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Abstract: Artificial bee colony (ABC) algorithm, a novel category of bionic intelligent optimization
algorithm, was achieved for solving complex nonlinear optimization problems. Previous studies
have shown that ABC algorithm is competitive to other biological-inspired optimization algorithms,
but there still exist several insufficiencies due to the inefficient solution search equation (SSE), which
does well in exploration but poorly in exploitation. To improve accuracy of the solutions, this paper
proposes a modified ABC algorithm based on the self-learning mechanism (SLABC) with five SSEs as
the candidate operator pool; among them, one is good at exploration and two of them are good at
exploitation; another SSE intends to balance exploration and exploitation; moreover, the last SSE with
Lévy flight step-size which can generate smaller step-size with high frequency and bigger step-size
occasionally not only can balance exploration and exploitation but also possesses the ability to escape
from the local optimum. This paper proposes a simple self-learning mechanism, wherein the SSE is
selected according to the previous success ratio in generating promising solutions at each iteration.
Experiments on a set of 9 benchmark functions are carried out with the purpose of evaluating the
performance of the proposed method. The experimental results illustrated that the SLABC algorithm
achieves significant improvement compared with other competitive algorithms.

Keywords: artificial bee colony algorithm; swarm intelligence; self-learning; solution search equation

1. Introduction

In recent years, swarm intelligence algorithms have received a wide spread attention. The artificial
bee colony (ABC) algorithm is a relatively new approach that was proposed by Karaboga [1,2],
motivated by the collective foraging behavior of honey bees. In the process of foraging, the bees need
to find the place of food source with the highest nectar amount. In ABC system, artificial bees search in
the given search space and the food sources represent possible solutions for the optimisation problems.
The bees update the candidate solutions by means of solution search equation (SSE) and if the new
solution is better than the previous one in their memory, they memorize the new position and forget the
previous one. Due to its simplicity and ease of implementation, the ABC algorithm has captured much
attention and has been applied successfully to a variety of fields, such as classification and function
approximation [3], feature selection [4], inverse modelling of a solar collector [5], electric power system
optimization [6], multi-objective optimisation [7], complex network optimization [8], transportation
energy demand [9], large-scale service composition for cloud manufacturing [10], job-shop scheduling
problem with no-wait constraint [11], respiratory disease detection from medical images [12].

Although the ABC algorithm has been widely used in different fields, some researchers have
also pointed out that the ABC algorithm suffers from low solution accuracy and poor convergence
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performance. To solve the optimization problem, the intelligent optimization algorithm should
combine global search methods, used to locate the potential optimal regions, with local search
methods, used to fine-tune the candidate solutions, to balance exploration and exploitation process.
However, exploration strategies and exploitation strategies contradict each other and to achieve good
performance, they should be well balanced. While the SSE of ABC, which is used to generate new
candidate solutions based on the information of the present solutions, does well in exploration but
poorly in exploitation, which results in the poor convergence rate. Thus, many related and improved
ABC algorithms have been proposed [13-16].

Inspired by a operator of global best (gbest) solution in particle swarm optimization (PSO)
algorithm [17], Zhu and Kwong proposed a modified ABC algorithm called gbest-guided ABC (GABC)
algorithm to improve the exploitation [18]; the gbest term in the modified SSE can drive the new
candidate solution towards the global best solution. Although the GABC algorithm accelerated the
convergence rate, the exploration performance decreased. Therefore, how to balance exploration and
exploitation has become the main goal in the ABC research. Inspired by differential evolution [19],
Gao and Liu introduced a new initialization approach and proposed an improved SSE which is
based on that the bee searches only around the best solution of the previous iteration to improve the
exploitation; by hybridizing the original SSE and the improved SSE with the fixed selective probability,
the new search mechanism obtains better performance [20]. After that, based on the two SSEs, Gao
and Liu proposed the modified ABC (MABC) algorithm which excludes the onlooker and scout
bee stage. In MABC, a selective probability was introduced to balance exploration of the original
SSE and exploitation of the improved SSE [21]; if the new candidate solution obtained using the
improved SSE is worse than the original one, the bee uses the original SSE to generate a new candidate
solution with a certain probability. To well balance exploration and exploitation, Akay and Karaboga
constructed an adaptive scaling factor (SF) which regulates the range of parameter in SSE by using
Rechenberg’s 1/5 mutation rule; a smaller SF makes the candidate solution fine-tuned with a small
steps while causing slow convergence rate and the bigger SF speeds up the search, but it reduces the
exploitation performance [22]. In the original SSE in ABC algorithm, since the guidance of the last
two term may be in opposite directions, it may cause an oscillation phenomenon. To overcome the
oscillation phenomenon, Gao et al. presented a new SSE with two different candidate solutions selected
from the solution space; moreover, an orthogonal learning strategy was developed to discover more
effective information from the search experiences and to get more promising and efficient candidate
solutions [23]. When the candidate solutions converge to the similar points, the SSE can cause a
stagnation behavior during the search process, that means the value of the new candidate solution is
the same with the value of the current solution. To overcome stagnation behavior of the algorithm,
Babaoglu proposed a novel algorithm called distABC algorithm based on the distributed solution
update rule, which uses the mean and standard deviation of the selected two solution to obtain a new
candidate solution [24].

The above methods have achieved some progress, but there still exist some problems. The GABC
algorithm improved the exploitation, but the exploration decreased. Even though MABC algorithm
used two SSEs to balance exploration and exploitation, the selection mechanism and the fixed selective
probability cannot adapt to the changing environment. Moreover, when the global best solution
trapped in local optimum, GABC and MABC algorithm cannot escape from the local optimum
effectively. The distABC algorithm overcame stagnation behavior, but distABC does poorly in
exploitation. For population-based optimization methods, it is desirable to encourage the individuals
to wander through the entire search space at the initial phase of the optimization; on the other hand, it
is very important to fine-tune the candidate solutions in the succeeding phases of the optimization [25].
However, one SSE of original ABC algorithm cannot balance two aspects. Therefore, this paper
proposes an achievable ABC algorithm which uses five SSEs as the candidate operator pool. The same
with the SSE in ABC algorithm, the first SSE uses a solution selected randomly from the population to
maintain population diversity and it emphasizes the exploration. Inspired by the PSO algorithm, the
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second SSE takes advantage of the information of the global best solution to guide the new candidate
solution towards the global best solution. Therefore, the second SSE can improve the exploitation.
To achieve good performance, the third SSE combines the above two SSEs which means that a
randomly selected solution and the global best solution are all used in the SSE to balance exploration
and exploitation. It seems that the global optimal solution is most likely around the best solution of the
previous iteration. Therefore, the fourth SSE is the same with the one proposed in MABC algorithm
which is based on that the bee searches only around the best solution of the previous iteration to
improve the exploitation. When the candidate solutions trapped in local optimum, the above SSEs
cannot escape from the local optimum effectively. To solve such problem, this paper proposes a
novel SSE with Lévy flight step-size which can generate smaller step-size with high frequency and
bigger step-size occasionally. The fifth SSE cannot only balance exploration and exploitation but also
escape from the local optimum effectively. The five SSEs have both advantages and disadvantages
and in order to make full use of the advantages of each SSE, this paper proposes a simple self-learning
mechanism, wherein the SSE is selected according to the previous success ratio in generating promising
solutions at each iteration. The SSE with a high success ratio means that the SSE can generate a better
candidate solution with a large probability. Therefore, the self-learning mechanism cannot only select
the appropriate SSE to generate new candidate solution but also adapt to the changing environment.

The following sections are organized as follows. Section 2 outlines the reviews of the classical ABC
algorithm. Section 3 introduces the proposed self-learning mechanism (SLABC) algorithm. In Section 4,
experiments are carried out to verify the effectiveness of SLABC algorithm based on nine benchmark
functions in terms of t-test. Section 5 presents and discusses the experimental results. Finally, the
conclusion is drawn in Section 6.

2. Classical ABC Algorithm

In the ABC algorithm, the colony of artificial bees contains three groups of bees: employed bees,
onlooker bees and scouts bees [2]. Half of the colony consists of the employed bees, and another half
consists of the onlooker bees. The scouts bees are transmuted from the inactive employed bees and
then abandon their food source to search a new food source. Employed bees explore the food source in
the search space and pass the food information to onlooker bees. Onlooker bees select the good food
sources from those found by employed bees and further search the foods around the selected food
source. The positions of the food sources are initialized in the search space and food sources present
possible solutions for the optimization problem. There are SN solutions, where SN denotes the size of
employed bees or onlooker bees. Suppose x; = {x;1,X;2,...,X; p } is the position of the ith solution and
D is the number of dimension to be optimized. The flow of ABC algorithm is shown as follows.

2.1. Employed Bee Stage

At this stage, each employed bee search around the given solution x; and let v; = x;. In the update
process, the new candidate solution v; = {v;1,7;2,...,v; p } is produced by using SSE as follows:

i = Xij+ @i (i — Xg ) 1

where k € {1,2,..,SN} and j € {1,2,..., D} are randomly chosen indexes; k has to be different from i;
¢; j is a random number in the range [—1,1]. Then, a greedy selection mechanism is applied between
x; and v; to select a better solution. After all the employed bees complete their searches, they share the
solution information to the onlooker bees.
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2.2. Onlooker Bee Stage

According to the fitness value of each solution, onlooker bees calculate the probability value P;
associated with that solution,
fit;

LN fit;
where fit; is the fitness value of solution i and SN is the number of solutions. Based on P; and roulette
wheel selection method, an onlooker bee selects one solution to update. After selecting the solution x;,
the onlooker bee update it by using Equation (1) and the greedy selection mechanism is also used to
select a better solution. At this stage, only the selected solution can be updated and the better solutions
may be updated many times.

P =

@

2.3. Scouts Bee Stage

If a solution cannot be improved further at least limit times, this solution is assumed to be
abandoned and a new solution will be produced randomly in the search space to replace the abandoned
one. This operation can be defined as follows:

Xij = Xmin,j + 1and(0, 1) (Xpax,j — Xmin,j) 3)

3. SLABC Algorithm

To improve the performance, the SLABC algorithm uses five SSEs as the candidate operator pool.
One of the SSEs with Lévy flight step-size cannot only balance exploration and exploitation but also
avoid trapping in the local optimum. This section first introduces the Lévy flight in detail.

3.1. Lévy Flight Step-Size

A Lévy flight is a random walk and the step-size satisfies a probability distribution which can be
expressed as follows [26]:
P(s)=s" 4)

where s is the step-size with 1<A < 3. Lévy flight can generate smaller step-size with high frequency
and generate larger step-size occasionally. In the search process, the bee with a large step-size can
reach anywhere of the entire search space to locate the potential optimal solution; when the bees are
trapped in the local optimum, the large step-size can make the bees escape from the local optimum.
The bees with a small step-size tend to fine-tune the current solution to obtain the optimal solution.
The foraging behaviors of many creatures in nature satisfy Lévy flight, such as albatrosses’ foraging
flight trajectory [27,28] and drosophilas’ intermittent foraging flight trajectory [29]. Viswanathan et al.
suggest that Lévy flight is an optimal search strategy when the target sites are sparse and distributed
randomly [26].
This paper uses the method proposed by [30] to calculate Lévy flight step-size:

u

= ©)

where B € [0.3,1.99], u and v are two normal stochastic variables with standard deviation ¢, and o3,

u ~ N(0,02), v ~ N(0,02) (6)

_ [ Ta+p)sin(mp/2) VP
Uu—{r } , oy=1 (7)

(14 ) /2121725
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where the notation I'(z) is gamma function. If the real part of the complex number z is positive
(Re(z) > 0), then the integral

I'(z) = / e ¥dx 8)
0
converges absolutely.
As shown in Figure 1, Lévy flight with a mix of large step-size and small step-size can balance

exploration and exploitation. Therefore, SLABC introduces Lévy flight step-size to the modified SSEs
to improve the performance.

80

-150 -100 -50 0 50

Figure 1. An example of 1000 steps of a Lévy flight in two dimensions. The origin of the motion is at
[0,0], the step-size is generated according to Equation (5) with B = 1.5 and the angular direction is
uniformly distributed.

3.2. The Modified Solution Search Equations

To solve the optimization problem, the intelligent optimization algorithm should combine
global search methods with local search methods to balance exploration and exploitation.
However, exploration strategies and exploitation strategies contradict each other and one SSE in ABC
algorithm cannot balance two aspects. Therefore, this paper proposes an achievable ABC algorithm
which uses five SSEs as the candidate operator pool.

Following the classical ABC algorithm, SLABC employs the original SSE as the first search
equations to improve exploration of SLABC algorithm.

i = xij +c1(xij — X1,/) )

whererl € {1,2,..,SN}and j € {1,2,.., D} are randomly chosen indexes; r1 is different with 7; ¢1 is a
random number in the range [—1.0,1.0].
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To improve exploitation, the second SSE introduces the global best solution to guide the new
candidate solutions towards the global best solution.

0ij = Xjj + c2(Xgpest — Xij) (10)

where xgp.; is the global best solution. Generally speaking, there may be a better solution around the
global best solution; therefore, we set random number c; in the range [0.75, 1.25].

The Equation (9) is good at exploration and Equation (10) is good at exploitation, therefore to well
balance exploration and exploitation, the third SSE combine the two equations as follows.

i = Xij + c3(Xij — Xr2,7) + Ca(Xgpest — Xij) (1)

where 12 € {1,2,..., SN} are randomly chosen indexes and r2 is different with i; c3 € [-0.5,0.5] and
¢4 € [0.5,1.5] are random numbers.

It seems that the global optimal solution is most likely around the best solution of the previous
iteration. Therefore, the fourth SSE is the same with the one proposed in MABC algorithm which
is based on that the bee searches only around the best solution of the previous iteration to improve
the exploitation.

Vij = Xghest + €5(X;3,j — Xr4,j) (12)

where 73 and r4 are mutually different random integer indices selected from {1,2, ..., SN } ; C5is a
random number in the range [—0.5,0.5].

Because the above four SSEs are based on the current solutions, when the present solutions
converge to the similar point or are trapped in local optimum, the above SSEs cannot escape from
the local minimum effectively. Therefore, this paper introduces Lévy flight step-size to the last SSE to
solve this problem.

vij =xjj+s (13)

where s is the Lévy flight step-size which can be calculated in Equation (5).

Different from the GABC, MABC algorithm, the range of the weight c3, cy4, ¢5 in Equations (11)
and (12) with the gp.; term are all reduced and the interval length are set to 1. Therefore, the new
generated candidate solution can be in a smaller range and the accuracy of the solution will be
improved. Moreover, to make the candidate solution nearer to the global best solution, the range of
the weight ¢, in Equation (10) is further reduced and interval length are set to 0.5.

After all the employed (onlooker) bees produce the new candidate solutions using the improved
SSEs, then, a greedy selection mechanism is used to select a better solution between x; and v;.

3.3. Self-Learning Mechanism

The five SSEs are regarded as the candidate operator pool and different operator is more effective
at different stage. At each iteration, each employed (onlooker) bee will select a SSE from the candidate
operator pool to update the corresponding solution. This paper proposes a simple self-learning
mechanism to realize such optimal choice, wherein the SSE is selected according to the previous
success ratio in generating promising solutions at each iteration.

In the self-learning mechanism, each SSE is assigned to a probability: success ratio. It is defined as

Srat, = &,k =1,2,..5 (14)
Tk
where S denotes the counter that records the number of successful updating times of the k-th SSE,
where the new candidate solution is better than the old one; Tj is the total number of updating times of
the k-th SSE is selected; Sraty is the success ratio of the k-th SSE. At each iteration, each SSE k is selected
according to the success ratio Srat; through roulette wheel selection. The new candidate solutions
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are then produced by the selected SSE. In the initialization stage, each success ratio Sratey, is given an
equal selection probability.

It is well known that at the early stage of the optimization, the bees are inclined to locate the
potential optimal regions by wandering through the entire search space. Conversely, most of the bees
are apt to fine-tune the present solutions to obtain the global optimal solution at the latter stage of
the optimization. Therefore, in order to avoid the interference between the early stage and the latter
stage, this paper divides the whole optimization process into two stages. At each stage, S, Ty and the
success ratio Sratey all will be initialized.

3.4. Description of the SLABC Algorithm
The pseudo code of the SLABC algorithm can be described as follows (Algorithm 1):

Algorithm 1

Initialize the population of the bees as N and SN = N/2; set the number of trials as limit.
Randomly generate SN points x;(i = 1,2, ..., SN) in the search space to form an initial solution.
Find the global best solution gbest and the its position Xgpes; from the SN points.
Set the maximum number of function evaluations, Max.FE; Sy = 1, Ty = 1 and Srate, = 0.2.
While FE < Max.FE
If FE =1+ Max.FE/2
Initialize Sy, Ty and Sratey.
End If
Employed bee stage:
for i=1to SN
Set the candidate solution v; = x; and randomly choose j from {1,2, ..., D}.
Randomly choose a SSE k from the candidate strategy pool through roulette wheel selection
and count Ty, = Ty + 1.
Update the candidate solution v; using the selected SSE.
If f(v;) < f(xi)
X; = v;, Sg = S + 1, trial(i) = 1.
Else
trial (i) = trial (i) + 1.
End If
End For
Update the gbest and xgp,s; and calculate the probability value P; using Equation (2).
Onlooker bee stage:
for i=1to SN
Select one solution to update based on P; and roulette wheel selection.
The update process is same as that in the employed bee stage.
End For
Update the gbest and xgp,; and calculate the probability value P; using Equation (2).
Scout stage:
If trial (i) > limit
Initialize x; with a new randomly generated point in the search space.
End If
FE=FE+1
End While

4. Experiments and Results

4.1. Experimental Setup

To investigate the performance of the SLABC algorithm, 9 benchmark functions shown in Table 1
were used, including four unimodal functions (f; — f1) and five multimodal functions (fs — fo).
In Table 1, D denotes the dimensions of the solution space and 30, 60, and 100 dimensions are used
in the present paper. The unimodal functions can be used to analyse the convergence rate of the
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algorithms. The multimodal functions are commonly used to show whether the algorithms can escape
from the local optimum effectively.

The effectiveness of the proposed SLABC algorithm was evaluated by comparing its results with
other related algorithms, such as ABC [2], GABC [20], MABC [21], and distABC [24]. To make a fair
comparison among ABCs, all the algorithms were tested using the same parameters: the population
size N = 100, limit = 100, the maximum number of iterations, Max.FE = 2000. Additionally, other
specific parameters of each comparison algorithm are same as in ABC [2], GABC [20], MABC [21],
and distABC [24]. In order to ensure the experiment results stability, we repeated each algorithm for
20 times and average the results.

Table 1. Numerical benchmark functions.

Type Test Function Formulation Search Range Minimum Value
D
Sphere A(F) = ¥ 2 x € [~100,100]  f£(T)=0
i=1
D
Quartic £(?) = ¥ ixt+ random[0,1) v e [-128128] £(0)=0
Unimodal i=1
D D N
Schwefel’s Problem 2.22  f3(%) = ¥ |xi| + II |x] x; € [~10,10] f(0)=0
i=1 i=1
D-1
Rosenbrock A(T) = T [100(xi1—x)2+H(1-x)% xe[-3030  fi(T)=0
i=1
. b2 -
Rastrigin f5(¥) = ¥ [x2—10cos(27x;) + 10] x; € [-5.12,5.12] f5(0)=0
i=1
D D
Griewank fo(¥) = gy & 2 = T cos (%) +1 x; € [=600,600]  fo(0) =0
i=1 i=1
D D N
Ackley (%) = —20exp(—02,/ © x2/D) 420 —exp ( ¥ cos (27x;)/D) +e x; € [—30,30] f7(0)=0
Multimodal =1 =1
D
Schwefel’s Problem 2.26 fg(?) =418.9829D— Y (x;sin(+/]xi])) x; € [—500,500] f8(420.968%) =0
i=1
D-1
Penalized fo(¥) =01 {s'mz(Bm(l) + ¥ (% —1)%[1+4 sin?(37x;41)] + (xp — 1)2} x; € [~50,50] fo(T)=0
i=1

D
+¥ u(x;,5,100,4)
i=1

i=

4.2. Experimental Results

This paper uses five indexes to analysis the experimental results: the best solution (Best), median
solution (Median), worst solution (Worst), average solution (Mean), and standard deviation (Std).
Tables 2—4 show the experimental results obtained by each algorithm in the 20 independent runs.
The results suggest that SLABC offers the higher solution accuracy on almost all the functions except
function f4 with D = 30, 60, 100. It can be seen from the formulation of Rosenbrock function (f;) that
the first term 100(x; 1 — x;)? mainly influence the function value, which means that only the values
among different dimensions in the candidate solutions are almost the same, the function value is
smaller. Using the mean and standard deviation of the selected two solution, the distABC algorithm
obtained the new candidate solutions, in which the values among different dimensions are of uniform
size. Therefore, based on the distributed solution update rule, distABC algorithm gets the best results
on Rosenbrock function (fy).

Moreover, in the case of functions fs, f4,fg with D = 30, the solution accuracy of SLABC are equal
with the best of other algorithms. The Rastrigin function (fs5), Griewank function (fs) and Schwefel’s
Problem 2.26 function (fg) are multimodal functions and are easy to obtain the optimal solutions
with D = 30. As the dimension gets higher, the difficulty of obtaining the optimal solution increases
gradually. However, the solution accuracy of SLABC are better than the functions fs, fs,fs with D = 60
and D = 100, which proves that SLABC algorithm outperforms the other algorithms.
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Table 2. Comparison between SLABC and other algorithms for 20 times independent runs tested on 9

basic benchmark functions with 30 dimensions.

Functions Maetrics ABC MABC GABC distABC SLABC
Best 3.68x 10720 253 x1073% 903 x 1074 421 x10% 3.49 x 1079
Median 155 x 1072 296 x 10720 383 x 107% 3.06 x 10740  3.32 x 10~%
f Worst 291 x 1072 223 x1071 1.89 x 107*# 1.82x107% 1.25 x 102
Mean 425x107% 112x1072 650x107% 971 x107% 1.33 x 1079
Std 673 x 1072 499 x 1072 598 x 107 4.06 x 10738  2.83 x 1073
Best 218 x 107%* 726 x 10781 834 x 1077 347 x 1078 6.50 x 10713
Median 6.66 x 1079 975 x 1075 313 x 107 1.70 x 108  3.47 x 10130
f Worst 485 x107%1 121 x1077 9.61x10"% 777 x10°80 6.18 x 107128
Mean 3.86 x 10792 6.06 x 10711 135 %x107% 424 x 1078 5.81 x 1071%
Std 1.06 x 10761 271 x 10710 242 x 107% 1.73 x 10780 1,51 x 10~128
Best 4.66x 10715 132x10720 1.75x107%# 113 x 10721 289 x 103
Median 828 x 1071 270 x 10720 449 x 1072 4.02x 10721  7.69 x 10%®
f3 Worst 146 x 10714 583 x107¢ 859 x 1072* 747 x 10718 2,50 x 1073
Mean 886 x 1071 292 x1077 452x107% 475x1071° 8.31x 103
Std 305x 10715 130%x107° 144 x107% 170 x 1071 5.02x 10
Best 479 x 1073 689 x 1072 119x1073 889x103 150 x 10~*
Median  9.91 x 1072 2.54x 109 907 x 1072 6.26 x1072  1.09 x 107!
fa Worst 1.01 x 109 1.59 x 102 240 x10° 298 x 107! 7.54 x 10!
Mean  1.34 x 107! 2.16 x 10° 332 x 1071  8.84 x 1072 9.87 x 10°
Std 2.10 x 101 419 x 10! 544 x 1071 8.88 x 1072 2.24 x 10!
Best 0.00 x 10° 0.00 x 10° 0.00 x 10° 0.00 x 10° 0.00 x 10°
Median  0.00 x 10 621 x 10713 0.00 x 10° 0.00 x 10° 0.00 x 10°
fs Worst 355 x 10715 1.15 x 1071 0.00 x 10° 0.00 x 10° 0.00 x 10°
Mean 533 x 10716 982 x 103 0.00 x 10° 0.00 x 10° 0.00 x 10°
Std 1.01 x 10715 287 x1072  0.00 x 109 0.00 x 10° 0.00 x 10°
Best 0.00 x 10° 0.00 x 10° 0.00 x 10° 0.00 x 10° 0.00 x 10°
Median 3.00 x 1071 194 x 10715 0.00 x 10° 0.00 x 10° 0.00 x 10°
fe Worst  3.08 x 1078 547 x 1071 155 x 107>  0.00 x 10° 0.00 x 10°
Mean 154 x10? 547 x1072 1.67 x1071®  0.00 x 10° 0.00 x 10°
Std 688 x 1077 158 x 101 4.00x 1071  0.00 x 10° 0.00 x 10°
Best 121 x 10718 213 x 10714 320x 1071 320x 1071 249 x 10714
Median 213 x 10713 296 x 10712 373 x 10714 391 x10"# 284 x 1014
fr Worst  3.66 x 10713 329 x 1071 426 x107% 391 x10"¥ 3.20x10"
Mean 215x10713 170x1072 3.66x10"1% 359 x10"# 281 x10° 14
Std 617 x 10714 734 %1072 366 x1071° 363 x 10715 1.96 x 10715
Best 382x107% 382x10* 382x10*% 382x10* 382x10*
Median 3.82x10~* 3.82x10"% 382x10"* 382x10*% 3.82x10°*
fs Worst  262x 1073  138x10° 382x10*% 382x10* 3.82x10*
Mean 494 x10% 912x1072 3.82x10% 382x10"% 382x10*
Std 500 x 107% 317 x 107! 283 x 10710 144 x 10711 7.46 x 10713
Best 129 x 10726 135 x 1072 135 x 10732 447 x 1072 1.35 x 10732
Median 120 x 107%® 523 x 107 135x107%2 283x102 135 x 10732
fo Worst 962 x107% 246 x 1072 135x10732 943 x 1072 135 x 10~
Mean 220x107% 267 x103 135x1032 338x102 1.35x 10732
Std 2511072 679 x 1073 281 x10* 268x1072 281 x 10 %
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Table 3. Comparison between SLABC and other algorithms for 20 times independent runs tested on 9

basic benchmark functions with 60 dimensions.

Functions Maetrics ABC MABC GABC distABC SLABC
Best 239x10710 434x10°1® 137x1071° 221x10°18 199 x10%
Median 1.85x 1072 352x107°> 720x1071? 982 x10"18 870 x10"%
f Worst 150 x 1078 2.36 x 10! 313 x 10718 451 x 1071  4.59 x 10~28
Mean 340 x 1072  2.32 x 109 929 x 10717 146 x 10717 125 x 10728
Std 409 x 1078 6.64 x 10° 759 x 1071 126 x 1077  1.06 x 10~28
Best 152x107% 694 x1073¢ 138x107% 142x1074 179 x 1061
Median 3.72 x 107% 146 x 1072 309 x 1074 159 x 1074 517 x 10~%
f Worst 755 x 10726 122 x107% 274x107% 223x10°% 217 x10758
Mean 120x1072 783x108 622x107% 285x107% 275x 10~
Std 195 x 10726 279 x 1077 746 x10™% 487 x107% 594 x 10~
Best 391 x 107 121 x107% 666 x10°1  1.06 x107°  3.23 x 10716
Median 691 x107® 846 x10~7 817 x 10711  202x10"° 6.49 x 10°1°
f3 Worst 127 x 107° 131 x 10°  1.65x 10710 496 x 107 124 x 10~1°
Mean 755x107°® 179 x10°! 941 x10711 218x10° 6.75 x 10716
Std 244 x 107 358 x 1071 277 x1071 943 x10710 271 x 10716
Best 1.84 x 1071 7.88 x 109 197 x 1072 1.15x 1071 453 x 1072
Median  2.25 x 10° 1.46 x 102 326 x10°1 801 x 1071 2.48 x 10°
fa Worst 8.50 x 10° 7.63 x 102 8.43 x 10! 2.17 x 10° 8.20 x 10!
Mean 2.74 x 10° 2.32 x 102 1.03 x 101 8.82 x 1071 1.07 x 10~1
Std 241 x 100 2.24 x 102 2.45 x 10! 549 x 1071 243 x 1071
Best 259 %1072 252x10°1B  355x10°1 121 x 101! 0.00 x 10°
Median 913 x 1072 187 x107° 435x107% 674 x 1075 0.00 x 10°
fs Worst 1.99 x 10° 1.46 x 10! 1.03 x 10712 995 x 101 0.00 x 10°
Mean 489 x 107! 933x107! 179x1071¥  1.09 x 101 0.00 x 10°
Std 592 x 1071 333 x10° 292x1071 304 x10°! 0.00 x 10°
Best 2.04 x10710 848 x 10714 0.00 x 10° 0.00 x 107 0.00 x 10°
Median 151 x107° 996 x107°> 278 x 10716 167 x 10716 0.00 x 10°
fe Worst 150 x 1078 131 x10° 486 %1070 6.00x 10715  6.66 x 10716
Mean 398 x107? 371 x107! 264 x10711 794 %1071 555 x 1017
Std 492 x107° 500x10°!  1.08x10°10 148 x1071° 175 x 1016
Best 689 x 107 1.14x1077 331x10710  760x10"° 3.73x 1073
Median 150 x107° 623 x107% 525x10710 1.04x107% 517 x 1013
f7 Worst  6.14 x 1075 1.26 x 109 687 x 10710 144e x 1078 643 x 10713
Mean  1.72x107° 131 x107! 511x107% 107 x1078 5.08 x 10713
Std 116 x 1075 321 x 1071 952 x1071 216 x 1072  7.29 x 10714
Best 357 x 102 7.64x107%*  7.64 x 1074 241 x 102 7.64 x 1074
Median  6.26 x 102 7.64 x 10% 2.84 x 103 5.61 x 102 7.64 x 1074
fs Worst 9.50 x 102 9.39 x 10! 3.61 x 102 7.22 x 102 7.64 x 10~4
Mean 6.75 x 102 5.13 x 10° 4.86 x 10! 5.20 x 102 7.64 x 1074
Std 2.01 x 102 2.10 x 10! 9.68 x 10! 1.31 x 102 1.43 x 1077
Best 997 x10710 576 %1071 900x 102 985 x 10712 2.44e x 10730
Median 495 x107° 170x107* 315x1071° 472x1071 289 x10°%
fo Worst 130 x 1078 476 x 10° 176 x 10°%¥ 928 x 10711 112 x 1072
Mean 543 x107° 370x10°! 455x1071° 445x10°1 345x10°%
Std 3.24 x 107? 1.08 x 10  4.09e x 107 183 x 10711 2.84 x 10~
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Table 4. Comparison between SLABC and other algorithms for 20 times independent runs tested on 9

basic benchmark functions with 100 dimensions.

Functions Maetrics ABC MABC GABC distABC SLABC
Best 111 x 1076 372x107°% 328x10710 229 x 10710 523 x 1016
Median 755 x107® 345x10"! 225x107? 210x107° 179 x 10715
f Worst 446 x 107° 112 x 102  401x107° 271x1077 7.16 x 10~1°
Mean  1.25 x 107> 1.82x 101 211 x1077 182x10"% 246x10"1
Std 127 x 10> 3.55 x 10! 1.02x107°  6.00x1078 1.87 x 10~1°
Best 738x10°Y 376 x1071® 121 x107% 167 x 1072 4.98 x 107
Median 925 x 1071 942 x 10712 418 x 1072 116 x 10721 3.08 x 10~3*
f Worst 184 x1071% 148 x103 223x107%# 576 x1072 210 x 10~32
Mean 3.04x107° 138x10* 564x10%2 173x1021 268 x10 %
Std 456 x 10715 361 x107% 475x107% 171 x 10721 543 x 10~
Best 179 x 1073 751 x107% 621x10® 715x107° 3.87 x10~?
Median 271 x 1073 228 x1072 1.39x10"> 135x107*% 9.02 x 10~°
f3 Worst 586 x 1073 883 x10° 336 x 107> 170 x 107*  2.08 x 1078
Mean 311x10% 879x10°! 157 x10° 130x10% 9.2x10"°
Std 126 x 1073 225%x 100 659 %x107® 292x107° 3.57 x 10~
Best 9.12 x 10° 1.46 x 102 2.95 x 1071 348 x 100 2.66 x 1072
Median  2.68 x 10! 1.17 x 10° 8.00 x 10! 1.71 x 101 3.60 x 10°
fa Worst  8.31 x 10! 1.14 x 10* 1.88 x 107 4.78 x 10 1.45 x 10?
Mean 3.09 x 10! 2.28 x 103 6.83 x 10! 1.87 x 10! 2.23 x 10!
Std 1.83 x 10! 2.88 x 103 5.76 x 10! 1.11 x 10! 3.98 x 10!
Best 1.14 x 10! 147 x 1074 1.08 x 10° 846 x 100 111 x 10~ 10
Median  1.70 x 10! 7.63 x 1071 2.24 x 10° 1.08 x 101 1.68 x 10~?
fs Worst 2.24 x 10! 6.76 x 101 4.04 x 10° 1.30 x 101 2.98 x 108
Mean 1.67 x 10! 1.33 x 10! 2.55 x 10° 1.08 x 101 4.55 x 10~°
Std 3.17 x 10° 2.12 x 10! 8.29 x 1071 123 x 10  7.09 x 10~°
Best 246 x 107  200x10°® 427x10°10 310x107® 177 x 10~ 13
Median 245 x 107> 455x1072 205x107° 149x107 149 x 1012
fe Worst  9.39 x 1074 2.44 x 100 647 x 1077 227 x107® 118 x 10~ 1
Mean  1.08 x107* 646x10"1 382x10% 295x107 2.8 x 10 12
Std 223 x107%  922x1071 144 x1077 496 x1077 3.22 x 10712
Best 164 x 1072 324x 103 362x107° 357x107% 6.31x107
Median  2.87 x 1072 158 x 100 556 x 107> 575 x107%  1.09 x 10~°
fr Worst 493 x 1072 417 x1070 804x107° 126x107% 1.56 x 10°°
Mean 3.07x1072 157 x10° 565x107° 624x107* 112x10°°
Std 1.03 x 1072 1.42 x 109 1.02 x 107> 212 x107% 236 x 1077
Best 248 x 103 255 x 1073 872 x 102 240 x 103 1.27 x 1073
Median  3.25 x 10° 4.87 x 10° 1.44 x 10° 296 x 103 1.27 x 1073
fs Worst 3.63 x 103 4.30 x 103 1.77 x 10° 3.36 x 103 1.18 x 102
Mean 3.13 x 10° 5.45 x 102 1.36 x 103 2.93 x 10° 1.21 x 10!
Std 3.64 x 102 9.98 x 102 2.70 x 102 2.36 x 102 3.64 x 10!
Best 364 x107% 956 x 1077 488 x10710 979 x107° 847 x 10~V
Median 325 x107° 828x1071 226x10% 590x10°% 334x10°1°
fo Worst 498 x 1074 4.75 x 100 697 x 1077 129 x 107®  3.16 x 10~ 1°
Mean 595x107° 1.15x10° 264x107% 138x1077 4.83x10°1°
Std 1.06 x 1074 1.32 x 109 157 x 107° 2.85x 1077  6.58 x 10716

Figures 2—4 show how the mean of the best solution for each algorithm changes with the number
of iterations times. The lines that do not extend to the end of the experiments indicate that they have
converged to 0 in the next calibration. As can be seen in the Figures 2—4, the convergence rate of SLABC
is faster than other algorithms except function f; with D = 30,60, 100 and function fs with D = 30.
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The distABC algorithm is better than SLABC algorithm on the convergence rate and the accuracy of the
solution. Though functions fs, fs,fs with D = 30 get the same solution, SLABC algorithm converges
faster than other algorithm on f5, fg with D = 30 and SLABC algorithm converges slower than distABC
algorithm on fg with D = 30. According to the above analysis, it is obvious that the performance of
SLABC is more superior to other algorithms except distABC algorithm on Rosenbrock function (f).
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Figure 2. Comparison of the convergence results of the average best solution with 30 dimensions. (f1)
Sphere Function; (f;) Quartic Function; (f3) Schwefel’s Problem 2.22; (f4) Rosenbrock Function; (fs)
Rastrigin Function; (fg) Griewank Function; (f7) Ackley Function; (fg) Schwefel’s Problem 2.26; (fo)
Penalized Function.
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Figure 3. Comparison of the convergence results of the average best solution with 60 dimensions. (f7)
Sphere Function; (f,) Quartic Function; (f3) Schwefel’s Problem 2.22; (f4) Rosenbrock Function; (fs)
Rastrigin Function; (fg) Griewank Function; (f7) Ackley Function; (fg) Schwefel’s Problem 2.26; (fo)
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Figure 4. Comparison of the convergence results of the average best solution with 100 dimensions. (f7)
Sphere Function; (f,) Quartic Function; (f3) Schwefel’s Problem 2.22; (f4) Rosenbrock Function; (fs)
Rastrigin Function; (fs) Griewank Function; (f7) Ackley Function; (fg) Schwefel’s Problem 2.26; (f9)
Penalized Function.

Figures 5-7 show the success ratio of each SSE. The horizontal ordinate 1-5 correspond to the
success ratio of each SSE (k = 1,2, 3,4,5) at the midpoint of the experiments (Max.FE/2) and 6-10
correspond to the success ratio of each SSE (k = 1,2, 3,4, 5) at the end of the experiments (Max.FE).
As shown in these figures, the self-learning mechanism selected different SSE in solving different
functions and different functions have different optimal combination of SSEs. In the figures, the
coordinate 2 is corresponding to the second SSE at the early stage and the coordinate 7 is corresponding
to the second SSE at the latter stage. In most of the functions, the second SSE (coordinate 2 and
coordinate 7) has the highest success rate and the fifth SSE has the lowest success rate. The second
SSE with the global best solution can improve exploitation. At the early stage of the optimization, the
bees are inclined to locate the promising regions by wandering through the entire search space. At the
latter stage, the bees are busy to fine-tune the present solutions to obtain the global optimal solution.
Therefore, these solutions may trap in the local minimum at the latter stage of the optimization process.
The fifth SSE is mainly to make the bees escape from the local minimum. Because functions f1-f4 are
unimodal functions, the fifth SSE with 1évy flight step-size has a lower success ratio at the latter stage.
However, functions f5-f9 are multimodal functions which have many local minimum in the search
space. The higher success ratio indicates that the SSE with 1évy flight step-size can escape from the
local optimum effectively to improve search efficiency.



Algorithms 2018, 11, 78

Number of times

Number of times

Number of times

(f1)

e number of times that the operator is selected.
e number of successful times

operator

(fa)

e number of times that the operator is selected.
e number of successful times

6
operator

(f7)

Number of times

e number of times that the operator is selected.

e number of successful times

operator

Number of times

Number of times

Number of times

(f2)

15 of 21

(f3)

the number of times that the operator is selected.
the number of successful times

operator

(fs)

Number of times

the number of times that the operator is selected.
the number of successful times

operator

(f6)

the number of times that the operator is selected.
the number of successful times

6
operator

(f8)

Number of times

the number of times that the operator is selected.
the number of successful times

6
operator

(fo)

the number of times that the operator is selected.
the number of successful times

operator

Number of times

the number of times that the operator is selected.
the number of successful times

operator

Figure 5. The success ratio Sraty of each SSE (operator). The horizontal ordinate denotes success ratio
of each solution search equation at the midpoint of the experiments (Max.FE/2) and the end of the
experiments (Max.FE) with 30 dimensions. (f;) Sphere Function; (f,) Quartic Function; (f3) Schwefel’s
Problem 2.22; (f4) Rosenbrock Function; (f5) Rastrigin Function; (fs) Griewank Function; (f7) Ackley
Function; (fg) Schwefel’s Problem 2.26; (f9) Penalized Function.
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Figure 6. The success ratio Sraty of each SSE. The horizontal ordinate denotes success ratio of each
solution search equation (operator) at the midpoint of the experiments (Max.FE/2) and the end of the
experiments (Max.FE) with 60 dimensions. (f) Sphere Function; (f») Quartic Function; (f3) Schwefel’s
Problem 2.22; (f4) Rosenbrock Function; (f5) Rastrigin Function; (fs) Griewank Function; (f7) Ackley
Function; (fg) Schwefel’s Problem 2.26; (f9) Penalized Function.
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Figure 7. The success ratio Sraty of each SSE. The horizontal ordinate denotes success ratio of each
solution search equation (operator) at the midpoint of the experiments (Max.FE/2) and the end of
the experiments (Max.FE) with 100 dimensions. (f;) Sphere Function; (f;) Quartic Function; (f3)
Schwefel’s Problem 2.22; (f;) Rosenbrock Function; (f5) Rastrigin Function; (fs) Griewank Function;
(f7) Ackley Function; (fg) Schwefel’s Problem 2.26; (f9) Penalized Function.

4.3. Comparison Regarding the t-Test

This section mainly analyzes the experimental data and study whether the experimental results
are statistically significantly different between SLABC and other algorithm. The F-test was used to
analyze the homogeneity of variances and two-tailed t-test was used to determine if two sets of data
are significantly different from each other. The sample size and number of degrees of freedom were set
as 20 and 38, respectively. The confidence level was set to 95%. In the F-test, Fyo5(19,19) = 2.17 and if
the F-value is larger than 2.17, the corresponding experimental results are heterogeneity of variance.
If the p-value received in the t-test is less than 5%, it illustrates that the corresponding experimental
results are significantly different. Table 5 lists the results of t-tests between SLABC and the best results
of the other algorithms regarding the indexes “Mean” for different benchmark functions (listed are the
F-value, p-value, and the significance of the results). “YES” indicates that the experimental results are
significantly different between SLABC and the best one in other algorithms. “NO” suggests that no
significant difference between the results of SLABC and of other algorithms.

From Tables 2-5, although other algorithms (distABC) have higher solution accuracy on function
f4 with D = 30,60, 100, there exist no significant difference between SLABC and distABC. The same as
function f6 with D = 100 and function f8 with D = 60, there exist no significant difference between
SLABC and other algorithm. Moreover, SLABC and other algorithm obtain the same optimal solution
on functions f5, f6, f8 with D = 30.

Based on the results of statistical tests in Table 5, almost most of the results have obvious
differences and it is clear that the results of SLABC algorithm are significantly better than the results of
other algorithms.

Table 5. Results of f-tests between SLABC and the best results of the other algorithms regarding the
indexes “Mean” for different benchmark functions.

Functions Dim. F-Value p-Value Significance Two-Tailed P

D=30 39930 1.10x10°* YES 0.05
f D=60 29.663 2.80 x 107> YES 0.05
D=100 60.363 1.74 x 108 YES 0.05
D=30 14.894 0.022 YES 0.05
£ D=60 20124 142x10°3 YES 0.05

D=100 15.007 4.00 x 107° YES 0.05
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Table 5. Cont.

Functions Dim. F-Value p-Value Significance Two-Tailed P
D=30 22624 185x 10711 YES 0.05
f3 D=60 30264 4.25x 1012 YES 0.05
D=100 16.090 1.85x 10~° YES 0.05
D=30 11457 0.065 NO 0.05
fa D=60  11.308 0.086 NO 0.05
D=100 11.565 0.700 NO 0.05
D =30 - - SAME 0.05
fs D=60 23.119 0.013 YES 0.05
D=100 70236 252 x 10~ YES 0.05
D=30 - - SAME 0.05
fo D=60 10.391 0.039 YES 0.05
D=100 5.069 0.251 NO 0.05
D=30 44281 227 x107° YES 0.05
fr D=60 34994 113x10°1 YES 0.05
D=100 26974 850 x 10~16 YES 0.05
D =30 - - SAME 0.05
fs D =60 4813 0.288 NO 0.05
D=100 14.296 0.028 YES 0.05
D =30 - - SAME 0.05
fo D=60 23131 840x107° YES 0.05
D=100 27521 432 x 1077 YES 0.05

5. Discussion

In the previous sections, comparative results of ABC, GABC, MABC and distABC were presented.
In this section, we offer a thorough analysis on the proposed SLABC algorithm and all the algorithms
were tested using the same parameters with Section 4.

When constructing the SSE, the value range of the coefficients were adjusted to improve the
performance of the SLABC algorithm. This section constructed two SLABC algorithm variants
(SLABC1, SLABC2) and experiments on a set of 6 benchmark functions were carried out to clearly
show how these coefficients influence the performance in various optimization problems. In SLABC1,
the value range of the coefficient ¢y, c3, c3, ¢4, c5 are reduced to half of the corresponding value range
in SLABC. In SLABC2, the value range of the coefficient c1, ¢y, c3, c4, c5 are increased to double of the
corresponding value range in SLABC. The new generated candidate solutions can appear in a large
range using the SLABC2 algorithm and can appear in a small range using the SLABC1 algorithm.
From Table 6, the SLABC?2 is worse than SLABC and SLABC1, which shows that the increased value
range reduced the performance of the SLABC algorithm. Moreover, SLABC is better than SLABC1
except function f4, which means that too small value range can reduce solution accuracy. Through the
analysis of experimental data, the changes of the value range can influence the performance of SLABC
algorithm and only the appropriate value range can generate the better solutions.

Five SSEs are used to solve the optimization problem and each SSE has different effect.
For example, the fifth SSE with Lévy flight step-size can help the artificial bees escape from the
local optimum effectively. However, when solving the optimization problem of unimodal function, the
fifth SSE is ineffective. This section constructed another SLABC algorithm variants (SLABC3 without
the fifth SSEs) to illustrate the effect of such combination. As can be seen from Table 6, SLABC3
obtained the better solution than SLABC on the unimodal functions fi, f», f3. Therefore, we can choose
combination of different SSEs to solve different optimization problems in the future applications.
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Table 6. Comparison between SLABC and other algorithms for 20 times independent runs tested on 6

basic benchmark functions with 60 dimensions.

Functions Maetrics SLABC1 SLABC2 SLABC3 SLABC4 SLABC
Best 3.64x 10730 241 x107% 253x103 235%x1073% 199 x 10~%
Median 791 x 1072 167 x 1072 127 x 10730 9.15x 1073 870 x 10~%
f Worst 145x107% 814x1072# 185x107% 380 x 1072 459 x 10~28
Mean 222x1072 210x107%* 410x10730 1.18x107% 125x 1028
Std 380x 10728 204 x 107 543 x10730 938 x 10730 1.06 x 10-28
Best 140 x 10790 116 x 107°% 147 x 1079 924 x 10~% 1.79 x 107!
Median 255 x 107 353 x 10723 348 x 10792 121 x 107% 5.17 x 1070
fa Worst 209 x 1077 846 x 107°2  1.04 x 10799 352 x 10790 217 x 1058
Mean 3.02x107%® 829 x 1075 148 x 107%1 6.99 x 107 2.75 x 10~
Std 546 x 1078 1.85x 10752 255 x107% 115 x 1070 5.94 x 10~
Best 520 x 10716 149 x 1078 673 x 1077 214 x 107 323 x 10716
Median 7.69 x 10716 231 x 10713 180 x 1071 396 x 10716 6.49 x 10716
f3 Worst 183 x 10715 398 x 10713 325x107!1 687 x10716 124 x 10715
Mean 893 x 10716 249 x 10713 178 x 10710 414 x 1071 6.75 x 10716
Std 385x 10716 791 x 107 765x107Y7 126 x 1071 271 x 10716
Best 1.00x 1073 140 x 1073  452x 1072 254 x10"% 453 x 1072
Median  2.91 x 10° 2.37 x 100 514 x 10° 2.12 x 10° 2.48 x 100
fa Worst 7.04 x 10! 1.06 x 102 1.43 x 102 8.68 x 10! 8.20 x 10!
Mean 8.10 x 100 1.84 x 10! 3.30 x 101 1.87 x 10! 1.07 x 10!
Std 1.57 x 10! 3.05 x 10! 412 x 10! 3.00 x 10! 2.43 x 10!
Best 0.00 x 100 0.00 x 100 0.00 x 100 0.00 x 10° 0.00 x 10°
Median  0.00 x 10° 0.00 x 10° 0.00 x 10° 0.00 x 10° 0.00 x 10°
fs Worst 0.00 x 10° 0.00x 100 995x 101  0.00 x 10° 0.00 x 10°
Mean 0.00 x 100 0.00 x 100 497 x 1072 0.00 x 10° 0.00 x 10°
Std 0.00 x 10° 0.00 x 100 222 x 107! 0.00 x 100 0.00 x 10°
Best 0.00 x 10° 0.00 x 10° 0.00 x 100 0.00 x 100 0.00 x 10°
Median 2.00 x 10~ 0.00 x 109 0.00 x 100 0.00 x 10° 0.00 x 10°
fe Worst  1.35 x 107%  6.66 x 1071® 899 x 107* 111 x 1071¢  6.66 x 1071
Mean 921 x107® 333x1077 450x 10" 555x10718 555x%x 10~
Std 316 x 1075 149 x 1071 201 x 10714 248 x 1071 1.75x 10716

In order to avoid the interference between the early stage and the latter stage, SLABC algorithm
divides the whole optimization process into two stages. We can divide the optimization process
into much more stages to further reduce interference between each stage. To show the effect of such
division, this section constructed another SLABC algorithm variants (SLABC4) which divides the
whole optimization process into ten stages. As can be seen from Table 6, SLABC4 obtained the better
solution than SLABC on most of the functions. Dividing the optimization process into several stages
can improve the performance of SLABC algorithm and how to divide the optimization process remains
to be a problem should be further studied.

This paper proposes a self-learning mechanism to select the appropriate SSE according to the
previous success ratio. Such mechanism is a reinforcement mechanism and other optimization
algorithms can construct novel algorithms variants to improve the performance by using the
self-learning mechanism.

6. Conclusions

This paper proposes an improved ABC algorithm based on the self-learning mechanism with five
SSEs as the candidate operator pool. Among them, one SSE is good at exploration; other two SSEs are
good at exploitation; another SSE intends to balance the two aspects. The last SSE with Lévy flight
step-size can avoid trapping in local optimal solution. Meanwhile, a simple self-learning mechanism is
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proposed, wherein the SSE is selected according to the previous success ratio in generating promising
solutions at each iteration. Experiments verify that the proposed SLABC algorithm can improve search
efficiency and speed up the convergence rate.
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