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Abstract
The Artificial Bee Colony algorithm (ABC) is a swarm intelligence algorithm inspired by honey bee harvesting behavior. It
boasts the benefits of minimal parameters and strong exploration capabilities. However, the ABC algorithm is still susceptible
to local optima entrapment and lacks consideration of selection probability in the onlooker bee phase, leading to reduced
convergence accuracy in later search stages. To address these issues, this paper introduces an enhanced ABC algorithm
called Hierarchical Learning-based Artificial Bee Colony (HLABC). Initially, a hierarchical learning approach is devised,
dividing the entire population into distinct layers based on solution quality. In this hierarchical approach, bees at lower layers
can access much better advantageous information from higher layers. Secondly, the exploitation ability of onlooker bees is
enhanced through novel strategies designed based on hierarchical learning. Thirdly, the exploration ability of scout bees is
strengthened by implementing an opposition-based learning method. To evaluate the performance of the proposed algorithm,
69 benchmark functions from four benchmark suites (CEC2005, CEC2010, CEC2013 and CEC2022) are used to test the
performance of HLABC, along with five variants of the ABC algorithm, The experimental statistical results show that the
HLABC algorithm outperforms the ABC algorithm on all test problems with an average winning rate of 89%. Furthermore,
to validate the performance of the HLABC algorithm in real-world optimization problems, this paper applies the HLABC
algorithm to two practical applications: the deployment of wireless sensor networks (WSNs), the power scheduling problem
in a smart home (PSPSH) and the multi-thresholding image segmentation (MIS). The experimental and statistical results
demonstrate that HLABC is an efficient and stable optimizer. It shows better or comparable performance compared to other
ABC variants when considering the quality of solutions for a suite of benchmark problems and real-world optimization
problems. These findings affirm the effectiveness and versatility of the HLABC algorithm in addressing both theoretical and
practical optimization challenges.

Keywords Artificial bee colony algorithm · Hierarchical learning · Numerical global optimization ·
Wireless sensor networks deployment · Power scheduling problem · Multi-thresholding image segmentation

1 Introduction

Optimization problems aim to discover the best possible global
solution within feasible solution spaces. As industrial devel-
opment progresses, numerous complex engineering optimiza-
tion problems have emerged across various domains. These
problems are often characterized by high dimensionality,
non-linearity, and an abundance of local optimal solutions.
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Traditional analytical or numerical optimization methods
struggle to obtain the global optimal solution for such prob-
lems, and in some cases, they may even be unable to solve
them.

In recent years, modern bio-inspired stochastic optimiza-
tion algorithms, such as Particle Swarm Optimization (PSO)
[1], Differential Evolution (DE) [2], Artificial Bee Colony
(ABC) [3–5], and Ant Colony Optimization (ACO) [6, 7],
have been proposed to tackle these complex problems. These
meta-heuristic techniques do not rely on any assumptions
about the problem being solved and do not use the function’s
gradient. As a result, bionic-based intelligent optimization
methods arewell-suited for solving awide range of optimiza-
tion problems and have become a popular area of research.
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Their advantage lies in their adaptability and robustnesswhen
dealing with challenging optimization scenarios.

Among these bio-inspired algorithms, the Artificial Bee
Colony (ABC) algorithm, proposed byKaraboga in 2005 and
successfully applied to numerical optimization [3], draws
inspiration from the cyclic process of honey bee colonies
in nature, where bees find and abandon honey sources. It
has emerged as one of the most effective swarm intelligence
algorithms for solving continuous numerical optimization
problems. Compared to other swarm intelligence algorithms,
ABC boasts two distinct advantages: it requires fewer con-
trol parameters and exhibits strong exploration capabilities.
As a result, it has found wide application in diverse domains,
including distribution network layout optimization, shortest
path problems, feature selection, multi-cast path selection,
single machine scheduling, pipeline balancing, and image
processing [8–19].

However, the original ABC algorithm still faces certain
challenges, including its poor exploitation ability and the dif-
ficulty of obtaining improved solutions in the later stages of
the search process. Additionally, the ABC tends to converge
prematurely, and the probability selection in the onlooker
bee phase may not continue to effectively guide the popu-
lation towards the global optimum in the late search stages.
These limitations can hinder the algorithm’s overall perfor-
mance and convergence accuracy, particularly in complex
optimization scenarios.

To address these challenges, researchers have proposed
various variants of the ABC algorithm. Inspired by the Parti-
cle Swarm Optimization (PSO) algorithm, Zhu and Kwong
incorporated the global best solution into the search equation
[20], where the modification of the search equation utilizes
information from the global best solution. P. Bhambu et al.
improved the global search strategy [21] by adjusting the step
size of the solution [22]. Other scholars have also introduced
new strategies by modifying the position update equation of
the ABC algorithm [23–32].

While the original ABC employs only one search strat-
egy to update solutions, recent approaches have incorporated
two or more search strategies to enhance search performance
[25, 33, 34]. Wang et al. use three strategies to iterate the
population [35], with each solution assigned a strategy at
random and dynamically updated to balance exploitability
and exploreability. Furthermore, to achieve a better balance
between exploration and exploitation, the ABC is often com-
bined with other heuristic algorithms [36–42]. For instance,
Jadon et al. combined the DE algorithm with the ABC algo-
rithm [43], employing an onlooker bee phase search strategy
that combines direction-guided search and differential evo-
lutionary cross-search. Additionally, Zhang et al. enhanced
the exploitation ability of the ABC by combining it with the
Teaching-Learning-Based Optimization (TLBO) algorithm
[44].

In the ABC algorithm, the bee hive consists of three
types of bees: employed bees, onlooker bees, and scout bees,
which work collaboratively to evolve the swarm towards the
honey source location. However, the search phase of dif-
ferent types of bees is performed independently, lacking
effective communication among them. As a consequence,
for high-dimensional optimization problems, the ABC algo-
rithm has a higher probability of getting trapped in local
optima. Furthermore, in the late search stage of the ABC
algorithm, the differences among individuals in the popula-
tion become less evident, making it difficult for the default
roulette selection probability mechanism to filter out dom-
inant individuals effectively. Consequently, the population
may experience slow convergence and become stuck in local
optima.

To address this issue, this paper proposes a novel variant
of ABC by incorporating a hierarchical learning mechanism
into the ABC algorithm to enhance the exploration ability
of ABC. The inspiration for this framework comes from the
characteristic of hierarchical learning in human social behav-
ior. Similar to how human beings acquire knowledge through
various channels, such as learning from elite professionals
and engaging in peer-to-peer exchanges, our hierarchical
learning approach aims to enable the algorithm to acquire
more useful and comprehensive knowledge with less com-
putational cost.

Comprehensive experimental results have demonstrated
that our proposed method effectively enhances the explo-
ration and exploitation abilities of the original ABC algo-
rithm. To comprehensively evaluate the performance of our
proposed algorithm,we conducted experiments onmore than
fifty classic benchmark problems, including the CEC2005
[45], CEC2010 [46], and CEC2013 [47] benchmark func-
tions. Additionally, to analyze the performance of the pro-
posed algorithm on the latest optimization problems, we
utilized the CEC2022 benchmark functions [48] to test the
HLABC algorithm and included efficient variants of PSO
andDE as competitors. The experimental results consistently
show that HLABC outperforms the compared ABC variants
on these benchmark problems.

In addition, to verify the performance of HLABC on
real-world optimization problems, three sets of simulation
experiments are designed in this paper. The experiments
apply the HLABC algorithm and five other ABC variants
to the deployment of WSNs, PSPSH and multi-thresholding
image segmentation.

With the increasing depth of research in computer sci-
ence, electronic communication, automation, sensing, and
other fields, the application of wireless sensor networks
(WSN) has also been comprehensively expanded [49]. WSN
is mainly composed of a large number of miniature sensors
with built-in sensor, processing, and communication units.
These sensors can collect data in the monitoring area, fuse
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the data, performcommunication and collaborative computa-
tion through single-hop or multi-hop transmission, and thus
achieve perception and monitoring of the area. WSN also
has the advantages of low cost, low power consumption, fast
deployment, and self-organization. Therefore, it is widely
used in industrial monitoring, national security, forest fire
detection, agriculture, and other fields. The key technologies
of WSN mainly include network security, node localization,
network coverage, topology control, data fusion, etc. [50].
These technologies are the foundation for various appli-
cations to be implemented. Each technology has its own
performance requirements and will also influence each other.
In the deployment stage of WSN applications, sensors are
often randomly deployed by throwing them into the target
area. This results in unknown node location information and
monitoring area coverage status beforehand, which makes
many applications unable to be implemented. Based on this,
in order to better improve the performance of wireless sensor
networks, this paper uses the proposed HLABC algorithm to
simulate experiments on the coverage of sensor networks in
target areas.

In the past 10 years, the intelligence of household
appliances has been constantly improved, and most electri-
cal appliances can accomplish tasks automatically, greatly
improving users’ quality of life [51]. At the same time, this
also further increases the demand for electricity. It is esti-
mated that by 2040, the demand for electricity will increase
by 56% [52]. However, traditional power grids cannot meet
these transmission requirements. Therefore, in order to meet
the demand for electricity and further optimize power sup-
ply, the concept of smart grids (SGs) has been proposed [53].
SGs serve two primary functions: PSCs deliver electricity
to users, and PSCs gather users’ electricity usage data to
forecast future power consumption patterns and generate suf-
ficient power. Additionally, SGs enhance the dependability
and steadiness of PSCs’ power systems by enabling users to
optimize their power demand during peak hours. This opti-
mization is achieved bymanaging the operation of household
appliances within a time frame based on a dynamic pricing
plan and several limits. The dynamic pricing plan, generated
by PSCs, varies over time, offering high prices during peak
hours and lower prices during off-peak hours. This schedul-
ing process is commonly known as PSPSH [54]. This paper
will use the HLABC algorithm to optimize the PSPSH prob-
lem.

Image segmentation is a crucial step in image analy-
sis and research. Many techniques have been proposed for
image segmentation while preserving image quality, such
as region-based, threshold-based, edge-based, and feature-
based. However, the thresholding image segmentation is
considered the optimal technique because it is easy to use,
requires less storage space, is highly accurate, and fast
[55]. Thresholding segments pixels into multiple different

categories. The main thresholding methods include Otsu’s
method [56] and Kaptur’s entropy method [57]. Otsu’s
method is suitable for separating regions with pixels of sim-
ilar intensity, by maximizing the variance between regions.
On the other hand, the Kaptur’s entropy method tries to find
homogeneous regions by maximizing the variance within
the image. While all the aforementioned methods effectively
propose methods to find the optimal threshold, they cannot
obtain the optimal threshold for multilevel thresholding, and
their time complexity increases exponentially when the num-
ber of thresholds increases significantly. Therefore, new and
efficient methods are needed to address the problem ofmulti-
level thresholding, especially for images with a large number
of thresholds. Therefore, this paper uses HLABC to optimize
multilevel image segmentation problems.

The structure of this paper is organized as follows. Sec-
tion 2 introduces the principle of ABC and its variants.
Section 3 describes the proposed hierarchical learning arti-
ficial bee colony algorithm (HLABC). Section 4 shows the
test results and related analysis of the proposed algorithm
compared with other algorithms. The HLABC algorithm is
applied to the deployment ofwireless sensor networks, power
scheduling problem in a smart home and emulti-thresholding
image segmentation in Sections 5, 6 and 7. The conclusion
is given in Section 8.

2 Artificial bee colony algorithm

Artificial Bee Colony Algorithm (called ABC) is a new
swarm intelligence optimization algorithm proposed by
Turkish scholar Karaboga in 2005 [3]. It mainly simulates
the intelligent honey-harvesting behavior of bee colonies.
There are three types of bee colonies: employed bees,
onlooker bees, and scout bees. In the employed bee phase, the
employed bee tries to find the best solution in each solution,
while maintaining the current best solution. In the onlooker
bee phase, the onlooker bee selects a better solution for fur-
ther search and improves the convergence speed. In the scout
bee phase, the scout bees abandon the solutions that have not
been updated to avoid getting into local optima. The location
of each nectar source represents a solution to the optimization
problem, and the nectar content required by the nectar source
corresponds to the quality or adaptability of the correspond-
ing solution. The process of ABC algorithm is described into
the following parts.

2.1 Population initialization

The initial population is randomly generated by (1) and it
consists of SN solutions with D dimension. Among them,
the solution is xi = [

xi,1, xi,2, ..., xi,D
]
. The upper bound
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of the solution is UB = [UB1,UB2, ...,UBD]. The lower
bound of each solution is LB = [LB1, LB2, ..., LBD]. The
initial solution is generated by the following formula:

xi, j = LBj + rand · (UBj − LBj
)

(1)

where i = 1, 2, ..., SN , j = 1, 2, ..., D. rand is a random
number between [0,1]. xi, j is the solution of the i th popula-
tion in the j th dimension.

2.2 Employed bee phase

During the employed bee phase, the employed bee randomly
selects an individual based on its position xi to produce a
new candidate solution.

vi, j = xi, j + ϕi, j · (
xi, j − xk, j

)
(2)

where vi, j is the new solution generated by the i th individual
in the j th dimension. ϕi, j is a random number generated in
the range [-1,1]. xk, j is a randomly selected solution in the
whole population, and i �= k, k = 1, 2, ..., SN .

According to the greedy selection strategy as shown in
(3), when the fitness of vi is better than xi , the solution xi
will be replaced by vi , otherwise, xi will be reserved in the
next iteration.

xi =
{
vi i f f (vi ) < f (xi )
xi otherwise

(3)

According to (4), when the update succeeds, the value
traili is initialized to 0. Otherwise, it will be increase by 1.

traili =
{
0 i f f (vi ) < f (xi )
traili + 1 otherwise

(4)

2.3 Onlooker bee phase

After receiving nectar information from the employed bees,
the onlooker bee will adopt the roulette selection method
based on the following selection probability in (5) to choose
a target employed been for its location updates.

pi = f i ti
∑SN

1 f i ti
(5)

where, the f i t (xi ) denotes the fitness value of the i th solu-
tion, which is generated according to (6).

f i t (xi ) =
{

1
1+ f (xi )

i f f (xi ) ≥ 0
1 + | f (xi ) | ohterwise

(6)

Where f (xi ) is the optimized objective function. Each
onlooker bee selects a better solution based on the selection

probability pi . Then, a new solution is generated based on
(2). The new offspring generated are retained or abandoned
according to the fitness by (3).

2.4 Scout bee phase

If a solution is not updated after several iterations, then the
employed bee or the onlooker bee will abandon the current
solution. A new solution vi is randomly generated to replace
the original solution xi by (1).

vi =
{
LB + rand · (UB − LB) tr iali ≥ Li

xi otherwise
(7)

Where, rand is a randomly generated real number
between [0,1]. [LB,UB] is the boundary limit of the value.
traili is the number of repeated iterations of the i th nectar
source. Li is a pre-defined control parameter that records the
number of failed solution iterations.

3 Hierarchical learning artificial bee colony

In this section, a novel ABC algorithm using a special
designed hierarchical learning (HLABC) strategy is pro-
posed. Themain contribution of HLABC can be summarized
as the follows: Firstly, a hierarchical learning topology is
proposed. It divides the entire population into three layers
according to the fitness of each individual in the population.
Secondly, two novel search strategies in the employed bee
phase and onlooker bee phase are constructed to balance the
search performance of exploration and exploitation. Finally,
the hierarchical learning and opposition-based learning [58,
59] is adopted in the scout bee phase to avoid search stagna-
tion and enhance the diversity of the population. The details
of the algorithm are described below.

3.1 Principle of Hierarchical Learning

In original ABC algorithm, the roulette selection strategy
is used to select one well-adapted individual from current
population for onlooker bee learning. However, in the late
stage iteration, the value of the objective function obtained
is so small that it is often estimated to be zero by the com-
puter system for the minimum optimization problem. For
example, there are two very small objective function values
f (x1)=1.0E-30, f (x2)=1.0E-40 in the late iteration.Thus, the
fitness results calculated by formula (6) are almost identi-
cal due to the small values of the function of individuals in
the population. When applying (6), the result of the fitness
calculation is infinitely close to 1. Therefore, the traditional
probabilistic selection method based on fitness (roulette
method) is difficult tofind the excellent individuals.However,
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in fact, those two potential solutions are clearly in differ-
ent orders of magnitude. Thus, the roulette strategy is not
effectively distinguish them according to such fitness values.
Therefore, the algorithm suffers from the problem of search
stagnation or getting stuck in a local optimum. To tackle
this problem, [32] and [60] proposed a new neighborhood
selection search strategy instead of the original probabilistic
selectionmethod. In [61], a newhybrid search strategy is used
to replace the original roulette selection strategy. In [62], the
onlooker bee phase of the ABC method was replaced by the
CMA-ES method. These experimental results also demon-
strate the feasibility of such idea.

In this paper, a new hierarchical learning framework based
method is proposed to replace the original probability selec-
tion mechanism [63]. Briefly, in the first step, the whole
population are divided into three layers according to the fit-
ness of each individual. The number of individuals contained
in each layer are represented as S1, S2, and S3 respectively.
The size of each level should satisfy the basic condition that
S1 + S2 + S3 = SN , S1 ≥ 1, S2 ≥ 1, S3 ≥ 1, where SN
denotes the total size of the search population. Specially, the
number of individuals contained in each layer can be deter-
mined or varied by the problem being solved. Then, the bees
in the outer layer will learn from the bees in the inner layer
during the search process and continuously improve the qual-
ity of their own solutions. In addition, the method does not
require additional calculation of selection probabilities for
each individual, and it also effectively reduces the risk of
search stagnation and falling into local optima. To provide a
more intuitive understanding of hierarchical learning, Fig. 1
shows a conceptual diagram of the hierarchical model.

Fig. 1 Hierarchical learning model (outer layer learning from inner
layer,S1, S2, S3 are the elite, middle and inferior layers respectively)

3.2 Modified onlooker bee phase

Based on hierarchical learning, a modified search strategy in
the employed bee phase is proposed by replacing the ran-
domly unique selected individual xk in the original ABC
with three individuals as xs1 , xs2 , xs3 from different layer.
In this way, the employed bees no longer search aimlessly
in the global scope, but progressively learn from each other
according to the differences between different hierarchies.
The detailed search equations are modified as shown below.

vi, j = xi, j+φi, j ·
(
xs2, j − xs3, j

)+ϕi, j ·
(
xgbest, j − xs1, j

)
(8)

where, xs1 , xs2 , xs3 are represented three different individu-
als randomly selected from the first layer s1, the second layer
s2 and the third layer s3. The weighting factor φi, j is a ran-
dom number generated in the range [-1,1]. ϕi, j is a random
number between [0,C]. According to [20], the value of this
parameter C is suggested to be set to 1.5. xgbest, j denotes
the j th dimension of a global best solution. Figure 2 shows
the modification of the search equation for the employed bee
phase. Combining with (8), a new solution vi is generated.
The better solution in vi and xi is selected according to (3)
to replace the original xi .

Theonlookerbeesprovide better solutions for the employed
bees based on the probability selection. However, in the
late iteration of the algorithm, the differences in fitness
values become smaller and smaller, and the probability of
onlooker bee selection is almost the same among the popu-

Fig. 2 The novel onlooker bee search strategy based on the hierarchical
learning.(S1, S2, S3 are the elite,middle and inferior layers respectively)
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lation. Therefore, the same selection probability causes the
algorithm to lose its original function and leads to a slow
convergence rate. To overcome this drawback, this paper
proposes a new search strategy by combining hierarchical
learning with the improved operator in MGABC [64] and
abandoning the original probability selection mechanism.
The mathematical formulation of the updated strategy is
shown in (9) :

vi, j = r1 ·xi, j+r2 ·
(
xs2, j − xs3, j

)+r3 ·
(
xgbest, j − xs1, j

)
(9)

where, the parameters r1, r2, and r3 are generated randomly
in the range [0,1] and r1 + r2 + r3 = 1. Besides, the xs1 , xs2 ,
xs3 are three mutual different individuals chosen randomly
from different layers, and xgbest, j denotes the j th dimension
of the global best solution in current iteration.

3.3 Modified scout bee phase

During the search of the solution space, after all the employed
and onlooker bees complete the search, the ABC algorithm
will check if there is a poor quality nectar source in the pop-
ulation that needs to be abandoned in the scout bee phase.
In order to decide whether a certain solution (honey source)
needs to be abandoned, a hyperparameter named limit is set
in the algorithm, which is mainly used to count the number
of failed position updates by the bees during the historical
search. When the number of consecutive failures exceeds the
limit , the scout bee will randomly re-generate a new nectar
source by (1) to replace the current secret nectar source xi .
However, as the number of iterations increases, the popula-
tion is converging and the search range become smaller. If the
global search continues to generate a new solution randomly
in the population according to (1), then its convergence rate
will decrease.

To tackle this problem, inspired by [32], three candidate
solutionsm1,m2 andm3 are used to enhance the global con-
vergence during the scout bee phase, and the new solution is
chosen from m1, m2 and m3 to replace the abandoned solu-
tion xi .

For the solutionm1, it is randomly generated according to
(1) as same as the original ABC [3].

For the solutionm2, it is generated based on solutions xs1 ,
xs2 , xs3 randomly selected in three different levels, and the
detailed formula is provided in the following equation:

m2, j = xs1, j + φi, j · (
xs2, j − xs3, j

)
(10)

where j = 1, 2, 3, ..., D, xs1 ,xs2 ,xs3 denote three randomly
selected individuals in the first layer, second layer and third
layer respectively. φi, j is a random number generated in the
interval [-1,1].

For the solutionm3, it is generated by an opposition-based
learning approach. As reported in literatures [32, 58] that the
opposition-based learning approach in some degree can help
to find a better candidate solutions and prevent the population
from trapping into local optima. In the iterative process of the
algorithm, if the historical best solution xgbest searched by
the current population is not the global optimal solution of the
problem to be solved, then the opposition-based method for
the current optimal solution xgbest can help the population
to jump out of the local optimum and improve the global
convergence. Thus, in theHLABCalgorithm, the opposition-
based learning approach are used to generate a new solution
based on xgbest . The details of the formula are shown below
in (11):

m3, j = LBj +UBj − xgbest, j (11)

where, j = 1, 2, 3, ..., D, UBj and LBj is the upper and
lower boundaries of the problem to be optimized, which
are defined according to the problem. Figure 3 illustrates
the process of opposition-based learning, where xgbest, j
and m3, j are different solution on the j th dimension. As
shown in Fig. 3, the space distance of

∣∣xgbest, j − LBj
∣∣ and∣∣UBj − m3, j

∣∣ are equal. In the search spaces, the xgbest, j
and m3, j are in symmetric and opposite positions. When the
generation of the best solutions stagnates, the method can
help population to find better solutions.

When all the candidate solutionsm1,m2 andm3 have been
generated, then the greedy selectionmethod is used to choose
one of the best solutions among m1, m2 and m3 to replace
the abandoned solution xi .

3.4 The Framework of HLABC

As mentioned above, the proposed HLABC algorithm con-
tains three modifications: 1) A novel hierarchical learning
framework is designed for the better individual selection
instead of the traditional roulette wheel selection; 2) Two
novel learning strategies in employed bee phase and onlooker
bee phase are introduced based on the proposed hierar-
chical learning topology,and help the population to search
further in the neighborhood; 3) A greedy selection method
based on more candidate solutions is adopted in the scout
bee phase and in some degree it can prevent the popula-
tion from trapping in local optima. The pseudocode and

Fig. 3 Opposition-based learning: the global best solution xgbest, j filled
in green color and its opposing solution m3, j filled in blue color in the
j th dimension
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Algorithm 1 HLABC Algorithm.
Input: Swarm size SN , maximum of failure times limit , serch space [LB, UB], maximum of

fitness evluations MaxFEs
Output: xgbest , f (xgbest )

1 /* Initialization */
Produce SN initial solutions randomly by (1);

2 Compute their objective function values;
3 while FEs < MaxFEs do
4 Sort existing populations;
5 /* Employed bee phase */

for i = 1 to SN do
6 Choose the global best solution xgbest ;
7 Selected three different individuals xs1 , xs2 and xs3 randomly in s1, s2 and s3;
8 Generate Vi by (8);
9 Calculate the objective function value of Vi , and FEs = FEs + 1;

10 Update xi by (3);
11 Update traili by (4);
12 end
13 /* Onlooker bee phase */

for i = 1 to SN do
14 Choose the global best solution xgbest ;
15 Selected three different individuals xs1 , xs2 and xs3 randomly in s1, s2 and s3;
16 Generate Vi by (9);
17 Calculate the objective function value of Vi ,and FEs = FEs + 1;
18 Update xi by (3);
19 Update traili by (4);
20 end
21 /* Scout bee phase */

for i = 1 to SN do
22 if max tr iali > limit then
23 Generate M1 by (1);
24 Generate M2 by (10);
25 Generate M3 by (11);
26 Calculate the objective function values of M1, M2 and M3;
27 Choose the best value between M1, M2, M3 to replace the abandoned xi
28 end
29 end
30 end

flowchart of the HLABC algorithm is shown in Algorithm 1
and Fig. 4, respectively, where the symbol FEs denotes the
number of fitness evaluations of current objective function
and MaxFEs is the maximum value of FEs.

4 Experimental results and discussion

In this section, in order to evaluate the performance of the pro-
posed HLABC algorithm, comprehensive experiments are
conducted on a series of international benchmark optimiza-
tion suites including CEC2005, CEC2010, and CEC2013 on
different dimensionality. In addition, the experimental results
of HLABC are also compared with the state-of-the-art ABC
variants. The details are described below.

4.1 Benchmark functions

To verify the performance and efficiency of HLABC algo-
rithm, a total of 57 benchmark functions from different
benchmark suites are tested.At the beginning, 22well-known
benchmark functions including 8 unimodal functions, and
14 multimodal functions collected from the original paper in
[45] are used to evaluate the performance of HLABC itself
with different parameter settings. Among these functions f1-
f8 are unimodal problems with only one global optimal, and
the types of such functions can be used to study the local
search ability of the algorithm. The functions f9- f22 are
the multimodal functions with more than two optimum, and
they can be used to evaluate the global exploration ability of
an optimizer. An overview of those benchmark functions is
shown in Table 1.
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Fig. 4 The flowchart of HLABC

Then, those functions together with other twoCEC bench-
mark functions include CEC2010 and CEC2013 which are
proposed in the IEEE CEC2010 and CEC2013 special ses-
sions on large-scale global optimization respectively are used
to evaluate the global search ability of HLABC and its peer
compared algorithms. The CEC2010 test suites contains 20
functions. The characteristics and specific form of these
functions can be referred to [46]. The CEC2013 functions
contains 15 functions and are classified into five categories
according to the relationship between decision variables [47].
The CEC2013 test suites are complex and difficult to solve
than CEC2010, thus, it in some degree can better reflect the
real performance of the compared ABC variants on optimiz-
ing the high-dimensional optimization problems.

4.2 Analysis of the parameter settings in HLABC

According to the previous contents, it’s known that in
HLABC algorithm the individuals in the population are
divided into three layers according to the individual’s fitness,
and these individuals showed a hierarchical distribution. The
number of individuals contained in each layer varies. In gen-
eral, the majority of individuals are mainly distributed in the
second layer s2. While the first layer s1 stores the better-

adapted individuals than in the layer s2. In contrast, the third
layer s3 contains the less-adapted individuals than in s2. All
the individuals distributed in different layers together consti-
tute the population.

In this subsection, we will analyze the impact of different
numbers of individuals in different layers on the performance
of the proposed algorithm.Without loss of generality, the size
of the population is uniformly set to 100 in the experimental
tests. For clarity, the following eight typical proportion set-
tings of the number of individuals between different layers
is shown in Table 2. Then, we analyze the effect of different
individual distributions in each layer on CEC2005 test suites.
The other parameter settings are set the same as SN=50,
D=30, MaxFEs=15000, limit=100. For a fair comparison,
the HLABCs with different proportion settings are indepen-
dently run 30 times respectively.

The experimental results for different combinations of
proportion settings are shown in Table 3, where the per-
formance metric mean and std acquired by computing the
average global best fitness in 30 runs are used to measure
the performance of different proportion settings. The best
results for each test function are highlighted in boldface.
The smaller means and standard deviations imply that the
algorithm can achieve much better overall quality with more
stably. Besides, to reflect the experimental results more intu-
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Table 1 The properties of benchmark functions

Probelm name Range Minimum

Sphere ( f1) [-100,100] 0

Elliptic ( f2) [-100,100] 0

SumSquare ( f3) [-10,10] 0

Schwefel 1.2 ( f4) [-100,100] 0

Schwefel 1.2 with noise ( f5) [-10,10] 0

Schwefel 2.21 ( f6) [-100,100] 0

Schwefel 2.22 ( f7) [-10,10] 0

Step ( f8) [-100,100] 0

Quartic ( f9) [-1.28,1.28] 0

Rosenbrock ( f10) [-2,2] 0

Griewank ( f11) [-600,600] 0

Schwefel 2.26 ( f12) [-500,500] -418.98289·D
Rastrigin ( f13) [-5,5] 0

NCRastrigin ( f14) [-5.12,5.12] 0

Ackley ( f15) [-50,50] 0

Penalized1 ( f16) [-100,100] 0

Penalized2 ( f17) [-100,100] 0

Bohachevsky2 ( f18) [-100,100] 0

Alphine ( f19) [-10,10] 0

Levy ( f20) [-10,10] 0

Weierstrass ( f21) [-5,5] -D

Michalewicz ( f22) [0,π ] -9.66015

itively, we counted the average ranking of the compared
HLABCs and listed it in the last row of Table 4. According to
the experimental statistics, it is obvious that the convergence
accuracy of the HLABC algorithm differs from each other
when the population are distributed in different proportions
for each layer. In addition, when the number of outer layers s3
is significantly more or less than the number of inner layers
s1, the average convergence accuracy of the algorithm is poor,
andnoneof themcan reach theoptimal result.However,when
the ratio of individuals within the population between s1, s2
and s3 is close to 1:7:2, the algorithm can achieve relatively
better results for all tested functions in general. Therefore,

Table 2 The proportion of the number of individuals among different
layers (%)

Algorithm s1 s2 s3

HLABC-case-1 5% 60% 35%

HLABC-case-2 5% 70% 25%

HLABC-case-3 10% 60% 30%

HLABC-case-4 10% 70% 20%

HLABC-case-5 15% 60% 25%

HLABC-case-6 15% 70% 15%

HLABC-case-7 20% 60% 20%

HLABC-case-8 20% 70% 10%

the HLABC with a proportion of 1:7:2 among the layers is
as default set in this paper.

4.3 Parameter settings for compared algorithms

In this paper, we compared HLABC with the basic ABC
algorithm and other efficientABCvariants to further evaluate
the performance of HLABC. The other ABCs are listed as
follows:

• The basic ABC(ABC) [3]
• The global best guided ABC(GABC) [20]
• Multi-strategy ensemble of ABC (MEABC) [35]
• Hybrid ABC-TLBO(ABC-TLBO) [61]
• Multi-elite guidance ABC(MGABC) [64]
• Hierarchical learning ABC (the proposed HLABC)

To have a fair comparison, the parameters for the com-
pared algorithms are set according to their original papers.
The population size SN is set to 50 and the solution quality
supervision threshold limit is set to 100. The parameter C
associated with φi in (8) is set to 1.5 according to [20]. The
proportion of the number of individuals in s1, s2, and s3 is set
to 1:7:2. Besides, the hyperparameters in GABC, MEABC,
ABC-TLBO, MGABC are set according to the correspond-
ing literatures in [20, 35, 61], and [64], respectively. The
detailed hyperparameter settings are shown in Table 5. In the
table,ϕ represents the coefficient of the individual update for-
mula in the Employed Bee Phase of the ABC algorithm; C
is the upper limit of the random coefficient in the GABC and
MEABC algorithms; In the ABC-TLBO algorithm, r and φ

are the coefficients of the individual update formula and MR
and CR are the probabilities of selecting different search
strategies; In MGABC, q is used to control the number of
elite individuals, p is introduced to control the probability of
using the modified neighborhood search operator, andMR is
used to control the frequency of perturbation. For each tested
problem, all ABCs need to run 30 times independently.

4.4 Comparison and analysis of optimization results

In this section, we compared the proposed algorithm on a
set of 57 benchmark functions, including 22 commonly used
unimodal, multimodal functions, and 35 additional functions
from the CEC2010 and CEC2013 test suites. Both quanti-
tative and qualitative validation metrics are utilized for the
comparison. The quantitative metrics include the mean and
standard deviation(std) values of the different test functions,
and the qualitative measures include convergence curves and
statistical box diagrams. Figures 5, 6, 7 show the convergence
curves of the average fitness values of different algorithms.
Specifically, the optimal solutions found by each genera-
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Table 4 The Friedman mean
Rank of HLABC with different
proportions

Algorithm Mean rank

HLABC-case-1 3.09

HLABC-case-2 3.09

HLABC-case-3 2.82

HLABC-case-4 2.77

HLABC-case-5 3.45

HLABC-case-6 4.14

HLABC-case-7 2.95

HLABC-case-8 3.27

tion of the algorithm are recorded and plotted as curves.
This image can help readers more intuitively understand the
optimization capabilities and convergence speed of differ-
ent algorithms. Figure 8 shows the average ranking results
of the algorithm on different problems using a histogram,
which better demonstrates the comprehensive performance
gap betweeen algorithms. In addition, Figs. 9, 10 and 11 show
statistical box plots of the optimal solutions output by the
algorithm multiple times, which can help readers understand
the stability exhibited by the algorithm when optimizing
problems.

4.4.1 Experimental results and discussions on CEC2005 test
suite

First,the performance of these ABC variants is compared
on the 22 benchmark functions on CEC2005 test suites. The
dimension D is set to 30 and 100, respectively. Themaximum
number of fitness evaluations for each algorithm are all set
to MaxFEs = 50 ∗ 104.

Table 6 shows the average global best fitness obtained
by HLABC and the other five ABC variants on solving
the 30-dimensional problems. For clarity, the best solutions
are highlighted in bold. The comparison results show that
HLABC outperforms the original ABC and GABC on all
problems. For function f8, the performance of HLABC and

Table 5 Hyperparameter settings for different ABC variants

Algorithm Hyperparameters Value

ABC ϕ [-1,1]

GABC C 1.5

MEABC C 1.5

ABC-TLBO r [0,1]

φ [0,1]

MR [0,1]

CR [0,1]

MGABC q 0.1

p 0.1

MR 0.5

HLABC s1:s2:s3 1:7:2

MEABC is comparable. However, for the remaining prob-
lems, HLABC outperforms MEABC. HLABC achieves the
same results as MEABC on 4 problems. On the remain-
ing 18 problems, HLABC outperformsMEABC. Among the
five ABC algorithms other than HLABC, ABC-TLBO is the
better performing algorithm. ABC-TLBO achieves the same
results as HLABC on 4 problems and achieves better results
than HLABC on f10 and f16. On the remaining problems,
HLABC outperforms ABC-TLBO. MGABC performs sim-
ilarly to ABC-TLBO, achieving the same results as HLABC
on 2 problems and achieves better results than HLABC on
f12 and f17. For the remaining problems, HLABC is better
than MGABC. The experimental results clearly show that
HLABC has a strong global search capability on unimodal
and multimodal functions.

Table 7 shows the CEC2005 comparison results of the six
ABC variants on 100 dimensions. When the search dimen-
sion of the problem is increased from 30 to 100, HLABC
achieves better results in general than the basic ABC on all
problems except f8. For function f8, all algorithms get the
similar best results. For function f10, HLABC is the second-
best algorithm after GABC. On f8, f13, and f14, all five
ABCs achieve the same global best solutions. On other prob-
lems, HLABC achieves better solutions than GABC. For f11
and f12, MEABC, ABC-TLBO, MGABC, and HLABC all
achieve globally the best solutions. ABC-TLBO achieves
better solutions than HLABC on f17 and f20. HLABC out-
performs ABC-TLBO on 9 problems. MGABC achieves
better results than HLABC on f17. For f16, f18 and f22,
ABC-TLBO, MGABC, and HLABC totally achieve the best
solutions. From the experimental results, it can be seen that
the convergence accuracy of the algorithm decreases as the
dimension increases. However, HLABC still finds the best
solution on most of these problems.

Figure 5 gives the convergence curves of the six types
of ABCs on all problems in 30 dimensions. In f1, f3, f4,
f6, f7, f9, and f21, HLABC converges the fastest and the
best solutions are achieved. In f19, the convergence speed
of ABC-TLBO in the early phase is comparable to that of
HLABC. As the number of iterations increases, the HLABC
algorithm is faster than the other ABCs in the final search
phase. For f21, the convergence speed of HLABC starts to
increase explosively in the late iterations. As can be seen
from the figure, HLABC has good convergence speed and
performance.

4.4.2 Experimental results and discussions on CEC2013 test
suite

To further verify the efficiency and effectiveness of HLABC,
we then compare it with five efficient ABC variants on
the IEEE CEC2013 test suite with 20 functions. Among
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A hierarchical learning based artificial bee colony algorithm for...
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Fig. 5 The convergence curves of the comparison of HLABC with other algorithms on CEC2005 benchmark

them, f1- f5 are unimodal functions. f6- f20 are Basic Multi-
modal Functions. Theywere tested on 30 and 100 dimension,
respectively.

For 30-dimensional problems, the experimental results are
shown in Table 8. It can be observed that HLABC still shows
good global convergence performance on the complex and
high-dimensional problems. Compared with CEC2005, the
experimental results obtained on CEC2013 are more similar.
For f1- f5, the differences among the algorithms are obvi-
ous. On f1 f2, f3 f4 and f5, HLABC algorithms all achieve
the best solution. For f10, MGABC finds the best solution.
For f6- f20, the advantages of HLABC start to emerge, and
the best solution is obtained on 11 problems. The conver-

gence curves of the six classes of algorithms on D = 30 are
shown in Fig. 6. It can be seen from the figure that HLABC
converges faster. Especially, in the early iterations, the con-
vergence results of HLABC is substantially ahead.

For the 100-dimensional problems, the performance of
these algorithms rapidly diminishes as the dimensionality
increases. However, the performance change of HLABC is
not particularly obvious. For f1- f5, HLABC also achieves a
good result. However, ABC-TLBO is a better solution than
HLABC for two problems. For f6- f20, all algorithms achieve
the best solution at f20. HLABC and ABC-TLBO have more
similar performance. Both reach the same solution on f7.
However, HLABC achieves the better solutions than ABC-
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Fig. 6 The convergence curves of the comparison of HLABC with other algorithms on CEC2013 benchmark

TLBO with a total of 12 for all problems. MGABC have a
better solution than HLABC also for two problems. Overall,
HLABC achieves the best solution in 13 problems (Table 9).

4.4.3 Experimental results and discussions on CEC2010 test
suite

To further verify the search ability of HLABC on solving
the high-dimensional especially the large-scale optimiza-
tion problems, the CEC2010 benchmark suite is selected
to test the performance of the proposed HLABC and its
peer compared ABC variants. The CEC2010 benchmark can
be divided into three groups: 3 separable functions f1- f3,

15 partially separable functions f4- f18 and 2 non-separable
functions f19 and f20. All these functions were shifted and
rotated, which makes it difficulty for optimizers to find the
global optimal solution. Thus, such benchmark functions are
able to measure the real search performance of those com-
pared algorithms.

The detailed experimental results on 1000-dimensional
problems of HLABC with other five ABC variants on the
CEC2010 test suite are listed in Table 10. It can be seen that
for the separable functions f1- f3, HLABC performs better
than these competitors on f1. However, in the convergence
results of functions f2 and f3, the HLABC algorithm has a
slightly worse performance than ABC-TLBO and MGABE.
In particular, the HLABC algorithm shows better results on
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most of the non-separable functions. For f4, f5 and f17, the
convergence results of ABC-TLBO, MGABC, HLABC are
comparable. They all achieve the best solution. ABC-TLBO
performs better than HLABC on f17. For this problem, the
search performance of HLABC is only inferior to ABC-
TLBO and has a comparable search performance on f19 and
f20. On the problems f4- f18, HLABC achieves the best solu-
tion on 12 problems. These results demonstrate that HLABC
is a competitive global search optimizer with good perfor-
mance in terms of fitness values on solving high-dimensional
problems.

In order to investigate the search behavior of the compared
algorithms on the CEC2010 test suite, the average fitness val-

ues obtained in each generation are calculated, and then the
convergence curves showed in Fig. 7 are plotted based on
those values. From the figures, it can be seen that each com-
parison algorithm converges gradually during the process of
iteration, but the final convergence accuracy results vary sig-
nificantly. Some algorithms converged prematurely or failed
to search for a more optimal solution on the complex func-
tions such as f13, f14, and f17 during the search process.
However, HLABC still can converge to the relatively good
solution quickly and converges significantly faster than the
other algorithms. Overall, HLABC generally performs better
than ABC, GABC, MEABC, ABC-TLBO, MGABC on the
high-dimensional problem.
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Fig. 7 The convergence curves of the comparison of HLABC with other algorithms on CEC2010 benchmark
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Table 11 The winning rate of
HLABC on different test suites

Test suites ABC GABC MEABC ABC-TLBO MGABC

CEC2005-30D 82% 82% 77% 55% 64%

CEC2005-100D 95% 82% 73% 50% 59%

CEC2013-30D 95% 90% 90% 60% 80%

CEC2013-100D 90% 95% 90% 70% 85%

CEC2010-1000D 85% 80% 80% 35% 50%

Average winning rate 89% 86% 82% 54% 68%

4.4.4 The statistical results and analysis

Firstly, to evaluate the overall performance of HLABC on
different test suites, Table 11 shows the rate of Mean that
HLABC outperforms the competitors. From Table 11, it
can be observed that HLABC outperforms ABC and GABC
algorithms on all five test suites with a rate of more than
80%, while outperforming MEABC and MGABC algo-
rithms at 70%and 50% rates, respectively.AlthoughHLABC
only outperforms ABC-TLBO on the 1000-dimensional
CEC2010 at a rate of 35%, it performs with a high rate of
more than 50% on all other suites. Therefore, HLABC shows
significant advantages on all five test suites.

Moreover, in order to verify whether the results acquired
by the compared algorithms are statistical different from
results obtained by other methods, the non-parametric
Wilcoxon rank sum test are also conducted to further ana-
lyze the performance of HLABC and the ABC variants. The
p-value is generated from theWilcoxn sum test, and it reflects
whether the results of two sets follow the same distribution
with a preset significance level α, such as α = 0.05. In gen-
eral, a smaller p-value than the predetermined significance
level implies there is a significant difference between the two
sets. Conversely, a larger p-value than the significance level
indicated that there is no significant difference.

Table 12 shows the p-values between HLABC and the
other five ABCs. If the p-value is less than 0.05, then there
is a significant difference between HLABC and its compared
algorithm. From the experimental results, it can be seen that
there is a significant difference between HLABC and other
ABCs on 30-dimensional and 100-dimensional problems.

For CEC2013, D=30, HLABC is not significantly better than
ABC-TLBO and MGABC. Overall, HLABC outperforms
other ABC algorithms significantly in terms of the average
fitness value.

In addition, another non-parameter Friedman test was also
utilized to measure the average performance of compared
algorithms as further statistical analysis. The average rank-
ing values generated from the Friedman test is shown in the
Fig. 8. The smaller average ranking values mean that the
algorithms have better overall performance. For HLABC,
the smallest ranking value was achieved in all comparisons.
This indicates that HLABC has the best overall performance
among the six ABCs. The performance of ABC-TLBO,
MGABC is slightly inferior to HLABC. ABC and GABC
achieve the worst results.

Figures 5, 6 and 7 show the convergence curves of algo-
rithms on different optimization problems. These figures
show that the HLABC algorithm exhibits the fastest con-
vergence rate on 39 of the 60 functions, indicating that the
learning pattern from the outer layer to the inner layer in
the hierarchical learning model provides a more reasonable
evolutionary direction for population evolution, allowing the
population to quickly evolve towards the dominant region.

In order to observe the performance of the compared
algorithms more intuitively, the Boxplot figures are used to
show the potential of the compared methods. From the Box-
plot, one can be seen how consistently the optimal solutions
are obtained on the problem-solving. Figures 9, 10, and 11
showed the Boxplots of compared algorithms on test func-
tions selected from the CEC2005,CEC2010 and CEC2013
suites.

Table 12 The Wilcoxon rank
sum test results on
CEC2005,CEC2010, and
CEC2013

Algorithm CEC2005 CEC2013 CEC2010
D=30 D=100 D=30 D=100 D=1000

ABC 4.15E-05 2.02E-05 1.95E-03 7.65E-04 3.46E-04

GABC 2.13E-03 2.39E-03 1.80E-02 3.54E-04 4.27E-03

MEABC 5.62E-03 9.33E-03 3.60E-02 1.44E-03 1.69E-03

ABC-TLBO 2.64E-02 3.43E-02 1.12E-01 2.01E-02 3.10E-02

MGABC 3.51E-02 4.57E-02 2.48E-01 3.80E-02 5.28E-03
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Fig. 8 The average ranking
results of the compared
algorithms by Friedman tests
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Fig. 9 The boxplot of the comparison of HLAB with other algorithms on CEC2005 benchmark functions
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Fig. 10 The boxplot of the comparison of HLAB with other algorithms on CEC2010 benchmark functions

It can be seen that the performance of HLABC on uni-
modal, multimodal, and large scale functions is significantly
improved compared to other algorithms.

This indicates that the HLABC has stronger stability,
further proving that the learning at different levels in the
hierarchical learning model provides the population with
more evolutionary directions to avoid the population quickly
falling into local optima and causing the algorithm to prema-
turely mature, which greatly improves the robustness of the
ABC algorithm. Finally, we display the 3D images of some
functions and the 2D search history of HLABC on these
functions in Fig. 12.

It can be seen that individuals exhibit two distribution
states, namely scattered throughout the space and clustered
in some regions. Firstly, scattered individuals demonstrate
the exploration process of the population throughout the
search space, which can help the algorithm locate the advan-
tageous regions and avoid the population falling into local
optima. Secondly, the clustering of individuals demonstrates
the development process of the population, which is the pro-
cess of continuous search in the advantageous regions. This
can help the algorithmfindmore accurate solutions. From the
2D search image of HLABC algorithm, it can be seen that
the hierarchical learningmodel well balances the exploration
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Fig. 11 The boxplot of the comparison of HLAB with other algorithms on CEC2013 benchmark functions

and development process of the algorithm, which ensures
the population continues to evolve towards the advantageous
regions.

4.5 The performance of HLABC on the latest
problems

In order to test the performance of the proposed HLABC
algorithm on the latest problems, this section conducted
comparative experiments on CEC2022 between the HLABC
algorithm and advanced PSO and DE variants, including
SAPSO [65], AIWPSO [66], EHDE [67], and APSO-DEE
[68]. The experimental data are shown in Table 13

From the experimental results, it can be seen that the
HLABC algorithm obtained the best test results in a total
of 9 test functions, including F2, F3, F4, F5, F7, F8, F10,
F11, and F12. HLABC has demonstrated excellent compre-
hensive testing results at CEC2022.

5 Deployment of wireless sensor networks

As an intelligent information acquisition system, wireless
sensor networks(WSNs) relies on a large number of wireless
sensors to realize data dissemination and interaction through
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Fig. 12 The search history of individuals in HLABC algorithm on different types of benchmark functions

electromagnetic wave signals, while monitoring external
objects to achieve information collection and transmission.

In order to ensure that WSNs can efficiently complete the
monitoring tasks in the designated area, it is necessary to
optimize the deployment ofWSNs [69]. Therefore, the WSNs
coverage optimization problem has long been a hot topic of
research as an important element of the deployment ofWSNs
[70].

5.1 Mathematical model ofWSNs coverage rate

As the end structure of WSNs, wireless sensors are the basic
units for monitoring the external objects, and the quality of

service of WSNs is directly affected by the area coverage
rate. Therefore, in this paper, the area coverage rate is used
as evaluation index for the deployment of WSNs, and the
problem of maximizing the coverage rat is optimized.

Assume that v isomorphic wireless sensors are randomly
scattered in the two-dimensionalplaneP, the set of these sensors
is denoted C = {c1, c2, . . . , cv} , and the i th sensor coordinate
is ci = (cxi , cyi ). Each sensor has the same sensing radius
Rs and communication radius Rc satisfying Rc= 2Rs .

The Euclidean distance from sensor ci to any point in the
monitoring area is:

d(ci , z) =
√

(x − cxi )2 + (y − cyi )2 (12)
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Table 13 The comparison results of HLABC with other algorithms on CEC2022

Functions SAPSO AIWPSO EHDE APSO-DEE HLABC
Mean±Std Mean±Std Mean±Std Mean±Std Mean±Std

F1 1.17E+03±1.24E+03 0.00E+00±5.17E-29 6.14E-07±4.68E-07 1.14E+05±8.43E+04 1.18E+02±5.68E+01

F2 9.65E+01±5.81E+01 8.99E+00±2.19E+01 4.69E+00±4.17E+00 3.15E+03±1.00E+03 4.43E+00±3.55E+00

F3 2.59E+01±1.02E+01 1.14E-01±2.49E-01 3.09E-01±6.67E-01 9.30E+01±1.87E+01 4.17E-02±4.09E-02

F4 3.40E+01±1.95E+01 2.25E+01±9.07E+00 1.64E+01±8.63E+00 1.30E+02±1.95E+01 1.63E+01±5.90E+00

F5 1.10E+02±1.92E+02 1.32E+01±3.86E+01 1.10E+01±2.13E+01 3.47E+03±8.21E+02 1.35E+00±1.14E+00

F6 5.10E+05±7.62E+05 2.01E+03±1.74E+03 3.30E+01±2.60E+01 2.16E+09±1.59E+09 2.58E+03±1.43E+03

F7 8.86E+01±4.74E+01 1.70E+01±8.76E+00 1.91E+01±8.01E+00 2.75E+02±8.10E+01 1.69E+01±3.73E+00

F8 5.01E+01±3.96E+01 2.15E+01±6.94E-01 1.84E+01±6.44E+00 5.37E+02±2.13E+02 1.38E+01±5.41E+00

F9 3.43E+02±1.09E+02 2.05E+02±1.23E+01 2.29E+02±3.64E-12 8.62E+02±2.84E+02 2.29E+02±2.82E-03

F10 2.71E+02±4.17E+02 1.48E+02±6.19E+01 1.13E+02±3.78E+01 1.24E+03±8.92E+02 9.82E+01±6.98E+00

F11 3.08E+02±2.13E+02 4.50E+01±1.01E+02 4.00E+01±1.26E+02 2.03E+03±1.08E+03 2.47E+01±5.01E+00

F12 1.92E+02±2.38E+01 1.63E+02±2.07E+01 1.65E+02±1.91E+00 5.27E+02±1.77E+02 1.60E+02±1.19E+00

Thus the detection probability of sensor ci for any point z
can be expressed in (13).

P(ci , z) =

⎧
⎪⎨

⎪⎩

1

exp
(−λ1α1

β1

α2
β2+λ2

)

0

d(ci , z) ≤ Rs − Re

otherwise
d(ci , z) ≥ Rs + Re

(13)

where Re(0 < Re < Rs) is the reliability parameter;α1 =
Re − Rs + d(ci , z);α2 = Re + Rs − d(ci , z); β1, β2, λ1 and
λ2 are the measurement parameter related to the sensor, and
in this paper they are set to β1 = 1, β2 = 1.5, λ1 = 1 and
λ2 = 0.

After obtaining the detection probability for any point
based on (13), the joint detection probability of all sensors
for a target point z is calculated as follows.

P(C, z) = 1 −
v∏

i=1

(1 − P (ci , z)) (14)

In this paper, a grid-based approach is used to select the
detection points z. i.e. the detection area is discretized into

m × n pixel points„ then the network coverage rate is calcu-
lated by the following equation.

Pcov =
∑m

x=1
∑n

y=1 P(C, z)

m × n
(15)

5.2 Experiments and analysis

In order to verify the effectiveness of the HLABC algorithm
on real-world optimization problems, this section compares
theHLABCalgorithmwith the other five excellent intelligent
optimization algorithmsmentioned earlier on the deployment
of WSNs.

The specific optimization principle for WSNs is to treat
the individuals within the algorithm population as a node
deployment scheme, similar to (16), and then use the algo-
rithm to continuously optimize the deployment scheme until
the output coverage is optimal.

[c1, c2, · · · , cv]
⇓

[(cx1, xy1) , (cx2, cy2) , · · · , (cxv, cyv)]
(16)

The simulation experiment environment is the same as
that used for the performance test in Section 4, and in the

Table 14 The comparison results of HLABC with other algorithms on deployment of WSNs

Scenarios ABC GABC MEABC ABC-TLBO MGABC HLABC
Mean±Std Mean±Std Mean±Std Mean±Std Mean±Std Mean±Std

scenario 1 0.8974±0.0061 0.9122±0.0034 0.9042 ± 0.0021 0.9167±0.0064 0.9084 ±0.0088 0.9112±0.0083

scenario 2 0.9614±0.0041 0.9624 ±0.0043 0.9641 ±0.0011 0.9665 ±0.0054 0.9555 ± 0.0083 0.9693±0.0018

scenario 3 0.8078 ± 0.0101 0.8273 ± 0.0077 0.8152 ± 0.0087 0.8316 ± 0.0141 0.8369 ± 0.0123 0.8518 ±0.0063

scenario 4 0.8922 ± 0.0157 0.8979 ± 0.0094 0.9034 ± 0.0079 0.9250 ± 0.0043 0.9250 ± 0.0178 0.9413±0.0049
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experiment the MaxFEs of each algorithm are set to 25000,
the population size SN set to 50, and eachgroupof simulation
experiments is run 30 times independently, and the better
once sensor distribution map is recorded.

This experiment designs four scenarios for deployment
of WSNs. The scenario 1 and 2 are to deploy 15 and 20
sensors whose Rs is 5 in the 30x30 area respectively. And
the scenario 3 and 4 are to deploy 30 and 40 sensors whose
Rs is 10 in the 100x100 area respectively. The experimental
results of the six algorithms on the four scenarios are shown
in Table 14, and Fig. 13 shows four distributions of sensor,
which are the best results of HLABC optimization.

It can be seen from Table 14 that HLABC algorithm is
not as effective as ABC-TLBO algorithm on scenario 1, but
is superior to other algorithms in the other three scenarios.
In general, HLABC algorithm has better performance on
deployment of WSNs.

6 Power scheduling problem in a smart
home

This section introduces the Power Scheduling Problem in a
SmartHome (PSPSH) [71] , in order to achieve the best effect
of PSPSH, it is necessary to consider the influence of vari-
ous factors, including electricity bill(EB), peak-to-average
ratio(PAR) and user comfort level(UCL).

6.1 Types of appliances

In this paper, appliances are divided into two categories
Shiftable Appliances(SAs) and Non-shiftable Appliances
(NSAs) according to whether they can be operated automat-
ically or not.

6.1.1 Shiftable appliances

SAs are able to operation automatically according to user’s
pre-defined time, such as air conditioner and washing

machine. The vector S is used to represent SAs of a smart
home.

S = [s1, s2, . . . , sm] (17)

Where si represents the i th SA.
Appliances can be scheduled to operate within a time-

frame T . The T is divided into several time slots as follows.

T =
[
t1, t2, . . . , tn

]
(18)

Where t j denotes the j th time slot.
Thus the power demand of SAs in a smart home can be

expressed using matrix (19).

PS =

⎡

⎢⎢
⎢
⎣

ps11 ps12 · · · ps1m
ps21 ps22 · · · ps2m
...

... · · · ...

psn1 psn2 · · · psnm

⎤

⎥⎥
⎥
⎦

(19)

where psi j represents the power required by the i th SA in
the j th time slot. The vectors OT P s (20) and OT Pe (21)
represent start time and end time of the allowed operations
of SAs, respectively.

OT P s = [OT Ps1, OT Ps2, . . . , OT Psm] (20)

OT Pe = [OT Pe1, OT Pe2, . . . , OT Pem] (21)

where OT Psi and OT Pei are the start time and end time of
the allowed operation for the i th SA, respectively. And the
vector L (22) is used to represent the time it takes for SAs to
complete operation.

L = [l1, l2, . . . , lm] (22)

where li denotes the time required by the i th SA to finish
operation. SAs should start and end operations at specific
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Fig. 13 The sensor distribution after HLABC optimization
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time slots, using the vectors St and Et to represent them.

St = [st1, st2, . . . , stm] (23)

Et = [et1, et2, . . . , etm] (24)

where sti and eti are the actual start and end operation time
slots of the i th SA, respectively.

6.1.2 Non-shiftable appliances

The NSAs do not have pre-set operating times, such as TVs
and lights, they run in real time based on user demand. The
NSAs in a smart home are represented using the vector NS.

NS = [
ns1, ns2, . . . , nsq

]
(25)

where nsi is the i th NSA. Meanwhile the power demand of
NSAs is expressed using the vector PNS as follows.

PNS = [
pns1, pns2, . . . , pnsq

]
(26)

6.2 Electricity bill

Reducing electricity bill(EB) is the main objective of PSPSH
optimization. EB is calculated using the following equation.

EB =
n∑

j=1

m∑

i=1

ps ji × pc j (27)

Where pc j represents the electricity price in the j th time
slot, and the pc j is obtained according to (28).

pc j =
{
a j i f 0 ≤ ps j ≤ C
h j i f ps j > C

(28)

h j = λ × a j (29)

where C denotes a threshold of electricity price change, a j

and h j are the normal and higher electricity prices, respec-
tively, and λ is the percentage increase of electricity price
from a j to h j .

6.3 Peak-to-average ratio

PAR represents the ratio of maximum power consumption to
average power consumption. for power systems, optimizing
PAR can balance the system pressure distribution during the
time of use and improve the life of the system. the formula
for calculating PAR is as follows.

PAR = PSmax

PSAvg
(30)

PSAvg =
∑n

j=1 ps
j

n
(31)

where PSmax and PSavg represent themaximumand average
power demand within T , respectively.

Table 15 The main characteristics of the shiftable appliances

NO. SAs L OT Ps − OT Pe Power No. SAs L OT Ps − OT Pe Power

1 Dishwasher 105 540- 780 1.2 19 Dehumidifier 30 1-120 0.25

2 Dishwasher 105 840-1080. 1.2 20 Dehumidifier 30 120- 240 0.25

3 Dishwrasher 105 1200-1440 1.2 21 Dehumidifier 30 240- 360 0.25

4 Air Conditioner 30 1-120 1.6 22 Dehumidifier 30 360-480 0.25

5 Air Conditioner 30 120- 240 1.6 23 Dehumidifier 30 480- 600 0.25

6 Air Conditioner 30 240-360 1.6 24 Dehumidifier 30 600 - 720 0.25

7 Air Conditioner 30 360- 480 1.6 25 Dehumidifier 30 720 - 840 0.25

8 Air Conditioner 30 480- 600 1.6 26 Dehumidifier 30 840 - 960 0.25

9 Air Conditioner 30 600- 720 1.6 27 Dehumidifier 30 960-1080 0.25

10 Air Conditioner 30 720- 840 1.6 28 Dehumidifier 30 1080-1200 0.25

11 Air Conditioner 30 840- 960 1.6 29 Dehumidifier 30 1200-1320 0.25

12 Air Conditioner 30 960 - 108o 1.6 30 Dehumidifier 30 1320-1440 0.25

13 Air Conditioner 30 1080-1200 1.6 31 Electric Water Heater 35 300-420 1.8

14 Air Conditioner 30 1200-1320 1.6 32 Electric Water Heater 35 1100-1440 1.8

15 Air Conditioner 30 1320- 1440 1.6 33 Coffee Maker 10 300-150 0.1

16 Washing Machine 55 60- 300 0.3 34 Coffee Maker 10 1020-1140 0.1

17 Clothes Dryer 60 300- 480 0.1 35 Robotic Pool Filter 180 1-540 1.5

18 Refrigerator 1440 1-1440 0.2 36 Robotic Pool Filter 180 900-1440 1.5
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Table 16 Non-shiftable appliances

No. NSAs Power

1 Light 0.6

2 Attic Fan 0.3

3 Table Fan 0.8

4 Iron 1.5

5 Toaster 1

6 Computer Charger 1.5

7 Cleaner 1.5

8 TV 0.3

9 Hair Dryer 1.2

10 Hand Drill 0.6

11 Water Pump 2.5

12 Blender 0.3

13 Microwave 1.18

14 Electric Vehicle 1

6.4 User comfort level

In this paper, we improve the UCL by reducing the average
waiting time WT Ravg for running SAs and decreasing the
average capacity power limiting rate CPRavg for running
more NSAs with ps not exceeding C . First, the equation for
calculating WT Ravg is as follows.

WT Ravg =
∑m

i=1 (sti − OT Psi )∑m
i=1 (OT Pei − OT Psi − li )

(32)

Then, the CPRavg for all time slots is calculated using the
following equation.

CPRavg =
∑n

j=1
∑q

k=1 ON A j
k

q × n
(33)

ON A j
k =

{
0 i f pnsk < AP j

1 otherwise
(34)

AP j = C − ps j (35)

where C and ps j have the same meaning as in (28).

6.5 Objective function

Since the PSPSHneeds to consider EB, PAR andUCL simul-
taneously, it is a multi-objective optimization problem. In
this paper, the multi-objective problem is transformed into
a single objective function by assigning weights to different
objective functions as follows.

min F(X) = w1 × EB

EB + A
+ w2 × PAR

PAR + B
+

w3 × WT Ravg + w4 × CPRavg

(36)

where w1, w2, w3 and w4 are the weight parameters which
represent importance of objective functions, A and B are two
positive numbers.

6.6 Experiments and analysis

This section compares the proposed HLABC algorithm with
five other ABC variants on the PSPSH. Appliances used in
the experiment are from paper [54] and characteristics of
appliances are shown in Tables 15 and 16.

Seven scenarios were designed for the PSPSH simulation
experiments. The specific scenarios are shown in Table 17.
In this simulation experiment, environment is the same as in
Section 4, and the MaxFEs and SN are set to 5000 and 50,
respectively. Each group of simulation experiments is run 30
times independently. For the parameters, this paper refers to
the settings in paper [54]. The weights w1, w2, w3 and w4

are set to 0.4,0.2,0.2 and 0.2 respectively, the threshold C
and ratio λ are 0.0333 and 1.543 respectively.

Specifically, the optimization process of PSPSH is to use
the start time St of different appliances as the dimension of
each individual in the population, and then find the optimal
start time for each appliance between OT Ps and OT Pe.

The experimental results are shown in Table 18, it can be
seen that the HLABC algorithm achieves the best results in
scenarios 1,2 and 6.

Table 17 Scenarios of shiftable appliances

Scenarios SAs dimension

scenario 1 1,3,4,6,7,15,18,20,21,24,26,27,29,33,35 15

scenario 2 1,2,4,5,6,7,10,11,12,18,25,26,27,28,29,31,32,33,34,36 20

scenario 3 3,4,5,6,7,8,9,10,11,12,13,14,15,18,23,24,25,26,27,28,31,32,33,34,35 25

scenario 4 1,2,3,5,7,8,11,12,13,16,17,18,20,21,23,24,25,26,27,28,29,30,31,32,33,34,35,36 28

scenario 5 3,4,5,6,7,8,9,10,11,12,13,14,15,17,18,19,20,21,23,24,25,26,27,28,29,31,32,33,34,35 30

scenario 6 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31,33,34,35 34

scenario 7 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36 36
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Table 18 The comparison results of HLABC with other algorithms on PSPSH

Scenarios ABC GABC MEABC ABC-TLBO MGABC HLABC
Mean±Std Mean±Std Mean±Std Mean±Std Mean±Std Mean±Std

scenario 1 0.3532 ± 0.0053 0.3371 ± 0.0038 0.3388 ± 0.0037 0.3341±0.0000 0.3378 ± 0.0084 0.3341±0.0000

scenario 2 0.3689 ± 0.0066 0.3604 ± 0.0053 0.3619 ± 0.0028 0.3540 ± 0.0004 0.3548 ± 0.0007 0.3533±0.0036

scenario 3 0.3756 ± 0.0030 0.3625 ± 0.0051 0.3657 ± 0.0038 0.3479±0.0014 0.3521 ± 0.0035 0.3500 ± 0.0032

scenario 4 0.3701 ± 0.0159 0.3612 ± 0.0090 0.3606 ± 0.0053 0.3410 ± 0.0014 0.3407±0.0021 0.3418 ± 0.0043

scenario 5 0.3789 ± 0.0077 0.3732 ± 0.0056 0.3743 ± 0.0051 0.3538±0.0031 0.3553 ± 0.0012 0.3551 ± 0.0026

scenario 6 0.3822 ± 0.0052 0.3708 ± 0.0027 0.3733 ± 0.0053 0.3475 ± 0.0026 0.3477 ± 0.0019 0.3464±0.0028

scenario 7 0.3676 ± 0.0070 0.3752 ± 0.0045 0.3662 ± 0.0047 0.3421 ±0.0034 0.3386±0.0056 0.3403 ± 0.0058

7 Multi-thresholding image segmentation

Image segmentation is a technique for simplifying images,
which reduces the complexity of the image and is a criti-
cal step in image analysis. Kapur et al. proposed a simple
and effective image segmentation technique called Kapur’s
entropy method, which yields excellent segmentation results
[72].

7.1 Kapur’s entropymethod

For an image with a gray interval of [0, L − 1], the image
is divided into M subclasses: C0 = {0, 1, · · · , t}, C1 =
{t1 + 1, t1 + 2, · · · , t2}, CM−1 = {tM−1 + 1, tM−1 + 2, · · · , L − 1},
and the entropy is defined by (37).

φ(t1, t2, · · · , tM−1) = −
t1∑

i=0

pi
P0

· ln pi
P0

−

· · ·
t2∑

i=t1+1

pi
P1

· ln pi
P1

−
L−1∑

i=tM−1+1

pi
PM−1

· ln pi
PM−1

(37)

where {t1, t2, · · · , tM−1} are the thresholds used in image
segmentation, and Pj = ∑

i∈C j
pi , j = 0, 1, · · · , M − 1.

Therefore, the optimal thresholds are determined by:

{t∗1 , t∗2 , · · · , t∗M−1} = argmax
0<t1<···<tM−1<L−1

φ(t1, t2,

· · · , tM−1)

(38)

7.2 Experiment and analysis

In order to test the performance of HLABC in image seg-
mentation, four commonly used test images, Cameraman,
Sailboat, Monkey, and Tank, are used for testing. In the pro-
cess of optimizing image segmentation, each threshold is a
different dimension of the population, so an individual repre-
sents a threshold scheme for image segmentation. During the
algorithm’s run, the threshold continues to evolve towards the
optimal direction until the final optimal solution is output.

In this section, the images are segmented into 5 levels,
and MaxFEs was set to 10000. The experimental results are
shown in Table 19. From the table, it can be observed that
the HLABC algorithm demonstrates the best performance
on Cameraman and Tank images, followed by Sailboat and
Monkey images where HLABC’s performance is slightly
below that of MEABC. Additionally, Fig. 14 displays the
original images and the segmented images obtained using
HLABC. From the figures, it is evident that the images seg-
mented by HLABC exhibit excellent quality.

8 Conclusion

This paper introduces a novel ABC algorithm named HLABC,
which is based on a hierarchical learning topology. In
HLABC, three novel modification strategies are designed to
enhance the global searching ability of the ABC algorithm.
Firstly, a hierarchical ring topology is proposed, dividing the
entire population into three layers based on individual fit-

Table 19 The comparison results of HLABC with other algorithms on image segmentation

Scenarios ABC GABC MEABC ABC-TLBO MGABC HLABC
Mean±Std Mean±Std Mean±Std Mean±Std Mean±Std Mean±Std

Cameraman 21.170±0.008 21.167±0.018 21.173±0.011 21.174±0.026 21.163±0.043 21.176±0.014

Sailboat 21.034±0.030 21.028±0.015 21.061±0.036 21.042±0.038 21.031±0.019 21.043±0.048

Monkey 21.262±0.040 21.271±0.022 21.293±0.007 21.261±0.070 21.182±0.215 21.278±0.035

Tank 18.690±0.043 18.733±0.016 18.724±0.026 18.720±0.026 18.745±0.000 18.753±0.041
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(a) Original cameraman image (b) Original sailboat image (c) Original monkey image (d) Original tank image

(e) Segmented cameraman
image

(f) Segmented sailboat image (g) Segmented monkey image (h) Segmented tank image

Fig. 14 The images segmented by HLABC

ness levels. Each individual is then updated using differential
learning among the three layers. Secondly, two new search
strategies are established based on the hierarchical ring topol-
ogy. Finally, the scout bee phase is improved by incorporating
hierarchical and opposition-based learning.

The performance of HLABC is compared with other
ABC variants on three test suites that include the CEC2005,
CEC2010, and CEC2013 benchmark functions. Compre-
hensive experimental results demonstrate that HLABC sig-
nificantly outperforms other ABC variants on most testing
problems. Moreover, the performance of HLABC remains
consistent for problems with dimensions D = 30 and
D = 100. Statistical tests, including the Friedman test
and Wilcoxon rank sum test, further confirm that HLABC
is an efficient and powerful optimizer compared to other
algorithms. The statistical boxplots also provide intuitive
evidence of HLABC’s superior performance, making it a
promising choice for tackling various optimization problems.

To verify the performance of HLABC in real-world opti-
mization problems, this paper applies the algorithm to the
deployment of WSNs, PSPSH and multi-thresholding image
segmentation. The optimization results demonstrate that
HLABC exhibits better optimization ability in solving real-
world problems.

However, it is worth noting that the success of HLABC
relies on the hierarchical learning topology with a fixed
proportion of the population. Future research may explore
adaptive proportions based on the specific problems being
solved. Additionally, there is potential for applying HLABC

tomulti-objective optimization and other real-world applica-
tions, which opens up exciting avenues for future research.
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