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Abstract

To improve the performance of the whale optimization algorithm in solving
complex function optimization problems, an improved whale optimization algo-
rithm based on adaptive parameters and niche technology is proposed. First,
an adaptive probability threshold is introduced to coordinate the algorithm’ s
global exploration and local exploitation capabilities. Second, adaptive posi-
tion weighting is utilized to adjust the whale position update formula, enhanc-
ing the algorithm’ s convergence speed and optimization accuracy. Finally, a
pre-selection niche technique is employed to prevent premature convergence of
the algorithm. Simulation results on twelve typical benchmark test functions
demonstrate that the proposed algorithm achieves significant improvements in
optimization accuracy and convergence speed compared with the comparison
algorithms, proving that the proposed improvement strategies can effectively
enhance the performance of the whale optimization algorithm in solving com-
plex function optimization problems.
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Abstract: To enhance the performance of the whale optimization algorithm
in solving complex function optimization problems, this paper proposes an im-
proved whale optimization algorithm based on adaptive parameters and niche
technology. First, an adaptive probability threshold is introduced to coordinate
the algorithm’ s global exploration and local exploitation capabilities. Second,
adaptive position weights are utilized to adjust the whale position update for-
mula, improving the algorithm’ s convergence speed and optimization precision.
Finally, a preselection niche technique is employed to prevent premature con-
vergence. Simulation results on 12 typical benchmark functions demonstrate
that the improved algorithm achieves significant improvements in optimization
precision and convergence speed compared with competing algorithms, proving
that the proposed strategies effectively enhance the performance of the whale
optimization algorithm for complex function optimization problems.
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0 Introduction

The Whale Optimization Algorithm (WOA) [?], proposed by Mirjalili et al. in
2016, is a novel swarm intelligence optimization algorithm that simulates the
hunting behavior of humpback whales. The core idea of this algorithm is to
solve target problems by imitating the predatory behavior of whales [?]. Exper-
imental results have demonstrated that WOA outperforms classical algorithms
such as Particle Swarm Optimization (PSO) [?] and Gravitational Search Algo-
rithm (GSA) [?] in terms of both convergence speed and optimization precision.
WOA has been successfully applied to water resource optimization allocation [?],
optimal control [?], and feature selection [?]. However, like other swarm opti-
mization algorithms, traditional WOA still suffers from premature convergence,
slow convergence speed, and inability to find the global optimum.

To improve the convergence speed and optimization precision of WOA, scholars
have proposed various improvements from different perspectives in recent years.
For instance, Abdel-Basset et al. [?] utilized Lévy flights and logistic chaotic
mapping to replace the coefficient vectors and determine the switching probabil-
ity p in WOA, proposing an improved WOA algorithm and demonstrating its
effectiveness and superiority through experiments. Sayed et al. [?] introduced
chaotic search into the iterative process of WOA, proposing a CWOA algorithm
that uses chaotic maps to define parameters such as A, C, [, and p. Compar-
isons with WOA and ten other optimization algorithms proved that this method
significantly improves WOA performance. Guo Zhenzhou et al. [?] proposed a
WOAMC algorithm by applying Cauchy mutation to whale positions and in-
troducing adaptive weight coefficients, demonstrating through experiments that
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this algorithm outperforms traditional WOA in convergence precision and sta-
bility. Long Wen et al. [?] proposed an IWOA algorithm that coordinates ex-
ploration and exploitation capabilities through a nonlinear convergence factor
update formula and performs diversity mutation operations on the current best
individual, with experiments showing significantly improved optimization pre-
cision and convergence speed. Wang Jianhao et al. [?] proposed an improved
algorithm based on chaotic opposition-based learning and nonlinear chaotic per-
turbation, testing multiple benchmark functions to prove its enhanced perfor-
mance compared with traditional WOA.

These studies have yielded many advanced results addressing WOA’ s limita-
tions. However, further research is needed to enhance the algorithm’ s optimiza-
tion precision and convergence speed. This paper first modifies the probability
threshold for selecting whale predation strategies in WOA by replacing the fixed
threshold with an adaptive parameter to balance global exploration and local ex-
ploitation during iteration. Second, the adaptive parameter is used as a weight
coeflicient to adjust the whale position update formula, improving optimization
precision and convergence speed. Finally, a preselection mechanism-based niche
algorithm is integrated to maintain population diversity while ensuring whales
move toward the “prey,” preventing the algorithm from falling into local op-
tima. Simulation results on 12 benchmark functions demonstrate that these
three improvement strategies significantly enhance optimization precision and
convergence speed.

1 Whale Optimization Algorithm

Compared with other whale species, humpback whales possess a unique hunting
method known as the bubble-net feeding strategy, as illustrated in Figure 1.
The WOA algorithm is a novel bio-inspired swarm intelligence algorithm derived
from this behavior. Based on the characteristics of humpback whales’ bubble-
net feeding, WOA can be divided into three distinct phases: encircling prey,
bubble-net attacking, and searching for prey.

[Figure 1: see original paper]

1.1 Encircling Prey

During predation, whales must first locate and then encircle their prey. In
practical optimization problems, the position of prey in the search space is
typically unknown. Therefore, WOA assumes that the current best solution in
the population is the target prey. After identifying the prey, other whales in
the population update their positions based on the prey’ s current location as
follows [?]:

-

D=1|C-X"(t) - X(t)]
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- =

X(t+1)=X*(t)—A-D

where t represents the current iteration number, X* is the position of the best
solution in the current population, X represents the current position of a whale,
D denotes the encircling step size, and A and C are coefficient vectors defined
as:
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where r; and 7, are random numbers in [0,1], and @ is a control parameter
whose value linearly decreases from 2 to 0 with increasing iterations, expressed
as:

t

=2—-2- —
“ Max_iter

where Max_ iter is the maximum number of iterations.

1.2 Bubble-Net Attacking

Humpback whales” bubble-net feeding behavior involves moving toward prey
along a spiral path within a shrinking encirclement. Therefore, WOA incorpo-
rates two strategies to simulate this unique behavior: shrinking encirclement
mechanism and spiral position updating.

(a) Shrinking Encirclement Mechanism: This is achieved by decreasing
the value of a in Eq. (3). As shown in Eq. (3), the value of A decreases
with a. When a linearly decreases from 2 to 0, the range of A becomes [—a,al.
Consequently, when A takes values within [—1,1], the updated whale position
will necessarily lie between its original position and the prey, causing each whale
to move closer to the prey and complete the encirclement.

(b) Spiral Position Updating: This strategy first calculates the distance
between the whale and the prey, then creates a spiral equation between them
to mimic the spiral motion of humpback whales, as shown in Eq. (6) [?]:

X(t+1)=D" e cos(2nl) + X*(¢)

where D’ = | X*(t) — X (t)| represents the distance between the whale and the
prey, b is a constant defining the spiral shape (set to b = 1 in this paper), and [
is a random number in [—1,1].

chinarxiv.org/items/chinaxiv-201901.00202 Machine Translation


https://chinarxiv.org/items/chinaxiv-201901.00202

ChinaRxiv [$X]

Since whales must simultaneously shrink the encirclement and move along a
spiral path toward the prey, WOA assumes that the probability of selecting
either strategy during hunting is 0.5. The mathematical model is:

- =

R(tr1) = X*(t)—A-D if p<0.5
Dbt cos(2nl) + X*(t) ifp>0.5

where p is a random number in [0, 1].

1.3 Searching for Prey

Contrary to the shrinking encirclement mechanism, during the prey search
phase, when |A| > 1, whales search for prey randomly through each other’
s positions. Instead of selecting the prey to update their positions, a random
individual from the population is chosen to replace the original prey’ s role,
forcing whales away from the prey’ s location to enhance WOA’ s global search
capability. The mathematical model is:

where and is a position vector of a randomly selected whale from the current
population.

2 Improved Whale Optimization Algorithm Based on
Adaptive Parameters and Niche

To enhance the performance of WOA in solving complex function optimization
problems, this paper combines three improvement strategies to propose an Adap-
tive Parameter and Niche-based Whale Optimization Algorithm (APN-WOA).

2.1 Adaptive Probability Threshold

During the bubble-net attacking phase, WOA sets the probability of selecting
either strategy to 50% (threshold = 0.5) to simulate the simultaneous execu-
tion of shrinking encirclement and spiral position updating, as shown in Eq.
(7). By comparing a randomly generated p value in [0, 1] with this threshold,
the feeding strategy is selected. However, this equal-probability strategy se-
lection may prevent whales from choosing appropriate predation strategies for
the current population, leading to slow convergence and local optima problems.
Therefore, this paper introduces an adaptive parameter to replace the fixed
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probability threshold. This adaptive threshold varies in [0, 1] during iterations,
enabling whales to have a higher probability of selecting appropriate predation
strategies at different stages, thereby coordinating global exploration and local
exploitation capabilities and improving convergence speed. The mathematical
expression is:

t

2
t
apuve_p (Maxiiter> tH Max__iter tAtu

where t is the current iteration number, Max_ iter is the maximum iteration
number, and A, p are control parameters with A = 3 and p = 2 in this paper.
Consequently, Eq. (7) can be rewritten as:

- =

“(t)—A-D if p < Adaptive_p
' et cos(2ml) + )?*(t) if p > Adaptive_p

S

X(t+1){

As shown in Eq. (11), during the early iterations, the adaptive threshold is
larger, giving whales a higher probability of selecting the shrinking encirclement
mechanism. In later iterations, the threshold becomes smaller, increasing the
probability of selecting spiral position updating. Thus, whales transition from
simultaneous strategy execution to first shrinking encirclement then spiral up-
dating, enabling them to approach prey faster and improving algorithm conver-
gence speed.

2.2 Adaptive Position Weight

From Egs. (2), (7), and (9), the primary factors affecting whale position up-
dates in WOA are the prey position vector X* and the randomly selected whale
position vector and. However, WOA does not consider that the guiding force
of prey on whales may vary during iterations, nor that the relationship between
randomly selected whales and prey differs across stages. Inspired by [?, ?], this
paper uses the adaptive parameter as a weight coefficient to adjust WOA’ s
position update formula as follows:

A ( )2 + L g
w = . S P —
Max_ iter H Max_ iter H

where A = 3 and p = 2, with w taking values in [0,1]. As w increases with
iterations, it indicates that the selected prey (the current global optimum) be-
comes more attractive to whales as its fitness improves. Similarly, the credibility
of information conveyed by randomly selected whales increases during itera-
tions. Therefore, in Egs. (13) and (14), the weight coefficient increases with
iterations, enabling whales to locate prey more accurately based on adaptive
weight changes, thereby improving convergence speed and optimization preci-
sion. However, during later iterations when spiral position updating occurs,
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whales approach the prey, requiring a smaller weight coefficient as shown in Eq.
(15) to better search for potentially superior solutions around the prey, thus
enhancing local exploitation capability.

2.3 Preselection Niche Technology

In biology, a niche refers to a specific living environment. The earliest appli-
cation of niche concepts to optimization involved combining them with genetic
algorithms, enabling individuals to evolve within specific environments to avoid
local optima. Current niche implementation methods include preselection-based,
crowding-based, and sharing function-based approaches. This paper combines
preselection-based niche concepts with WOA to maintain population diversity
and enhance global search capability.

The main idea of preselection-based niche technology is that offspring can only
replace their parents and be inherited by the next generation when their fitness
exceeds that of their parents. Since offspring and parents have similar struc-
tures, only similar individuals are replaced, maintaining population diversity
and creating a niche evolutionary environment [?]. Therefore, this paper stores
the positions of each whale before and after iteration in memory matrices M
and N , respectively. If the fitness of the whale represented by the i-th row of
N is better than that of the i-th row of M , the i-th row of M is replaced by the
i-th row of N. In other words, if the position-updated whale has better fitness,
it is retained; otherwise, the whale returns to its original position, preventing all
whales from clustering at a local optimum and maintaining population diversity
to improve global search capability.

The overall APN-WOA algorithm flow is shown in Figure 2 [Figure 2: see
original paper].

3 Experimental Simulation and Analysis

All algorithm simulations were implemented on a computer with an Intel(R)
Core(TM) i5-6500 CPU at 3.2 GHz, 8 GB RAM, and Windows 7 (64-bit) op-
erating system, using MATLAB R2015b. To verify the effectiveness of the
proposed APN-WOA algorithm, 12 typical benchmark functions were employed
for testing, as listed in Table 1 , where F1-F6 are continuous unimodal functions
and F7-F12 are complex nonlinear multimodal functions.

The algorithm testing EBEIFEUT=1EE4: (a) Under the same population size
and iteration number conditions, compare the convergence speed and optimiza-
tion precision of the improved algorithm with traditional WOA and Grey Wolf
Optimizer (GWO) [?] on benchmark functions to prove the effectiveness of APN-
WOA; (b) Conduct independent tests on the improved algorithm under different
strategies to analyze the impact of different improvement strategies on algorithm
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performance; (¢) Compare with other improved WOA algorithms from refer-
ences to demonstrate that APN-WOA remains competitive against the latest
improved WOA algorithms.

[Figure 2: see original paper]

3.1 Algorithm Performance Testing

The performance of APN-WOA was tested in search spaces of different dimen-
sions (30/200/500). The population size was set to 30, and the maximum iter-
ation number was 500. Three algorithms—GWO, WOA, and APN-WOA—were
independently run 30 times. Algorithm performance differences were measured
from two aspects: mean and standard deviation of the best solutions, with some
data from [?] referenced for comparison. The test results are shown in Table 2
( “~” indicates data not provided in the reference). To more intuitively reflect
APN-WOA'’ s performance, Figures 3 [Figure 3: see original paper]-5 [Figure
5: see original paper] present the optimization convergence curves for the 12
benchmark functions in 30-dimensional, 200-dimensional, and 500-dimensional
search spaces.

Table 2 shows that APN-WOA achieves significantly improved optimization pre-
cision compared with traditional WOA for all 12 benchmark functions across
different dimensions. It obtains theoretical optimal values for functions F1, F3,
F8, and F10, and achieves standard deviations of 0 for functions F2, F4, and F9,
approaching their theoretical values. Compared with GWO, APN-WOA’ s opti-
mization precision is almost entirely superior, only slightly inferior to GWO on
function F5 at 30 dimensions and function F12 at 200 dimensions, but remaining
in the same order of magnitude. As shown in Figures 3(e) and (1), when APN-
WOA and GWO achieve the same order of magnitude in optimization precision,
APN-WOA’ s convergence speed is significantly faster. Moreover, comparing
convergence curves across different dimensions reveals that for all 12 bench-
mark functions, APN-WOA’ s convergence speed is substantially improved over
both traditional WOA and GWO in 30-dimensional, 200-dimensional, and 500-
dimensional search spaces, with the most significant improvements for functions
F1, F2, F3, F4, F6, F8, F9, and F10. Compared with MS-WOA, APN-WOA
is only slightly inferior on functions F11 and F12 but in the same order of mag-
nitude, while significantly outperforming MS-WOA in both convergence speed
and optimization precision for other functions. Even when both algorithms
achieve optimal solutions for functions F1, F8, and F10, Figures 3 and 4 show
that APN-WOA’ s convergence speed remains markedly superior.

3.2 Impact of Improvement Strategies on Algorithm Performance

To compare the impact of different improvement strategies on APN-WOA’ s
performance, the same experimental parameters as in Section 3.1 were used to
optimize the 12 benchmark functions in Table 1. WOA with only the adap-
tive probability threshold strategy is denoted as WOA-1, WOA with only the
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adaptive position weight strategy as WOA-2, and WOA with only the niche
technology as WOA-3. The test results are shown in Table 3 .

Table 3 indicates that the adaptive probability threshold and niche strategies
provide limited improvement in optimization precision, while the adaptive posi-
tion weight strategy effectively enhances algorithm performance. However, the
performance improvement from using adaptive position weight alone still shows
a considerable gap compared with APN-WOA combining all three strategies on
most benchmark functions. This demonstrates that while individual adaptive
probability threshold and niche strategies cannot significantly improve optimiza-
tion precision, they effectively balance global exploration and local exploitation
capabilities and maintain population diversity to avoid local optima. Therefore,
APN-WOA integrates the advantages of all three strategies, achieving faster
convergence speed when obtaining the same order of magnitude of optimization
precision, and significantly higher optimization precision than single-strategy
WOA algorithms for most test functions, proving the rationality and effective-
ness of employing three improvement strategies.

3.3 Performance Comparison with Other Improved WOA Algorithms

To compare APN-WOA’ s performance with other improved algorithms, the
population size was set to 30, maximum iterations to 500, and benchmark func-
tions F1, F2, F5, F8, F9, F10, F11 were tested with 30 independent runs. Data
from [?, ?] were referenced to compare mean and standard deviation of optimal
solutions, with results shown in Table 4 . Using the same population size and
iteration number, benchmark functions F1-F10 were tested with 50 independent
runs, with data from [?] referenced for comparison with the WOAMC algorithm,
as shown in Table 5 .

Tables 4 and 5 show that when IWOA and CWOA achieve theoretical optimal
solutions for test functions, APN-WOA can also obtain optimal solutions for
corresponding functions. APN-WOA is only slightly inferior to IWOA on func-
tion F5 but outperforms both improved algorithms from the references on all
other test functions. Moreover, APN-WOA achieves standard deviations of 0
for functions F2 and F9, approaching theoretical values, with mean optimal so-
lution values for function F2 several orders of magnitude better than the other
two algorithms in Table 3. Compared with the WOAMC algorithm from [?],
APN-WOA also achieves theoretical optimal solutions for functions F1, F3, F8,
and F10, with standard deviations of 0 for functions F2, F4, and F9, approach-
ing theoretical values. The mean optimal solution values for functions F2 and
F4 are several orders of magnitude better than those of the WOAMC algorithm.

In summary, the proposed APN-WOA algorithm not only significantly improves
optimization precision and convergence speed compared with traditional WOA
but also maintains clear advantages over current state-of-the-art improved WOA
algorithms.
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4 Conclusion

As a novel heuristic optimization algorithm, WOA shares similar limitations
with other metaheuristic algorithms, including slow convergence and suscepti-
bility to local optima when solving complex function optimization problems.
Considering the impact of whale predation strategy selection and position up-
dates on algorithm performance during iterations, this paper employs three im-
provement strategies: adaptive probability threshold, adaptive position weight,
and preselection niche technology. Simulation results on 12 benchmark func-
tions demonstrate substantial improvements in optimization precision and con-
vergence speed, with clear advantages over other improved algorithms, prov-
ing that the proposed strategies enhance algorithm performance for complex
function optimization problems. Future research will focus on applying the im-
proved algorithm to constrained optimization problems and complex real-world
engineering applications.
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