E+00/ 1.45E+00/
fato 3.37B-02 2.72E401(+) | 4.06E+01(+) | 1.10E-01(+) 1.38E-02(-) L15E-02(+) | 3.42B-01(+)
2.24E+00/ 1.26E402/ 1.32E+02/ 5.63E+01/ 6.68E-+01/ 5.57E-14/ 6.13E-14/
fann 3.89E+00 9.44B+00(+) | T7.82E+00(+) | L4SE+01(+) | 6.68E+01(+) | 3.25E-+01(-) 1.54E-14(-)
. 4.54E+01/ 2.14E+02/ 2.215+02/ 8.88E+01/ 1.92B+02/ 1.33E402/ 1.55B+02/
farz 1.13E+01 L.20E401(+) | 9.84E400(+) | 221E+01(+) | 1.92B+02(+) | LOIE401(+) | 2.71E-+01(+)
9.39E-+01/ 2155402/ 2.18E+02/ 1.41E402/ 1.87E+02/ 2.04E+02/ 2.29F+02/
Jas 2.02E+01 9.96E+00(+) | 1.31E+01(+) | 247E+01(+) | 1.87E+02(+) | 1.09E+01(+) | 3.00E+01(+)
6.28E-+01/ 4.70E+03/ 4.76E+03/ 3.56E-+03/ 3.40E+03/ 5.77E-01/ 3.09E-01/
fas | g 6om+01 227E+02(+) | 223E+02(+) | 3.74E+02(+) | 3.40E+03(+) | 7.52E+02() / 2.39E-01(-)
4.36E+03/ 7.21E+03/ 7.26E+03/ 4.74E+03/ 7.13E+03/ 3.94E+03/ 3.81E-+03/
fas 9.14E+02 275B402(+) | 252B402(+) | 490B+02(+) | 7.I3E+03(+) | 3.48E+02(-) | 4.08E-+02(-)
1.48E+00/ 2.44E+00/ 2.46E+00/ 1.82E+00/ 2.42E-+00/ 1.39E+00/ 1.26E+00/
Jaro | g 501 / 3.08E-01(4) | 257E-01(+) | 262E-01(+) | 2.42E400(+) | 2.80E-01(-) 2.58E-01(-)
3.04E-+01/ 1.72E+02/ 1.75E+02/ 1.06E+02/ 1.43E+02/ 3.05E+01/ 2.97E-+01/
ay 2.83E-04 9.02E400(+) | 8.02E+00(+) | 1.33E+01(+) | 1.43E+02(+) | 1.02E+01(-) | 3.47E+00(+)
1.12E+02/ 2.49E+02/ 2.63E-+02/ 1.49E+02/ 2.20E+02/ 1.78E+02/ 1.97E+02/
fas 4.48E+01 1.30E4+01(+) | 1I3E+01(+) | 1.61E+01(+) | 2.20B+02(+) | LOSE401(+) | 2.14E+01(+)
1.54E+00/ 1.59E+01/ 1.64E+01/ 9.22E400/ 1.27E+01/ 9.89E-01/ 8.38E-01/
faro 1.79E-01 LI1E4+00(+) | 1.17E+00(+) | 291E+00(+) | 1.27E+401(+) | 8.56E-01(-) 1.90E-01(-)
1.14E+01/ 1.26E+01/ 1.28B+01/ 1.14E+01/ 1.24E+01/ 1.39E401/ 1.40E+01/
fazo 7.78E-01 L69E-01(+) | 2.20E-01(+) | 4.17E-01(=) | L24E+01(+) | B3.07E-01(+) | 5.16E-01(+)
3.04E-+02/ 2.57E+02/ 3.07E+02/ 3.07E+02/ 2.936-+02/ 3.08E+02/ 2.00E+02/
fa 7.68E-+01 5.22B401(-) | 7.I5B401(+) | 5.85B+01(+) | 293E+02(-) | 7.90E+01(-) | 3.86E+01(+)
1.52E+02/ 5.05E+03/ 5.21E+03/ 3.36E-+03/ 2.97E+03/ 1.01E402/ 9.49E+01/
fa22 9.49E+01 2.73E402(+) | 3.20E402(+) | 4.99E+02(+) | 2.97E+03(+) | 9.78E+02(-) | 3.54E-+01(-)
4.16E-+03/ 7.36E+03/ 7.46E+03/ 5.285+03/ 7.236+03/ 4.75E+03/ 4.68E+03/
Jazs 7.06E+02 3.01B402(+) | 281E+02(+) | 5.90B+02(+) | T7.23B403(+) | 3.17B+02(+) | 5.60B+02(+)
2.40E-+02/ 2.66E-+02/ 2.79E-+02/ 2.35E+02/ 2.27E+02/ 2.84E+02/ 2.84E+02/
Jaz 1.53E+01 485E400(+) | 4.15E400(+) | L26E+01(-) | 2.27E+02(-) | 1.28E401(+) | 6.13E4+00(+)
2.63E-+02/ 3.05E+02/ 3.08E-+02/ 2.71E+02/ 2.49E+02/ 2.96E+02/ 2.98E-+02/
fa2s 1.07E+01 6.36E+00(+) | 3.07B+00(+) | 13IBH01(+) | 249E+02(-) | 7.27E+00(+) | 5.56E+00(+)
2.51E+02/ 2.08E-+02/ 2.09E-+02/ 2.02E+02/ 2.51E-+02/ 2.01E+02/ 2.01E+02/
fazs 7.28E+01 1.48E400(-) 1.49E400(-) L56E+01(-) | 2.51E+02(=) | 6.51E+01(-) 2.30E-01(-)
8.80E+02/ 1.20E4+03/ 1.24E+03/ 6.30E+02/ 6.14E-+02/ 5.18E4+02/ 4.69E+02//
Jazt 1.31E+02 491E+01(+) | 356E+01(+) | 9.34E+01() | 6.14E+02(-) | LOAE+02(-) | 2.10E-+02(-)
; 2.96E-+02/ 3.00E+02/ 3.00B-+02// 3.69E+02/ 3.00E-+02/ 3.00E+02/ 2.97E-+02/
a28
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TABLE 5. Comparison on 50D optimization under CEC2013 test suite
with different algorithms.
TSGCDE DE/rand/1 RBDE DEGL DE/best/T MABC TABC
i Mean/std Mean/std Mean/std Mean/std Mean/std Mean/std Mean/std
1.11E-05/ 1.84E+00/ 2.42E401/ 3.48E-13/ 2.27E-13/ 7.53E-13/ 9.94E-13/
far 1.28E-06 3.12E-01(+) | 3.11E+00(+) 1.23E-13(-) 0.00E+00(-) 1.24E-13(-) 1.36B-13(-)
3.13E+06/ 4.49E+08/ 4.55E+08/ 3.60B-+06/ 1.42E+08/ 2.56E+07/ 2355407/
fa2 1.50E+07 6.06E+07(+) | 5.86E+07(+) | L46E+06(+) | 3.51E+07(+) | 9.90E+06(+) | 6.93E+06(+)
2.45E409/ 3.42E+10/ 4.0TE+10/ 8.69E+08/ 4.28E+09/ 6.47E409/ 2.84E+09/
fas 2.90E409 3.78E+09(+) | 4.16B+09(+) | 1I5E+09(-) | 4.74E+09(+) | 5.84E+09(+) | 2.61E+09(+)
3.05E+04/ 8.65E+04/ 9.79E+04/ 1.63E-+04/ 4.52E+04/ 1.57E+05/ 1.61E+05/
faa 3.64F+04 9.58E+03(+) | T.65B+03(+) | B3.76E+03(-) | 5.02B+03(+) | 1.43E+04(+) | 1.70B+04(+)
6.52E-06/ 4.72E400/ 1.68E+01/ 3.88E-13/ 2.32E-13/ 8.54E-13/ 1.09E-12/
Jas 1.27E-06 6.07E-01(+) | L37E+00(+) | 8.86E-14(-) 3.18E-14(-) 8.91E-14(-) 1.09E-13(-)
4.67E+01/ 4.99E+01/ 7.05E401/ 6.00E401/ 4.54E+01/ 4.68E+01/ 4.45E+01/
Jao 6.67E+00 5.67TE-01(+) | 4.61E+00(+) | 235E401(+) | 1.25E400(-) | 1.62E4+00(+) | 1.49E+00(-)
6.60E+01/ 1.31E402/ 1.43B+02/ 8.40E401/ 7.13E401/ 1.65E402/ 1.48E+02/
Jar 2.15E401 8.TAE+00(+) | TAIEH00(+) | 1.29B+01(+) | 155E401(+) | L68E+01(+) | 1.42E+01(+)
2.11E401/ 2.12E401/ 2.11E401/ 2.11E401/ 2.12E401// 2.11E401/ 2.12E401/
Jas 4.14E-02 331B-02(+) | B3.60B-02(=) | 3.19B-02(=) | B3.02B-02(+) | 3.72B-02(=) | 2.92B-02(+)
5.41E401/ 7.35E4+01/ 7.31E401/ 5.60E401/ 6.87E+01/ 5.91E401/ 5.84E401/
Jao 5.24E400 1.27E400(+) | LB0E+00(+) | 4.62E4+00(+) | 4.99E+00(+) | 2.75B+00(+) | 2.71E400(+)
7.20E-02/ 1.66E+03/ 2.10E+03/ 3.04E-01/ 5.12E-01/ 1.67E+00/ 1.94E+00/
Jaro 3.39E-02 L52E402(+) | 2.05E+402(+) | B5.06E-01(+) | 4.14E-01(+) | 3.52E-01(+) | 4.04E-01(+)
7.06E+00/ 3.34E402/ 3.41E+02/ 1.37E+02/ 2.68E+02/ 1.77E-13/ 1.55B-13/
Tart | y6m+00 L52E+01(+) | L38E401(+) | B3.42E401(+) | 2.24E401(+) | 3.14E-14() 3.02E-14(-)
1.23B+02/ 4.86E+02/ 5.14E402/ 2.36E+02/ 4.09E+02/ 4.44E+02/ 4.72E402/
faz |5 o6mv01 2.05E+01(+) | 1.90E+01(+) | 4.73E+01(+) | L84E+01(+) | T.27E+01(+) | 6.17E+01(+)
2.34E402/ 4.92E402/ 5.11E402/ 3.46E402/ 4.0TE+02/ 5.44E402/ 5.79E402/
Jais | 6rp401 L42E401(+) | L6SE401(+) | 467E401(+) | 1.84E+01(+) | 5.10E+01(+) | 4.87E401(+)
8.03E+01/ 1.06E-+04/ 1.06E+04/ 8.33E403/ 9.74E+03/ 9.32E400/ 2.69E+00/
fas | hom02 2.84E4+02(+) | 2.92E402(+) | 6.56E+02(+) | 5.75E+02(+) | 1.74E+401(-) | 1.79E400(-)
8.21E+03/ 1.42E+04/ 1.42E404/ 1.07E404/ 1.40E+04/ 8.44E403/ 8.30E403/
Jaas || s3m403 342E+02(+) | 38IEH02(+) | 7.73E402(+) | 3.76E+02(+) | 851E+02(+) | 6.43E+02(+)
2.45E400/ 3.51E400/ 3.44E+00/ 2.68E-+00/ 3.43B+00/ 2.03E-+00/ 1.85E+00/
Jaas | 1sE400 340E-01(+) | 3.36B-01(+) | B3.34E-01(+) | 3.03E-01(+) 3.44E-01(-) 3.08E-01(-)
5.09E+011/ 1.72E+02/ 4556402/ 2.956-+02/ 3.46E+02/ 5.08E+01/ 5.11E+01/
Jart 3.70E-01 LITE401(+) | L68E+01(+) | 268E401(+) | L5IE+01(+) | 6.38E-02(-) | 8.60E-02(+)
2.39E402/ 5.63E4+02/ 5.94E402/ 3.81E402/ 4485402/ 4.72E+02/ 5.06E+02/
L 188E+01(+) | 1.59E+01(+) | 3.50E+01(+) | 2.06E+01(+) | 5.57E+01(+) | 5.57E+01(+)
4.20E+00/ 4.79E+01/ 6.77E+01/ 3.21E401/ 2.96E+01/ 2338400/ | 82.01E+00/
Jaro 6.45E-01 351E+00(+) | 5.75B400(+) | 6.95B+00(+) | 1L41E+00(+) | 2.36E-01(-) 2.74E-01(-)
2.09E+01/ 2.27E+01/ 2.28E+01/ 2.11E+01/ 2256401/ 2426401/ 2.44E401/
Jazo 8.63E-01 1.92E-01(+) LOTE-01(+) | 4.58E-01(+) 1.99E-01(+) | 4.89E-01(+) | 2.45E-01(+)
7.70E402/ 5.83E4+02/ 1.29E+03/ 8.90E+02/ 7.20E402/ 6.74E+02/ 2.04E+02/
Taat | 1om02 4.46E+02(-) | 3.73E+02(+) | 2.88E+02(+) | 4.10E+02(-) | 4.20E+02(-) | 8.20E+00(-)
1.31E+02/ 1.09E+04/ 1.12E+04/ 8.53E+03/ 9.46E+03/ 5.38E+01/ 4.08E+01/
Taz2 | Jom02 3.76E+02(+) | 4.32E+02(+) | 6.96E+02(+) | 5.65E+02(+) | 8.10E+01(-) | 4.74E+01(-)
9.26E+03/ 1.45E+04/ 1.45E+04/ 1.18E+04/ 1.40E+04/ 9.90E403/ 1.04E+04/
fas |y 6amro3 3.95E+02(+) | 4.02E+402(+) | T.95E+02(+) | 415E+02(+) | LOGE+03(+) | 8.51E+02(+)
. 2.91E402/ 3.66E402/ 3.71E+02/ 2.92E402/ 2.78E402/ 3.66E+022/ | 3.65E+02/
Jazt | Lamror 4.39E+00(+) | 4.26E400(+) | 1.35E+401(+) | 2.34E+01(-) | 6.77E400(+) | 7.22E+00(+)
3.27E+02/ 4.08E+02/ 4.13E+02/ 3.47TE+02/ 2.99E+02/ 3.92E402/ 4.00E+02/
Jazs |y simro1 3.94E+00(+) | 437E400(+) | 1.93E+01(+) | 1.18E+01(-) | T.99E+00(+) | 7.26E+00(+)
4.04E+02/ 3.56E402/ 3.49E+02/ 257402/ 3.91E+02/ 2.04E+02/ 2.03E402/
Jazs | g 33401 707E+01(-) | 5.10B+01(-) | 855B401(-) | T7.80E+01(-) 9.12E-01(-) 5.50E-01(-)
1.45E403/ 2.10E+03/ 2.13E+03/ 1.24E403/ 1.38B+03/ 1.59E+03/ 1.54E+03/
faat | rmt02 3.69E+01(+) | 4.01E+01(+) | 1.93E+02(-) | 3.37E+02(-) | 5.93E+02(+) | 6.38E-+02(+)
6.97E+02/ 4136402/ 4.48E+02// 8.84E+02/ 8.20E+02/ 4.00E+02/ 4.00E402/
fa28 O 11EF.LND 1 AR L0\ Qe _LON( ) 1 92 _L.N27 L\ 1 NOFR_LO2( L)\ A Q02 Nel ) 9 20K NO( \
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TABLE 6. Comparison on 100D optimization under CEC2013 test suite
with different algorithms.
TSGCDE DE/rand/T RBDE DEGL DE/best/1 MABC TABC
i Mean/std Mean/std Mean/std Mean/std Mean/std Mean/std Mean/std
1.80E-04/ 1.16E-+04/ 1.66E-+04/ 1.58E-00/ 3.75E-09/ 2.66E-12/ 4.49E-12/
Jar 1.60E-05 T.93E+02(+) | LOSE+03(+) | 5.95E-09(-) 2.536-09(-) 1.84F-13(-) 6.80E-13(-)
8.70E+06/ 2.09E+09/ 2.13E+09/ 1.51E+07/ 6.33E+08/ 9.76E-+07/ 8.56E+07/
Jaz 2.15B+07 1.88E+08(+) | 2.04E408(+) | 9.33E4+06(+) | 1.20E+08(+) | 2.67E+07(+) | 1.91E407(+)
6.41E-+09/ 2.72E+11/ 6.89E+11/ 2.84E+10/ 4.64E+10/ 1.86E+10/ L11E+10/
Jas 9.36E+09 410E+10(+) | 3.22B+11(+) | 1.36E+10(+) | 2.09E+10(+) | 1.22E+10(+) | 8.12E+09(+)
8.11E+04/ 2.38E-+05/ 2.53E-+05/ 6.05E-+04/ 1.49E+05/ 3.76E-+05/ 3.78E-+05/
fas 1.03E+05 L5AE+04(+) | LAIE+04(+) | 1.12E404(-) | L8TE+0A(+) | 241E+04(+) | 2.65E+04(+)
2.136-04/ 7.08E+02/ 9.63E+02/ 8.93E-05/ 5.24E-05/ 5.208-12/ 1.48E-07/
Jas 2.68E-05 425E401(+) | 549E401(+) | 2.62E-04(-) 3.07E-05(-) 7.61E-13(-) 4.04E-08(-)
2.22E+02/ 1.98E+03/ 2.51E+03/ 2.26E+02/ 2.48E+02/ 2.47E+02/ 2.27E+02/
Jao |y tEr01 / L72E+02(+) / 1.62E-+02(+) / ATTE+01(+) / 3.43E+01(+) / 3.31E+01(+) / 3.17B+01(+)
1.276+402/ 2.56E-+02/ 1.43E+02/ 8.40E+01/ 7.13E+01/ 1.65E+02/ 1.48E+02/
Jaz 2.51E+01 208E401(+) | 741E400(+) | 1.29E401(+) | 1.55E+01(+) | 1.68E401(+) | 142E+01(+)
2.13E+01/ 2.13E+01/ 2.13E+01/ 2.13E+01/ 2.13E+01// 2.13E+01/ 2.13E+01/
Jas 4.20E-02 276E-02(=) | 3.00E-02(=) | 222E-02(=) | 283E-02(=) | 3.31E-02(=) | 3.50E-02(=)
1.35B402/ 1.63B+02/ 1.62B+02/ 1.44E+02/ 1.60E+02/ 1.39E+02/ 1.40E+02/
fas 5.89E+00 L60E+00(+) | 2.23B+00(+) | 5.57B+00(+) | 2.74B+00(+) | 3.37E+00(+) | 3.93E+00(+)
1.276+402/ 9.01E+03/ 1.02B+04/ 1.72B+01/ 1.62B+01/ 1.78E+00/ 2.11E+00/
Jaro 1.37E-01 6.04E+02(+) | 6.53E+02(+) | 2.17E+01(+) | 5.41E+00(+) | 2.65E-01(+) | 4.52E-01(+)
6.74E+01/ 1.04E+03/ 1.08E+03/ 5.86E-+02/ 7.74E+02/ 6.54E-13/ 1.14E-01/
Jart |5 samvon 2.66E401(+) | 2.38E+01(+) | 9.29E+01(+) | 2.83E+01(+) | 4.74E-14(-) 2.59E-01(-)
3.97E+02/ 1.37B+03/ 1.42E+03/ 7.356-+02/ 1.00E+03/ 1.54E+03/ 1.64E+03/
far2 | g gomvo1 3.20E+01(+) | 3.18B+401(+) | 1LOIE+02(+) | 3.92E401(+) | 140E+02(+) | 1.50E+02(+)
6.95E-+02/ 1.36E+03/ 1.42E403/ 1.10E+03/ 1.01E+03/ 1.79E+03/ 1.84E+03/
Tats | oumro2 3.65E401(+) | B3.63E+01(+) | T.A9E+01(+) | 357E+01(+) | LI9E402(+) | 1.OGE+02(+)
1.99E+02/ 2.71E-+04/ 2.70E+04/ 2.35E-+04/ 2.66E404/ 1.79E+01/ 7.64E401/
L T 42TE402(+) | 485E+02(+) | 1.20E403(+) | 6.00E+02(+) | 2.59E+01(-) | 8.53E401(-)
2.43E+04/ 3.09E-+04/ 3.09E+04/ 2.51E-+04/ 3.10E+04/ 1.87E404/ 1.84E+04/
Jaas | 6 o3E+03 5.22E402(+) | 543E402(+) | LOIE403(+) | 6.28E+02(+) | L54E+03(-) | 1.14E403(-)
3.24E+00/ 4.17E+00/ 4.27E400/ 3.68E-+00/ 4.23E+00/ 2.67E-+00/ 2.58B+00/
faas | 1m0 211B-01(+) | 215B-01(+) | 201B-01(+) | 223B-01(+) 3.42E-01(-) 3.15E-01(-)
L17E+02/ 1.98E+03/ 2.23E+03/ 1.02E+03/ 9.21B+02/ 1.02E+02/ 1.08E+02/
faat | w01 6.08E+01(+) | T.06E+01(+) | 1O3E+02(+) | 2.69E+01(+) | 9.53E-02(-) 5.25E-01(-)
7.64E-+02/ 2.12E+03/ 2.36E+03/ 1.18E+03/ 1.09E+03/ 1.67E+03/ 1.83E-+03/
fas | oo 102 6.41E401(+) | 851E401(+) | 9.28E401(+) | 3.79E+01(+) | LI5E402(+) | L15E+02(+)
2.40E+01/ 1.53E+04/ 2.59E-+04/ 1.35B+02/ 7.91E+01/ 7.09E-+00/ 6.21E+00/
faro | 3om00 3.31B403(+) | 5.16E+03(+) | 3.04E+01(+) | 3.76B+00(+) | 6.91E-01(-) 6.45E-01(-)
5.00E+01/ 5.00E-+01/ 5.00E+01/ 5.00E-+01/ 5.00E+01/ 5.00E-+01/ 5.00E-+01/
Jazo 1.35B-11 9.57E-13(=) | 6.08E-10(=) | 2.21E-07(=) | 0.00E4+00(=) | 0.00E+00(=) | 0.00E+00(=)
3.19E+02/ 4.37E+03/ 4.92E+03/ 4.03E+02/ 3.22E+02/ 3.86E+02/ 4.78E+02/
fazt |y isEvon L55B402(+) | 146E+02(+) | L70E+01(+) | 4.62B+01(+) | 5.81E+01(+) | 7.21E+01(+)
2.34E+02/ 2.79E-+04/ 2.79E+04/ 2.38E-+04/ 2.64E-+04/ 9.91E+01/ 2.19E+02/
faz2 | s6m02 5.55E402(+) | 6.03E+02(+) | L.O4E+03(+) | 6.77E+02(+) | 6.33E+01(-) | 6.59E+01(-)
2.10E-+04/ 3.20E-+04/ 3.24E+04/ 2.79E-+04/ 3.17E+04/ 2.39E-+04/ 2.38E-+04/
fas |5 oam+03 5.33E4+02(+) | 549E+02(+) | L44E+03(+) | G.04E+02(+) | 1.82E+03(+) | 1.48E403(4)
. 4.66E+02/ 5.82E-+02/ 5.94E+02/ 4.66E-+02/ 4.91E+02/ 5.92E+02/ 5.95E-+02/
e T 7H4E400(+) | T.I2E400(+) | 2.39E401(=) | 4.93E+01(+) | 9.52E+00(+) | 1.04E+01(+)
5.23E+02/ 6.81E-+02/ 6.87E+02/ 5.47E+02/ 4.94E+02/ 6.64E-+02/ 6.85E-+02/
Jazs | romto1 5.99E400(+) | 759E+00(+) | 297E401(+) | 4.19E+401(-) | 1.05E401(+) | 1.33E+01(+)
6.14E+02/ 7.07B+02/ 7.07E+02/ 5.27B+02/ 6.83E+02/ 2.22E+02/ 2.20B+02/
fazs | 4 osmron 486E+00(+) | 4.43E+00(+) | 2.38E+01(-) | 249E+01(+) | 6.33E+01(-) | 6.54E+01(-)
3.40E+03/ 4445403/ 4.46E+03/ 2.80E+03/ 3.79E+03/ 3.88E+03/ 4.09E+03/
fa2t | 6om02 6.20E+01(+) | 5.75E+01(+) | 210E+02(-) | 4.82E+02(+) | 8.86E+02(+) | 5.34E-+02(+)
4.18E+03/ 7.64E-+03/ 8.33E+03// 8.85E-+03/ 4.04E+03/ 4.68E+03/ 4.50E+03/
fa28 1 1RKF.LN2 E AR LNO( L\ QAR LNO( L) 1 ORE_LN2/( L)\ 1 1A .LNO2( ) 1 20 .LN27 L\ 1T 10K .LO2( L)\
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9, in 100D real number optimization, TSGCDE algorithm has 30 benchmark functions
better than DE/rand/1, 30 benchmark functions outperform RBDE, 20 benchmark func-
tions outperform DEGL, 1 function is similar to DEGL, 23 benchmark functions outper-
form DE/best/1, 1 function is similar to DE/best/1, 18 benchmark functions outperform
MABC, and 18 benchmark functions outperform IABC. In summary, our algorithm is
better competitive with ABC variants and DE variants.
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TABLE 7. Comparison on 30D optimization under CEC2014 test suite
with different algorithms.
TSGCDE DE/rand/1 RBDE DEGL DE/best/1 MABC TABC
i Mean/std Mean/std Mean /std Mean/std Mean/std Mean/std Mean/std
6.31E-+05/ 8.96E+07/ 1.03E+08/ 4.97TE+05/ 1.87E+07/ 7.14E+06/ 5.87E+06/
T 3.13E+06 1.66E+07(+) | 1.91E+07(+) | 9.21E+05(-) | 6.30E+06(+) | 4.87E+06(+) | 4.60E+06(+)
4.48E-02/ 1.63E+03/ 7.62E-+04/ 2.90E-14/ 2.56E-14/ 2.58E+02/ 3.52E402/
Fo2 1.12E-01 3.76B+02(+) | 1.73B4+04(+) 3.98E-15(-) 8.54E-15(-) 8.57B+02(+) | 7.33E+02(+)
6.52E-01/ 2.55E-+01/ 1.64E+02/ 5.02E-09/ 7.15E-10/ 1.82E+02/ 5.82E+02/
fos 1.36E+00 5.16B+00(+) | 2.66B+01(+) 1.95E-08(-) 4.13E-10(-) 5.49E+02(+) | 6.12E+02(+)
6.95E-00/ 1.21E+02/ 1.48E-+02/ 4.03B+01/ 6.74E-+01/ 6.28E-+01/ 3.76E-+01/
Joa 1.89E+01 5.29B400(+) | 7.02B400(+) | 3.93E+01(+) | 3.25B+401(+) | 2.53B401(+) | 3.06E-+01(+)
. 2.03E-+01/ 2.09E-+01/ 2.09E+01/ 2.08E-+01/ 2.09E+01/ 2.02E-+01/ 2.02E-+01/
Jos 3.65E-02 4.64E-02(+) 6.46E-02(+) 7.16E-02(+) 6.10E-02(+) 5.29E-02(-) 4.39E-02(-)
4.51E+00/ 3.02E-+01/ 3.09E-+01/ 6.33E--00/ 1.51E+00/ 1.35E+01/ 1.32E+01/
Joo 2.98E+00 9.51E-01(+) | 1.21E4+00(+) | 2.34E+00(+) | 1.60E+00(-) | 1.49E+00(+) | 1.56E+00(+)
5.83E-03/ 4.03E-02/ 3.99E-01/ 8.78E-03/ 4.01E-03/ 1.57E-04/ 2.85E-06/
Jor 7.93E-03 7.55E-02(+) 1.49E-01(+) 1.49E-02(+) 5.10E-03(-) 7.73E-04(-) 4.16E-06(-)
1.44E+00/ 1.20E+02/ 1.22E+02/ 4.69E-+01/ 4.71E+01// 1.23E-13/ 1.47TE-13/
Jos 1.96E+00 7.3TE4+00(+) | 6.26E+00(+) | 9.84E+00(+) | 3.15E-+01(+) 3.09E-14(-) 5.23E-14(-)
3.95B-+01/ 1.96E+02/ 1.94E+02/ 6.58B-+01/ 1.76E+02/ 4.70B+01/ 4.83B+01/
Joo 5.64E+00 L.03E+01(+) | 141E+01(+) | 1.35B401(+) | 1.14E401(+) | 7.75E-+00(+) | 6.88E+00(+)
5.12B+01/ 3.92E-+03/ 3.96E-+03/ 2.39E-+03/ 3.31E+02/ 5.18E-01/ 3.04E-01/
Joio 7.59E+01 1.86E+02(+) | 2.15E+02(+) | 5.04BE+02(+) | 4.43E-+02(+) 8.10E-01(-) 2.24E-01(-)
2.20E-+03/ 6.55E-+03/ 6.50E-+03/ 3.92E+03/ 6.36E-+03/ 1.85E+03/ 1.77E+03/
Jon 3.05E-+02 221B+402(+) | 3.00E4+02(+) | 5.56E+02(+) | 2.93E+02(+) | B3.64E+02(-) | 2.77E+02(-)
4.15E-01/ 2.02E-+00/ 2.04E+00/ 1.23E+00/ 1.99E+00/ 2.29E-01/ 2.10E-01/
Jn2 6.13E-02 2.13E-01(+) 2.48E-01(+) 1.96E-01(+) 2.58E-01(-+) 4.97E-02(-) 4.62E-02(-)
2.85E-01/ 4.97E-01/ 5.14E-01/ 2.79E-01/ 3.58E-01/ 1.72E-01/ 2.11E-01/
Jois 5.59E-02 5.71E-02(+) 5.73E-02(+) 4.69E-02(-) 5.22E-02(+) 3.33E-02(-) 3.23E-02(-)
3.43E—01/ 2487E—01/ 2A93E—01/ 2.25E—01/ 3.51E—01/ I.SOE—OI/ 1.76E—01/
Joa 1.72E-01 3.67E-02() 4.72E-02(-) 4.16E-02() 1.65E-01(+) 3.34E-02() 1.97E-02(-)
4.63E-+00/ 1.87E+01/ 1.96E+01/ 1.07E+01/ 1.63E+01/ 4.81E+00/ 4.99E+00/
Jois 7.54E-01 L21E+00(+) | 1.15E+00(+) | 2.95E400(+) | 1.14E+00(+) | 9.13E-01(+) | 6.91E-01(+)
9.77E-+00/ 1.25E+01/ 1.25E+01/ 1.14E+01/ 1.21E+01/ 9.48E+00/ 9.37E-+00/
foie 7.64E-01 1.92E-01(+) 2.11E-01(+) 3.26E-01(+) 2.82E-01(+) 3.97E-01(-) 3.80E-01(-)
4.69E-+05/ 2.37E-+06/ 2.76E+06/ 8.19E+04/ 5.85E+05/ 1.73E+06/ 1.69E-+06/
M7 | 6 60105 7.69E+05(+) | 6.81E+05(+) | 8.50E+04(-) | 3.19E+05(+) | 1.10E+06(+) | 1.08E+06(+)
' 1.76E+02/ 3.31E-+04/ 7.45E+04/ 2.99E-+02/ 8.02E-+02/ 6.37E-+03/ 3.33E-+03/
fois 1.58E+02 L75E404(+) | 3.15E404(+) | 8.72E401(+) | 3.68E402(+) | 6.57E+03(+) | 5.09E+03(+)
5.80E--00/ 1.04E+01/ 1.13E+01/ 1.21E+01/ 6.46E--00/ 7.34E-+00/ 6.71E-+00/
Joio 1.51E+00 7.47TE-01(+) 6.39E-01(+) L15E401(+) | 1.42E+00(+) 8.15E-01(+) 7.10E-01(+)
2.20E+03/ 4.49E+02/ 9.27E+02/ 9.68E-+01/ 9.20E+01/ 5.99E+03/ 7.40E+03/
Foz0 2.00E+03 9.35E+01(-) 2.71E+02(-) 2.67TE+01(-) 1.44E+01(-) 3.23E403(+) | 3.61E+03(+)
1.01E+05/ 1.95E+05/ 3.11E+05/ 1.02E+04/ 1.64E+04/ 4.12E+05/ 2.27E105/
fom L.79E+05 6.89E+04(+) | 9.86E+04(+) | 9.40E4+03(-) 7.39B+403(-) | 4.24E+05(+) | 1.73E405(+)
1.45E402/ 2.22E402/ 2.39E+02/ 1.92E+02/ 1.36E+02/ 2.67E+02/ 2.64E102/
foz2 9.33E+01 6.46E+01(+) | 6.67TE+01(+) | 6.40E+01(+) | 1.O7E+02() | 1.19E+02(+) | 1.03E+02(+)
3.15B-+02/ 3.15B+02/ 3.15E+02/ 3.15E+02/ 3.15E+02/ 3.16E-+02/ 3.15E+02/
Jozs 3.24E-08 1.04E-04(=) 2.21E-03(=) 4.41E-13(=) 4.02E-13(=) 7.82B-01(+) | 1L.61E-01(=)
2.33B-+02/ 2.09E-+02/ 2.22B+02/ 2285402/ 2.35E+02/ 2.26B-+02/ 2256402/
Joas 7.09E+00 2.69E+00(-) 2.65E-+00(-) 470E+00(-) | 5.17E+00(+) | 1.28E+00(-) | 6.20E400(-)
2.05B+02/ 2.23E+02/ 2255402/ 2.09E+02/ 2.07E+02/ 2.09E+02/ 2.08E+02/
Jozs 1.50E+00 247E+00(+) | 3.44E+00(+) | 3.08E400(+) | 2.01E+00(+) | 1.52E4+00(+) | 1.37E-+00(+)
1A00E+02/ 1.00E+02/ 1A00E+02/ 1.22E+02/ 1.00E+02/ 1.00E+02/ 1.00E+02/
Jozo 6.78F-02 4.85E-02(=) 471E-02(=) | 4.14E401(+) | 4.79E-02(=) 3.35E-02(=) | 4.56E-02(=)
4.12E+02/ 4.03E+02/ 6.87E+02/ 4.48E+02/ 3.83E102/ 4.14E102/ 4.11E+02/
Pt | sapron 421E401(-) | 7.14E401(+) | 6.88E+01(+) | 4.90E+01(-) | 5.25E400(+) | 3.91E-+00(-)
8.54E-+02/ 9.82E-+02/ 1.00E+03/ 9.63E-+02/ 8.55E-+02/ 8.70E-+02/ 8.68E-+02/
P | sopron LO4E+01(+) | 2.04E+01(+) | 1.66E+02(+) | 7.60E+01(+) | 6.15E-+01(+) | 6.65E+01(+)
1.24E403/ 1.12E+04/ 1.78E-+04/ 3.81E+05/ 1.6TE-+05/ 1.67E+03/ 1.20E+03/
fozs 3.91E+02 2.70BE+03(+) | 3.83E+03(+) | 1.91E+06(+) | LISE+06(+) | 5.04E+02(+) | 2.77E+02(+)
' 2.29E+03/ 5.71E-+03/ 8.14E-+03/ 2.06E-+03/ 1.89E-+03/ 4.06E+03/ 2.88E+03/
Joao 1.03E-+03 LO9E+03(+) | 1.10E+03(+) | 5.82E-+02(-) 6.90E402(-) | 1.61E403(+) | 8.45E+02(+)
t/=/- 24/2/4 25/2/3 19/1/10 19/2/9 19/1/10 17/2/11
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TABLE 8. Comparison on 50D optimization under CEC2014 test suite
with different algorithms.
TSGCDE DE/rand/1 RBDE DEGL DE/bost/1 MABC TABC
i Mean/std Mean/std Mean/std Mean/std Mean/std Mean/std Mean/std
6.20E+05/ 3.80E-+08/ 4.40E+08/ 1.87E+06/ 9.41E+07/ 1.67E+07/ 1.29E+07/
fur 2.27E+06 5.87TBE+07(+) | 6.02B+07(+) | 7.31E+05(+) | 2.63E+07(+) | 7.11E+06(+) | 4.37E+06(+)
5.58E-+03/ 2.82E-+08/ 8.30E+08/ 4236403/ 2.22E403/ 7.16E+03/ 5.36E-+03/
Jeo 6.36E-+03 TASE+07(+) | L52B+08(+) | 5.18E+03(-) | 2.79E+03(-) | 9.11E+03(+) | 7.20E+03(-)
5.11E+03/ 9.11E-+04/ 1.03E+05/ 6.79E-+03/ 3.34E+04/ 9.71E+03/ 7.72E+03/
foa 2.86E-+03 9.67TE+03(+) | 8.36E403(+) | 2.95E403(+) | 5.15E+03(+) | 3.65E403(+) | 2.95E-+03(+)
. 8.64E+01/ 2.01E+02/ 3.27E+02/ 9.64E-+01/ 9.46E-+01/ 9.90E+01/ 8.70E-+01/
Toa 1.95E+01 2.16E+01(+) | 2.80B+401(+) | 410E+01(+) | 1L.O5E+01(+) | 1L52E401(+) | 2.20B+01(+)
2.05E+01/ 2.11E+01/ 2.11E+01/ 2.10E+01/ 2.11E+01/ 2.03E+01/ 2.03E-+01/
Tos 3.13E-02 3.26E-02(+) | 3.83B-02(+) | 5.93E-02(+) | 4.37E-02(+) 4.08E-02(-) 4.74E-02(-)
1.87E+01/ 6.08E-+01/ 6.19E+01/ 2.10E+01/ 4.13E+00/ 2.95E+01/ 2.91E+01/
fus 7.65E+00 L75E+00(+) | 175B+00(+) | 3.45B+00(+) | 2.52E+00(-) | 2.71E+00(+) | 2.57E+00(+)
5.20E-03/ 1.10E+00/ 1.99E+00/ 1.32E-02/ 1.50E-03/ 6.47E-03/ 2.60E-03/
for 5.76E-03 1.626-02(+) | 1.39B-01(+) 1.55E-02(+) 3.35E-03(-) 6.91E-03(+) | 2.28E-03(-)
2.30E+00/ 2.97E+02/ 3.01E+02/ 1.05E+02/ 2.42E+02/ 4.28E-13/ 4.39E-13/
fus 3.01E+00 L60E+01(+) | 116E+01(+) | 2.52B+01(+) | 2.53B+401(+) | 4.87E-14(-) 5.58E-14(-)
L11E+02/ 4.32E+02/ 4.37E+02/ 1.69E+02/ 3.87E-+02/ 1.16E+02/ 1.18E+02/
Tro 1.46E+01 LATE401(+) | 142B401(+) | 2.83E+01(+) | 1.65E+01(+) | 1.81E+01(+) | 1.45E401(+)
7.88E-+01/ 9.64E-+03/ 9.72E+03/ 6.77E-+03/ 7.19E+03/ 2.63E-+00/ 5.50E-+00/
Too | om0 2.92E402(+) | 3.29E402(+) | 5.99E+02(+) | 1.63E403(+) | 2.30E+00(-) | 1.84E400(-)
5.72E+03/ 1.31E+04/ 1.32E+04/ 9.05E-+03/ 1.29E+04/ 4.42E+03/ 4.14E+03/
T |5 spr02 4.05B+02(+) | 3.50B402(+) | 8.15B402(+) | 4.49B+02(+) | 5.18E+02(-) | 3.62E402(-)
5.79E-01/ 3.32E-+00/ 3.20E+00/ 2.09E-+00/ 3.23E-+00/ 2.85E-01/ 2.71E-01/
forz 6.27E-02 292E-01(+) | 279E-01(+) | B.06E-01(+) | 284E-01(+) 5.326-02(-) 4.42E-02()
4.25E-01/ 7.08E-01/ 7.24E-01/ 4.87E-01/ 5.57E-01/ 2.53E-01/ 3.22E-01/
furs 7.14E-02 6.70E-02(+) | 5.56E-02(+) | 7.70E-02(+) | 6.63E-02(+) 3.66B-02(-) 3.70E-02(-)
451E-01/ 4.20E-01/ 4.22E-01/ 3.13E-01/ 4.73E-01/ 2.42E-01/ 2.43E-01/
foa 2.33E-01 1.20E-01() 8.80E-02(-) 3.76E-02(-) 2.70E-01(+) 3.03E-02(-) 2.41E-02(-)
1.28E+01/ 7.20E+01/ 1.67E+02/ 3.62E-+01/ 3.46E-+01/ 1.22E+01/ 1.39E+01/
s | om 100 848E+00(+) | 321E401(+) | 7A4TE400(+) | 1.67E+00(+) | 159E+00(-) | 1.80E+00(+)
1.88E+01/ 2.24E+01/ 2.24E+401/ 2.11E+01/ 2.21E+01/ 1.79E+01/ 1.79E+01/
fo 7.85E-01 207E-01(+) | 222E-01(+) | B391E-01(+) | 2.15E-01(+) 3.92E-01(-) 3.44E-01(-)
1.49E+06/ L9TE+07/ 2.31E+07/ 5.36E-+05/ 6.34E-+06/ 5.60E-+06/ 3.75E-+06/
Tt | ek 06 4.95E406(4) | 4.35E406(+) | 4T4E+05() | 1.98E406(+) | 2.72E+06(+) | 2.12E+06(+)
1.46E+03/ 1.64E+05/ 3.97E+05/ 1.15E+03/ 2.00E+03/ 1.75E+03/ 2.13E+03/
s | op o3 6.69E+04(+) | 1.33E405(+) | 1.02E+03(-) | 1.39E+03(+) | 1L.60E+03(+) | 1.35E+03(+)
1.74E+01/ 3.13E+01/ 4.03E+01/ 3.66E-+01/ 1.49E+01/ 2.65E-+01/ 2.00E-+01/
Mo | oomsor 2.50E+00(+) | 3.70B+400(+) | 2.72B+401(+) | 1.81E+00(-) | 8.50E+00(+) | 5.27E+00(+)
1.66E-+04/ 2.99E-+04/ 3.85E+04/ 1.69E+03/ 9.12E+03/ 2.97E-+04/ 2.66E-+04/
o0 | g a0 6.90E+03(+) | 8.22E+03(+) | 1.00E+03(-) | 3.42E+03() | 9.79E+03(+) | 9.46E+03(+)
1.12E+06/ 8.88E-+06/ 9.42E406/ 3.37E-+05/ 2.52E-+06/ 3.28E-+06/ 2.53E-+06/
fom 2.32E-+06 2.22E406(+) | 2.12E+06(+) | 1.86E+05(-) | 1.21E+06(+) | 2.18E+06(+) | 1.32E-+06(+)
6.89E+02/ 1.33E+03/ 1.37E+03/ 6.59E-+02/ 1.23E+03/ 8.38E-+02/ 7.55E+02/
fozz 1.81E+02 L7TIE+02(4) | 1.63E4+02(4) | 1.77E+02(-) | L93E+02(+) | 2.28E+02(+) | L67E+02(+)
3.44E+02/ 3.44E+02/ 3.44E+02/ 3.44E+02/ 3.44E+02/ 3.47E+02/ 3.46E-+02/
feas 2.00E-08 1.05E-02(=) | 3.60E-02(=) | 4.37E-13(=) | 4.59E-13(=) | 2.73E+00(+) | 1.96E-+00(+)
2.80E+02/ 2.90E-+02/ 2.99E+02/ 2.79E+02/ 2.70E+02/ 2.64E-+02/ 2.58E-+02/
Td |5 orp 00 L84E+00(+) | L87E+00(+) | 5.99E+00(-) | 3.16E+00(-) | 3.98E+00(-) | 6.39E-01(-)
2.12E+02/ 2.82E-+02/ 2. 87E-+02/ 2.22E+02/ 2236402/ 2.18E+02/ 2.17E-+02/
725 | simt00 8.23E400(+) | 8.48E+00(+) | 8.44E+00(+) | 7.62E+00(+) | 2.02E+00(+) | 1.61E+00(+)
1.23B+02/ 1.01E+02/ 1.01E+02/ 1.75E+02/ 140E+02/ 1.00E+02/ 1.00E+02/
Joo | 6 o yon 5.50E-02(-) 6.52E-02(-) 4.39E+01(+) | 6.08E4+01(+) 5.93E-02(-) 6.28E-02(-)
7.23E+02/ 1.61E+03/ 1.69E+03/ 9.01E+02/ 4.60E-+02/ 1.07E+03/ 1.09E+03/
om0 ATTE+01(+) | 3.75B+401(+) | 1.07E402(+) | 6.12E+01(-) | 2.03E402(+) | 1.83E+02(+)
1.27E+03/ 1.56E+03/ 1.60E+03/ 1.76E+03/ 1.19E+03/ 1.34E+03/ 1.35E+03/
Tos | om0 3.52E401(+) | 581E401(+) | 430E+02(+) | L75E+02(-) | 1.54E+02(+) | 5.27E+01(+)
, 1.41E+03/ 2.00E-+05/ 3.32E405/ 1.26E+03/ 1.78E+04/ 1.40E+04/ 1.80E+03/
o |5 erp02 6.13E404(+) | 7T.80E404(+) | 3.42E402(-) | 1.55E404(+) | 1.47E+04(1) | 4.07E+02(+)
1.05E-+04/ 4.90E+04/ 7.53E-+04/ 1.20E+04/ 9.33E-+03/ 1.19E+04/ 1.06E+04/
o0 | im0 L31E+04(+) | L65E+04(+) | 1.20E403(+) | 7.87E402(-) | 2.13E+03(+) | 8.91E402(+)
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TABLE 9. Comparison on 100D optimization under CEC2014 test suite
with different algorithms.
TSGCDE DE/rand/T RBDE DEGL DE/best/1 MABC TABC
i Mean/std Mean/std Mean/std Mean/std Mean/std Mean/std Mean/std
1.03E+07/ 2.92E-+09/ 3.08E+09/ 2.20E+07/ 7.57TE-+08/ 1.11E+08/ 9.35E+07/
Tn 2.956+07 3.34B+08(+) | 2.64B+08(+) | 8.99E+06(+) | 1.94E+08(+) | 4.00E+07(+) | 215B+07(+)
2.23FE+04/ 2.55E+10/ 3.35B+10/ 1.78E+04/ 2.76E-+04/ 2.02E-+04/ 1.51E+04/
T2 2.99F+04 2.31E409(+) | 2.07E+09(+) | 1.69E+04(-) | 3.61E+04(+) | 2.10E+04(-) | 1.98E404(-)
1.37E+04/ 3.38E-+05/ 3.67E+05/ 7.01E-+04/ 1.98E+05/ 2.06E-+04/ 2.20E+04/
Tis 4.86E+03 L8AB+04(+) | 2.07B+04(+) | 1.60B+04(+) | 2.35B+04(+) | 6.26B+03(+) | 4.96B+03(+)
. 2.12E+02/ 3.10E+03/ 3.96E+03/ 3.07E-+02/ 2.18E-+02/ 2.49E+02/ 2436402/
T 4.40B+01 2.7TE+02(+) | 3.0TE+02(+) | 5.67E+01(+) | 3.12E+01(+) | 2.95B401(+) | 3.40B+01(+)
2.05E+01/ 2.13E-+01/ 2.13E+01/ 2.13E+01/ 2.13E+01/ 2.06E-+01/ 2.06E-+01/
Tos 3.49E-01 2.82E-02(+) 2.75E-02(+) 3.06E-02(+) 2.71E-02(+) 4.14E-02(+) | 3.99E-02(+)
6.13E+01/ 1.46B+02/ 1.48E+02/ 7.53E-+01/ 2.48E+01/ 8.36E-+01/ 8.06E-+01/
Tos 1.37E+01 2.53E-+00(+) | 2.18E+00(+) | 5.22E+00(+) | 6.36E+00(-) | 4.38E+00(+) | 3.63E4+00(+)
1.82E-02/ 1.67E+02/ 2.27E+02/ 1.55E-02/ 9.99E-04/ 1.63E-02/ 1.48E-02/
for 9.51E-03 1.09E+01(4) | 1.47E+01(+) 4.26E-02(-) 2.09E-03(-) 1.05E-02(-) 8.38E-03(-)
1.20E+01/ 8.50E-+02/ 8.58E+02/ 3.24E+02/ 7.36E-+02/ 7.80E-02/ 3.88E-02/
Tos L71E+01 L59E+01(+) | 2.16B+01(+) | 4.82B+01(+) | 3.36B+401(+) | 2.70B-01(-) 1.27E-01(-)
3.73E+02/ 1.09E+03/ 1.10E+03/ 4.61E+02/ 9.70E+02/ 4.50E+02/ 4.54E+02/
Too 7.07B+01 221B401(+) | 298B+01(+) | 1.03E+02(+) | 3.33B4+01(+) | 4.90E4+01(+) | 3.93E-+01(+)
1.78E+02/ 2.56E-+04/ 2.56E-+04/ 1.96E+04/ 2.40E+04/ 1.36E+01/ 2.53E+01/
oo | orB02 4.16B+02(+) | 4.30B+02(+) | 1.28E403(+) | 9.97E+02(+) | 3.22B+01(-) | 1.78E401(-)
1.70E+04/ 3.05E-+04/ 3.05B+04/ 2.34E-+04/ 3.06E-+04/ 1.31E+04/ 1.23E+04/
il ser0s 5.36E402(+) | 6.65E+02(+) | 1.29E403(+) | 6.01E+02(+) | 1L1IE+03(-) | 8.80E402(-)
1.03E+00/ 4.19E-+00/ 4.27E+00/ 3.14E-+00/ 4.23E+00/ 5.49E-01/ 5.28E-01/
fo2 9.97E-02 2.03E-01(+) | 2.14E-01(4) | 2.40E-01(+) 1.97E-01(+) 7.11E-02(-) 5.37E-02(-)
5.55E-01/ 9.76E-01/ 1.02E400/ 5.60E-01/ 7.40E-01/ 3.84E-01/ 4.09E-01/
fns 6.32E-02 7.82B-02(+) | 9.09E-02(+) | 5.73E-02(+) | T.06E-02(+) 4.25B-02(-) 3.28E-02(-)
1.37E-01/ 111E+02/ 1.16E+02/ 1.60E-01/ 2.67E-01/ 1.40E-01/ 1.38E-01/
foa 1.56E-02 7.05E400(+) | 6.66E+00(+) | 1.69E-02(+) | 6.73E-02(+) LO4E-02(+) | 1.23F-02(+)
6.37E+01/ 1.31E+05/ 2.56E-+05/ 1.40E+02/ 8.49E+01/ 4.63E+01/ 4.61E+01/
s | 5 ssmr01 355B404(+) | 6.24B404(+) | 3.20E401(+) | 2.82E+00(+) | 5.17E+00(-) | 5.77E400(-)
4.27B+401/ 4.68E-+01/ 4.68E+01/ 451E401/ 4.67E+01/ 4.08E+01/ 4.08E+01/
s | ormio00 228E-01(+) | 295F-01(+) | 4.36E-01(+) | 2.94F-01(+) 5.03E-01(-) 441E-01(-)
3.39E+06/ 2.36E-+08/ 2.42E+08/ 3.16E-+06/ 7.56E-+07/ 2.69E-+07/ 2.20E+07/
M7l o406 3.20E407(4) | 4.49E407(+) | 1.I3E+06(-) | 1.67E+07(+) | LOIE+07(+) | 8.18E+06(+)
2.26E+03/ 3.11E-+06/ 1.82E+07/ 1.61E+03/ 3.52E+03/ 4.17E+03/ 2.40E+03/
s |5 som+03 2.91E+06(+) | 1.03E+07(+) | 1.50E+03(-) | 3.45E+03(+) | 4.00E+03(+) | 2.43E+03(+)
1.04E+02/ 1.43B+02/ 1.65E+02/ 1.21E+02/ 1.02E+02/ 1.06E+02/ 9.35E-+01/
Mo | spron 273B400(+) | 6.76E+00(+) | 3.38E+01(+) | 5.35E+00(-) | 1.02E401(+) | 1.48E401(-)
4.62E+04/ 1.90E+05/ 2.17E+05/ 2.57E-+04/ 8.07E+04/ 1.02E+05/ 9.98E-+04/
oo | o 2.81E+04(+) | 3.83E+04(+) | 9.37E+03() | 2.35E+04(+) | 2.13E+04(+) | 1.79E+04(+)
6.43E+06/ 1.04E+08/ 112E+08/ 3.09E-+06/ 3.52E+07/ 1.77E+07/ 1.62E+07/
T | imror L8AE+07(+) | 2.07E+07(+) | 1.35E406(-) | 1.06E+07(+) | 9.18E+06(+) | 5.66E-+06(+)
2.35E+03/ 4.50E+03/ 4.54E+03/ 2.18E+03/ 4.34E+03/ 2.57E+03/ 2.37E+03/
T2 | s oo 2.56E+02(+) | 253E+02(+) | 4.12E+02(-) | 255E+02(+) | 3.69E+02(+) | 2.92E+02(+)
3.48E+02/ 4.08E+02/ 4.33E+02/ 3.48E+02/ 3.48E+02/ 3.58E-+02/ 3.50E-+02/
fras 7.84F-03 453E400(+) | 6.16E4+00(+) | 4.32E-04(-) 4.09E-02(+) | 5.20E+00(+) | 6.22B-01(+)
4.19E+402/ 5.95E-+02/ 6.255+02/ 4.10E+02/ 3.86E+02/ 3.65E-+02/ 3.56E-+02/
fa | g 43mr00 7.09E+00(+) | L.02E+01(+) | 1.22E+01(-) | 4.82E+00(-) | 1.67E+00(-) | 8.40E-01(-)
2.57E+02/ 6.20E-+02/ 6.50E+02/ 2.58E-+02/ 3.32E+02/ 2.66E-+02/ 2.60E-+02/
s | somron 2.83E+01(+) | 2.70B+01(+) | 183E+01(+) | 3.18E+01(+) | 6.52B+00(+) | 4.17E+00(+)
1.95B4+02/ 4.51B+02/ 4756402/ 2.00B-+02/ 2.63E-+02/ 1.67E+02/ 1.74E+02/
oo | semyon L1IE+02(4) | 9.14E+01(+) | 148E-01(+) | 2.97E+01(+) | 5.40E+01(-) | 4.99E401(-)
1.72E+03/ 3.67E-+03/ 3.76E+03/ 2.19E+03/ 8.87E+02/ 2.21E+03/ 225603/
o | repi0 6.6TE+01(+) | 5.94B+401(+) | 217E+02(+) | 1.44E+402(-) | 549E402(+) | 4.26E+02(+)
3.14E+03/ 3.51E+03/ 3.62E+03/ 4.87E+03/ 2.31E+03/ 2.93E+03/ 3.33E-+03/
fios | 6 ssm02 9.14E401(+) | 2.17E402(+) | 1.02E403(+) | 3.10E+02(-) | 4.37E+02(-) | 6.12E+02(+)
2.11E+03/ 8.12E+05/ 1.86E+06/ 1.89E+03/ 1.96E+04/ 3.08E-+04/ 3.55E+03/
o | o sp 0 211E405(+) | 3.77E+05(+) | 4.06E+02(-) | S.7TIE+03(+) | 1.85E+04(+) | 8.93E-+02(+)
1.16E+04/ 2.20E-+06/ 3.77E+06/ 1.26E+04/ 1.31E+04/ 7.94E+04/ 5.79E-+04/
fiso | 6 osEr03 4.13E405(+) | 6.75E405(+) | 3.36E+03(+) | 4.56E+03(+) | 2.31E+04(+) | 1.61E+04(+)
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4.4. Analysis of Convergence Rate. The convergence ability of TSGCDE algorithm
is evaluated in this paper, compare the convergence curves of representative benchmark
functions selected from the CEC2013 test set and CEC2014 test set, respectively, and set
the dimension to 30D, as shown in Figure 1-4, respectively. In the CEC2013 test set, uni-
modal functions: fa2, fa4, basic multimodal functions: fa6, fa7, fa9, fal0, fal2, fal3, fal8,
fa20, composition functions: fa23, fa24, fa25, fa28. In the CEC2014 test set, unimodal
function: fbl, simple multimodal function: fb4, tb9, fb15, hybrid functions: fb17, fb18,
fb19, tb21, tb22, composition function: tb25, th27, fb28, tb29, tb30. From Figure 1-2, we
can see that the convergence ability of functions fa2, fa4, fa9, fal2, fal3, fal8, fa20, and
fa23 is more competitive than other algorithms, and the convergence speed in function
fa28 is similar to the other functions. As can be seen in Figure 3-4, the convergence speed
in functions fb1, fb4, fb17, tb18, tb21, and fb22 is much better than the other algorithms,
and the convergence speed in functions b9, fb15, tb19, th25, fb27, tb28, th29 and th30
is slightly better than the other algorithms. Overall, our TSGCDE algorithm achieves
the best results compared to the other algorithms and it is still competitive in terms of
convergence speed.
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FiGURE 4. Comparison of convergence curves of benchmark functions for
the CEC2014 test set (b)

5. Conclusions. The development of intelligent optimization algorithms has shown a
major trend of linear soaring in recent years, and a large number of intelligent algorithms
inspired by biology have been studied [33, 34], the DE algorithm has attracted the at-
tention of many researchers because of its simplicity, high efficiency, and possession of
powerful search capability. As a simple and efficient global optimization algorithm, DE
possesses powerful search ability and optimization capability, but it still cannot avoid
the phenomenon of search stagnation and premature convergence for some specific op-
timization problems. The population of DE algorithm is too homogeneous, and this
paper proposes Two-stage guided constraint differential evolution algorithm to improve
the traditional DE /best/1. Dividing the population into two stages for the optimal search
increases the diversity of the population. The optimal solutions are searched in differ-
ent directions in the two-stage population, and the optimal solutions generated by the
two-stage population and the guided solutions are guided constraint to each other, which
makes the DE more easily to jump out of the local optimum. The performance of TS-
GCDE is verified on CEC2013 and CEC2014 test sets, and the proposed algorithm is
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compared with ABC variant, traditional DE algorithm and its variants. Experimental
results show that this algorithm has a good competitive advantage in basic performance.
In subsequent studies, a deeper experiment using TSGCDE in conjunction with some
practical problems will be considered.
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