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Abstract

The Horned Lizard Optimization Algorithm (HLOA) is a newly proposed swarm intelli-
gence optimizer mimicking the defensive and survival behaviors of horned lizards. The
original HLOA suffers evident drawbacks when tackling high-dimensional, multimodal
and heavily constrained complicated optimization problems. Rapid decline in popula-
tion diversity in late iterations and insufficient local optimum escape strategies further
trigger premature convergence and unsatisfactory optimization precision. To systemati-
cally address the above deficiencies and boost the global optimization and engineering
applicability of HLOA, this paper proposes a hybrid-strategy improved Horned Lizard
Optimization Algorithm (HSHLOA). First, an improved uniform Logistic chaotic mapping
replaces conventional random initialization. It enhances the ergodicity and uniformity of
initial populations across search spaces and upgrades the quality of initial solutions and
population diversity. Second, an adaptive optimal guidance strategy is constructed via
nonlinear dynamic adjustment factors. It prioritizes global exploration in early iterations
and strengthens local exploitation in later iterations to accelerate convergence and raise
optimization accuracy. Third, a lens imaging learning strategy is embedded. It generates
adaptive opposite solutions following dynamic convex lens optical imaging rules, strength-
ens the capability to escape local optima and mitigates premature convergence. To verify
the optimization performance of the proposed algorithm, comparative experiments are con-
ducted on the CEC 2017 benchmark test suite under 30-dimensional and 100-dimensional
high-dimensional settings. Seven mainstream swarm intelligence algorithms are selected
for benchmark comparison. Quantitative analyses cover convergence rate, optimization
precision, numerical stability and local optimum escaping ability. Experimental results
reveal that HSHLOA outperforms all peer competitors on unimodal, multimodal, hybrid
and composite functions with remarkable superiority. The proposed HSHLOA is further
applied to three typical constrained engineering optimization cases, including reinforced
concrete beam design, three-bar truss design and pressure vessel design. Application re-
sults prove that HSHLOA satisfies all engineering constraints steadily and obtains superior
structural schemes with higher efficiency. The reliability and superiority of HSHLOA for
practical engineering problems are therefore verified.

Keywords: Horned Lizard Optimization Algorithm; hybrid multiple strategies; logistic
chaotic mapping; adaptive optimal guidance; lens imaging learning; global optimization
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1. Introduction
Driven by the rapid advancement of artificial intelligence, intelligent manufacturing,

clean energy, civil engineering and aerospace industries, practical optimization problems
encountered in modern science and engineering have grown increasingly complex [1,2].
The majority of real-world optimization tasks are characterized by high dimensional-
ity, strong nonlinearity, non-convexity, multiple constraints, numerous local optima, and
external noise interference [3]. Conventional gradient-based mathematical optimization al-
gorithms mandate the differentiability of objective functions, are prone to trapping in local
optimal solutions, and exhibit poor adaptability to black-box optimization scenarios [4,5].
Such inherent drawbacks greatly limit their capability to satisfy the high-precision, high-
efficiency and high-robustness optimization demands of modern industrial systems [6,7].
Against this background, swarm intelligence optimizers have emerged as mainstream
tools for solving complex optimization problems. These algorithms operate without gra-
dient information, support parallel search, and possess strong robustness; consequently,
they have been extensively adopted in structural design, parameter identification, path
planning, scheduling control, image processing and network deployment [8–10]. Swarm
intelligence algorithms are inspired by collective biological behaviors such as foraging,
migration, defense and cooperation [11]. Individuals exchange information and update
positions iteratively to gradually approximate global optimal solutions [12,13]. Since the
1990s, classic optimizers including Particle Swarm Optimization (PSO), Genetic Algorithm
(GA), Ant Colony Optimization (ACO) and Differential Evolution (DE) have been proposed
successively [14–16]. In recent years, a series of novel bio-inspired optimizers, such as
the Grey Wolf Optimizer (GWO), Whale Optimization Algorithm (WOA), Harris Hawks
Optimization (HHO), Dung Beetle Optimizer (DBO) and Horned Lizard Optimization
Algorithm (HLOA), have enriched the theoretical system of swarm intelligence [17–19].
The No-Free-Lunch Theorem theoretically proves that no single algorithm can achieve
optimal performance over all types of optimization tasks [20,21]. Furthermore, existing
swarm intelligence algorithms suffer from universal limitations, including unstable initial
population quality, decaying population diversity in late iterations, unbalanced tradeoff
between global exploration and local exploitation, premature convergence, and drastic per-
formance degradation under high-dimensional search spaces [22]. Therefore, conducting
targeted hybrid improvements on newly proposed metaheuristics bears important theoreti-
cal significance and practical engineering value for boosting optimization performance and
expanding applicable boundaries [23,24].

The Horned Lizard Optimization Algorithm (HLOA), a novel biomimetic meta-
heuristic proposed in 2024, simulates five core survival behaviors of horned lizards in
arid natural environments: concealment, skin discoloration, blood jet defense, rapid
escape, and low-melanin stimulus response [25]. HLOA features a concise framework,
few adjustable hyperparameters, straightforward implementation, and outstanding local
exploitation capacity [26]. Nevertheless, research on the optimization enhancement of
HLOA remains insufficient, and the algorithm exhibits prominent drawbacks when
addressing multimodal and high-dimensional engineering optimization problems [27].
Its native random initialization leads to clustered population distribution and degraded
initial search quality. Fixed behavioral parameters fail to dynamically adjust search
priorities to balance exploration and exploitation across the entire iterative process. The
lack of dedicated local optimum escape mechanisms causes iterative stagnation in later
stages and unsatisfactory convergence accuracy [28]. These defects severely hinder
the wide application of HLOA in practical engineering. To tackle the aforementioned
limitations, this paper develops HSHLOA incorporating three mutually complementary
strategies: homogenized Logistic chaotic initialization, adaptive optimal guidance, and
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lens imaging learning [29]. The three improvement modules independently optimize
population initialization, iterative dynamic regulation, and local optimum escape, re-
spectively. Comprehensive validations are carried out on the CEC 2017 benchmark
suite and constrained engineering optimization cases. The research outcomes provide
generalizable improvement paradigms for swarm intelligence algorithms and offer an
efficient alternative solver for structural optimization tasks.

This paper modifies original HLOA from its inherent flaws and proposes HSHLOA.
Core contributions are summarized as below.

(1) We summarize the biological mechanism and mathematical formulas of the original
HLOA and specify its drawbacks and feasible improvement directions.

(2) We adopt uniform Logistic chaotic mapping to rebuild population initialization and
boost population ergodicity and diversity.

(3) We design adaptive optimal guidance to dynamically coordinate exploration and
exploitation and accelerate algorithm convergence.

(4) We introduce lens imaging learning to strengthen local optimum escaping capacity
and improve final optimization precision. We also conduct comparative experiments
on CEC2017 benchmarks to validate the overall performance of HSHLOA.

2. Horned Lizard Optimization Algorithm
HLOA simulates horned lizards’ multiple defense behaviors to implement swarm

searching. Horned lizards survive in arid desert environments and avoid natural enemies
via hiding, skin discoloration, blood spraying, fast fleeing and low-melanin stimulus
response [30]. HLOA converts these five survival patterns into individual position update
formulas to drive the whole population converging toward global optimum. Standard
algorithm procedures cover population initialization, fitness evaluation, behavior selection,
position update and elite individual reservation. It has concise mathematical expressions
and few tunable parameters [31].

Define optimization dimension as dim, population size as N, the position of the i-th
individual at iteration t as

→
x i(t), global optimal location as

→
x best(t), maximum iteration

number as Maxiter, and upper and lower search bounds as ub and lb respectively.

(1) Population initialization. Original HLOA adopts uniformly random initialization.

→
x i = lb + rand(1, dim) · (ub − lb) (1)

where rand(1, dim) generates a 1 × dim random matrix ranging from 0 to 1.
(2) Hidden behavior. Hidden behavior is the basic camouflage survival behavior of the

horned lizard, corresponding to the global exploration stage of the algorithm [32]. It
relies on the global optimal individual to guide the population’s wide area search and
combines the random individual position differences to increase search diversity. The
position update formula is

→
x i(t + 1) =

→
x best(t) +

(
δ − δ·t

Maxiter

)
×

[
c1

(
sin(

→
x r1(t))− cos(

→
x r2(t))

)
− (−1)σc2

(
cos(

→
x r3(t))− sin(

→
x r4(t))

)]
(2)

where the fixed parameter δ = 2 controls basic searching step length. c1, c2 denote
random pigment coefficients. r1, r2, r3, r4 represent randomly selected individual
serial numbers. σ stands for binary random variable to switch searching directions.
This operation supports large-range global search yet fails to adjust searching intensity
adaptively with iterative progress due to fixed parameters.

https://doi.org/10.3390/biomimetics11070463

https://doi.org/10.3390/biomimetics11070463


Biomimetics 2026, 11, 463 4 of 35

(3) Skin discoloration behavior. The skin discoloration behavior is achieved by adjusting
the melanin content to switch the surface state. The algorithm is used to optimize
the worst individual in the population, eliminate inferior solutions, and improve the
overall quality of the population. It is divided into two update modes: light and
dark [33].

→
x worst(t) =

→
x best(t) + 1

2 Light1 sin
(→

x r1(t)−
→
x r2(t)

)
−(−1)σ 1

2 Light2 sin
(→

x r3(t)−
→
x r4(t)

) (3)

In the formula, Light1 and Light2 are light-color fine-tuning coefficients with small
disturbance amplitude. Dark1 and Dark2 are dark update coefficients with large per-
turbation amplitudes. This behavior can effectively optimize low-quality individuals,
but the disturbance interval is fixed and the adaptive adjustment ability is weak.

(4) Blood jet defense behavior. Blood jetting is an emergency avoidance behavior of the
horned lizard, corresponding to the algorithm’s local escape search [34]. Based on the
physical laws of jetting, a nonlinear disturbance update mechanism is constructed to
help individuals escape from local extreme regions. The formula is

→
x i(t + 1) =

[
v0 cos

(
αt

Maxiter

)
+ ε

]→
x best(t)

+
[
v0 sin

(
α − αt

Maxiter

)
− g + ε

]→
x i(t)

(4)

The fixed physical constants v0 = 1, α = π/2, g = 0.009807 and tiny perturbation ε

are preset. Its disturbance capability declines sharply in late iterations and hardly
breaks dense local optimum traps for complex problems.

(5) Mobile escape behavior. The mobile escape behavior is a long-distance irregular
avoidance behavior. In the algorithm, the random walking mechanism is used to
increase population diversity and broaden the search range. The updated formula is

→
x i(t + 1) =

→
x best(t) + walk

(
1
2 − ε

)→
x i(t) (5)

where the walk ∈ [0, 1] represents random walk factor and ε is Cauchy random
disturbance. Pure random update lacks effective searching guidance and causes
chaotic searching directions and low convergence efficiency.

(6) Low-melanin stimulus response behavior. Low-melanin response is a fine-tuned
behavior in weakly stimulated environments. In the algorithm, it is used for iterative
local fine-tuning optimization in the later stage [35]. Firstly, the melanin stimulation
rate is calculated based on fitness differences:

melanophore(i) = Fitnessmax−Fitness(i)
Fitnessmax−Fitnessmin

(6)

Optimization triggers only when melanophore(i) < 0.3 to conduct minor local adjustment.

→
x i(t) =

→
x best(t) + 1

2 [
→
x r1(t)− (−1)σ→x r2(t)] (7)

This behavior can achieve small local precision optimization, but the triggering con-
ditions are fixed, the update logic is simple, and the optimization effect is limited in
complex scenarios.
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The original HLOA contains four core defects. First, random initialization leads to
uneven spatial distribution and individual clustering under high dimensional space,
resulting in poor initial searching quality. Second, fixed hyperparameters for all
five behaviors cannot adjust searching strategies dynamically, breaking the balance
between global exploration and local exploitation. Third, single static escaping design
cannot maintain population diversity in late iterations and easily induces premature
convergence. Fourth, poor self-adaptability causes severe performance degradation
on high-dimensional complicated problems, unstable numerical results and limited
engineering adaptability. Such drawbacks make original HLOA incompetent for high-
dimensional, multimodal and heavily constrained optimization and necessitate multi-
strategy hybrid improvements.

3. HLOA with Multi-Strategy Hybrid (HSHLOA)
Targeting inherent drawbacks of original HLOA, this paper develops HSHLOA inte-

grating uniform Logistic chaotic mapping, adaptive optimal guidance and lens imaging
learning. Three improvement modules separately optimize initialization, iterative dynamic
regulation and local optimum escape. These complementary strategies improve optimiza-
tion precision, convergence speed, numerical stability and high-dimensional adaptability
without rising computational complexity.

3.1. Uniform Logistic Chaotic Mapping for Population Initialization

To solve the problem of uneven distribution and poor traversal of the original random
initialization, this paper uses a uniform Logistic chaotic map to generate the initial popula-
tion [36]. Chaotic sequences possess both randomness and ergodicity, effectively improving
population distribution characteristics and avoiding local aggregation of individuals. The
standard Logistic mapping formula is

xn+1 = µxn(1 − xn) (8)

In the formula, µ is the control parameter, and when µ = 4, the system is in a com-
pletely chaotic state. Xn ∈ (0, 1) is the nth generation chaotic variable. To improve the
uneven distribution of standard Logistic maps, a double-layer nonlinear transformation is
introduced to achieve sequence homogenization processing [37]:

x′(n+1) = 4x′n(1 − x′n)

y′n = 1
π arcsin

(
2x′n+1 − 1

)
− 1

2
x(n+1) = 4y′n(1 − y′n)

yn = 1
π arcsin(2xn+1 − 1)− 1

2

(9)

In the formula, yn is the final generated homogenized chaotic sequence. Map the
homogenized chaotic sequence to the optimized solution space to complete popula-
tion initialization:

Pi = (ubi − lbi)yn + lbi (10)

This initialization enhances initial population uniformity and full-space ergodicity, re-
duces invalid early-stage searching and lifts overall optimization efficiency and robustness.
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3.2. Adaptive Optimal Guidance Strategy

In response to the imbalance between the exploration and development of the original
algorithm, this paper designs a nonlinear adaptive optimal guidance factor to dynamically
switch the search strategy with the iteration process, focusing on global exploration in the
early stage and local fine development in the later stage [38]. The formula for nonlinear
regulation factor is

ϕ(t) = R1 + R2 ·
[
1 − Maxiter−t

Maxiter

]2
(11)

In the formula, R1 and R2 are uniformly distributed random numbers within [0, 1] The
parameter t is the current iteration count. Maxiter is the maximum number of iterations.
This factor has a clear physical meaning: in the early stage of iteration, the value of ϕ(t) is
relatively large, and the algorithm retains a high proportion of autonomous search, focusing
on global exploration [39]. As the iteration progresses, ϕ(t) gradually decreases, and the
guiding weight of the globally optimal individual continues to increase. The algorithm
gradually shifts towards high-precision local development. Based on this factor, construct
an adaptive position update formula and rely on the global optimal individual to guide the
population search in real-time [40]:

→
x i(t + 1) = ϕ(t)

→
x i(t) + [1 − ϕ(t)]

→
x best(t)·[

C1

(→
x i(t)− lbb

)
+ C2

(→
x i(t)− ubb

)] (12)

In the formula, C1 is a normally distributed random number. C2 is a 1 × dim dimen-
sional random vector. lbb and ubb are the optimal search area boundaries for the current
iteration. This strategy can dynamically balance global exploration and local development
behavior, significantly accelerate convergence speed, improve local mining accuracy in
the later stages of iteration, and effectively improve the problem of high-dimensional
performance degradation.

3.3. Lens Imaging Learning Strategy

To address the issues of premature convergence and weak ability to escape extreme
values in the later stages of the original algorithm iteration, this paper introduces a dynamic
lens imaging learning strategy [41]. Based on the principle of optical imaging, an adaptive
reverse candidate solution is generated to continuously perturb the population search
trajectory and broaden the search range. In the two-dimensional solution space, the inverse
solution formula for basic lens imaging is

g′ = m+n
2 + m+n

2k − g
k (13)

In the formula, [m, n] is the solution space interval. The parameter g is the current
solution. The parameter g′ is the inverse solution. The parameters h and h′ are the object
height and image height, respectively [42]. Extend the dynamic scaling factor k = h/h′ to a
high dimensional optimization space and obtain the inverse solution for the j-th variable:

g′j =
mj+nj

2 +
mj+nj

2k − gj
k (14)

Build an iterative dynamic scaling factor to adapt to different stages of search require-
ments. To achieve adaptive adjustment during the iteration process, the scaling factor k
dynamically changes with the number of iterations [43]:
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k =

[
1 +

(
t

Maxiter

)1/2
]10

(15)

At the beginning of iteration, the scaling factor is small, the reverse solution search
range is wide, and global exploration is strengthened; the scaling factor increases in the
later stage of iteration, and the reverse solution focuses on the optimal area, achieving fine
tuning. By selectively updating individuals through the original and reverse solutions,
population diversity can be effectively maintained, local optimal traps can be broken, and
premature convergence can be suppressed.

3.4. Implementation Steps and Pseudocode of HSHLOA

On the basis of retaining the original HLOA biological behavior search framework, the
HSHLOA proposed in this article embeds three improvement strategies: chaos initialization,
adaptive guidance, and lens imaging learning, forming a full process optimization system.

The implementation steps of HSHLOA are as follows:
Step 1: Initialize basic hyperparameters, including population size N, maximum

iteration Maxiter, variable dimension dim, and upper/lower search limits ub and lb, as well
as iteration termination criteria and constraint boundaries.

Step 2: Generate initial population via homogenized Logistic chaotic mapping af-
ter double nonlinear transformation to realize even individual distribution over high-
dimensional solution space.

Step 3: Calculate fitness values of all initial individuals and select initial global optimal,
worst individual and corresponding fitness values.

Step 4: Initialize iteration counter t = 0 and launch main iterative loop.
Step 5: Update individual positions sequentially via five native horned lizard behav-

iors. Hide operation executes large-range global exploration. Random probability switches
between escape movement and blood ejection for diversity maintenance and preliminary
local escape. Skin discoloration optimizes the worst population members to eliminate
invalid inferior solutions. Low-melanin trigger condition determines fine local tuning for
poor-performing individuals.

Step 6: Implement adaptive optimal guidance update after native behavior iteration.
Nonlinear regulation factor dynamically adjusts exploration–exploitation proportion and
guides position update using global optimum information.

Step 7: Construct lens imaging opposite solutions with iteratively varying zoom
coefficient. Select superior solution between original and opposite candidate via fitness
comparison to expand potential searching area.

Step 8: Process boundary constraint for updated individuals and relocate out-of-
bound solutions within legal search space. Recalculate individual fitness and refresh global
optimum and corresponding fitness value.

Step 9: Check termination condition. If current iteration reaches preset maximum
iterations, terminate iteration and output optimal results. Otherwise, t = t + 1 and enter
next iteration.

The pseudocode of HSHLOA is shown in Algorithm 1.
The flowchart of HSHLOA is shown in Figure 1.
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Algorithm 1: The pseudocode of HSHLOA

1: Initialize parameters N, Maxiter, dim, lb, ub
2: Generate initial population using uniform Logistic chaotic mapping
3: Calculate the fitness value of each individual
4: Initialize the global best position xbest and best fitness fbest

5: Set current iteration t = 0
6: While t < Maxiter

7: For each individual i from 1 to N
8: Update position via concealment behavior (Equation (2))
9: If rand < 0.5 Then
10: Update position via moving escape (Equation (6))
11: Else
12: Update position via blood jet behavior (Equation (5))
13: End If
14: Update the worst individual via skin discoloration (Equation (3) or
Equation (4))
15: Calculate melanophore rate using Equation (7)
16: If melanophore(i) < 0.3 Then
17: Update position via low melanophore rule (Equation (8))
18: End If
19: Update position via adaptive optimal guidance (Equation (13))
20: Generate opposite solution via lens imaging learning (Equation (16))
21: Select better solution between original and opposite
22: Perform boundary constraint handling
23: Evaluate new fitness of the updated individual
24: Update xbest and fbest if a better solution is found
25: End For
26: t = t + 1
27: End While
28: Output xbest and fbest

3.5. Time Complexity Analysis of HSHLOA

Time complexity analysis verifies the lightweight advantage of the multi-strategy im-
proved framework. Performance gains do not introduce redundant computation. The overall
computational cost of HSHLOA comes from four modules: chaotic population initialization,
iterative update of original biological behaviors, calculation of improved strategies and fitness
evaluation. The complexity of each module is analyzed separately below.

First stands for chaotic initialization. The uniform Logistic chaotic mapping processes
N individuals and dim-dimensional variables through linear iteration and nonlinear trans-
formation. All calculations run in a single-layer linear structure with no nested loops. Its
time complexity equals O(N · dim), which matches the random initialization of original
HLOA. No extra computational cost occurs.

Second covers iteration of original biological behaviors. In each iteration, concealment,
skin discoloration, blood ejection, escape movement and melanin response update variables
dimension by dimension. The single-round computational complexity keeps O(N · dim),
consistent with the original HLOA.
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Figure 1. The flowchart of HSHLOA.

Third refers to two improved modules. Adaptive optimal guidance and lens imaging
learning adopt lightweight linear computation only. The adaptive factor and location
updating formula contain basic algebraic operations without matrix or nested iteration.
Single-round complexity is O(N · dim). Lens imaging generates opposite solutions and
conducts greedy selection via dimension-wise calculation. Its complexity also equals
O(N · dim). Neither module raises the order of overall time complexity.

Fourth is fitness assessment. Suppose the complexity of single objective function
evaluation is O(T). The algorithm calculates fitness for N individuals per iteration. Rele-
vant complexity O(N·O(T)) depends on specific optimization problems, independent of
algorithm improvement designs.

With the maximum iteration set as Maxiter, the total time complexity of HSHLOA is
summarized as O(Maxiter · N · (dim + O(T))). Compared with original HLOA, the pro-
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posed hybrid method improves optimization performance remarkably while maintaining
identical time complexity with no redundant computation burden.

4. Comparative Experiments and Result Analysis
To comprehensively, objectively, and rigorously verify the global search ability, local

development ability, convergence speed, convergence accuracy, numerical stability, and
local optimal escape ability of the proposed HSHLOA in complex optimization problems,
this paper conducted large-scale comparative experiments based on the internationally
recognized CEC 2017 standard test function set, and tested it in two typical dimensions:
30 dimensional (Dim = 30) and 100 dimensional (Dim = 100). The experiment selected
seven representative swarm intelligence optimization algorithms, including the original
Lizard Optimization Algorithm (HLOA), Dung Beetle Optimizer Algorithm (DBO) [44],
Black-winged Kite Optimization Algorithm (BKA) [45], Whale Optimization Algorithm
(WOA) [46], Pelican Optimization Algorithm (POA) [47], Grey Wolf Optimization Al-
gorithm (GWO) [48], and Harris Hawk Optimization Algorithm (HHO) [49], as control
algorithms, and compared them with the proposed Multi-Strategy Hybrid Improved Lizard
Optimization Algorithm (HSHLOA) in this paper. Conduct repeated experiments under
identical software and hardware environments, common parameter settings, and random
seed conditions to ensure that the experimental results are scientific, comparable, and
reliable. All algorithms are independently run 30 times, with the optimal value (Best),
average value (Avg), and standard deviation (Std) as core evaluation indicators, reflecting
the algorithm’s ultimate optimization ability, average optimization level, and operational
stability, respectively.

All comparative experiments were conducted in a unified environment to eliminate
performance bias caused by external factors. The computer configuration used in the
experiment is Windows 11 64-bit operating system, and the algorithm implementation
and data processing platform are MATLAB R2025a. To ensure fairness, all algorithms
participating in the comparison use completely consistent common parameters: population
size N = 30, maximum iteration Maxiter = 1000. Two dimensions, 30 dimensional and
100 dimensional, were tested separately on the CEC 2017 test set, and each algorithm
was independently run 30 times on each function [50,51]. The key control parameters in
the comparative algorithm strictly follow the optimal configuration given in the original
literature, without any additional tuning, to ensure that the baseline algorithm is at a
normal performance level and to truly reflect the advantages of the improved algorithm.

4.1. CEC 2017 Test Function Set (Dim = 30)

CEC 2017 is currently one of the most persuasive test suites internationally for eval-
uating swarm intelligence optimization algorithms, encompassing four representative
optimization scenarios: unimodal functions, multimodal functions, hybrid functions, and
composite functions. The CEC 2017 test suite can fully expose the flaws of algorithms,
especially under high-dimensional conditions of 100 dimensions, where the population
search range expands exponentially, making algorithms prone to issues such as premature
convergence, decreased accuracy, and deteriorated stability. Therefore, it is highly suitable
for verifying the reliability of improved algorithms in high-dimensional complex scenarios.
The data comparison of eight algorithms on the CEC2017 test suite (Dim = 30) is shown in
Table 1. The average ranking of the eight algorithms on the CEC2017 test suite (Dim = 30)
is shown in Table 2. The comparison of Wilcoxon rank-sum results for the CEC2017 test
suite (Dim = 30) is shown in Table 3. The comparison of average convergence curves for
the algorithms on the CEC2017 test suite (Dim = 30) is shown in Figure 2. The radar chart
of the eight algorithms on the CEC2017 test suite (Dim = 30) is shown in Figure 3.
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Table 1. The result of standard functions of CEC2017 (Dim = 30).

HSHLOA HLOA DBO BKA WOA POA GWO HHO

F1 min 6.77E+02 8.97E+06 2.37E+10 1.04E+08 6.79E+08 9.24E+09 2.16E+10 1.47E+07
F1 std 1.39E+05 3.65E+07 4.04E+09 1.01E+10 7.81E+08 5.29E+09 5.14E+09 9.04E+06
F1 avg 3.82E+04 4.54E+07 2.88E+10 5.21E+09 1.65E+09 1.65E+10 2.86E+10 3.17E+07
F1 median 5.53E+03 3.14E+07 2.77E+10 2.39E+09 1.55E+09 1.55E+10 2.72E+10 2.97E+07
F3 min 1.49E+04 9.15E+03 6.19E+04 5.11E+03 1.64E+05 2.11E+04 5.56E+04 2.36E+04
F3 std 8.65E+03 1.05E+04 7.18E+03 2.36E+04 5.66E+04 6.95E+03 8.46E+03 7.24E+03
F3 avg 3.09E+04 2.36E+04 7.76E+04 2.46E+04 2.40E+05 3.26E+04 7.50E+04 3.87E+04
F3 median 2.88E+04 2.31E+04 7.85E+04 1.68E+04 2.29E+05 3.28E+04 7.59E+04 3.86E+04
F4 min 4.20E+02 4.92E+02 2.18E+03 4.74E+02 6.94E+02 5.75E+02 3.19E+03 5.02E+02
F4 std 3.56E+01 3.90E+01 2.36E+03 2.88E+03 1.31E+02 1.07E+03 2.07E+03 4.01E+01
F4 avg 4.98E+02 5.48E+02 6.21E+03 2.09E+03 8.49E+02 1.78E+03 6.35E+03 5.64E+02
F4 median 4.91E+02 5.46E+02 5.91E+03 6.82E+02 8.36E+02 1.37E+03 6.37E+03 5.59E+02
F5 min 6.36E+02 7.09E+02 7.75E+02 6.45E+02 7.38E+02 6.85E+02 7.51E+02 6.90E+02
F5 std 4.71E+01 5.09E+01 2.79E+01 7.10E+01 5.41E+01 3.41E+01 3.60E+01 3.41E+01
F5 avg 7.37E+02 7.91E+02 8.30E+02 7.56E+02 8.56E+02 7.56E+02 8.22E+02 7.54E+02
F5 median 7.46E+02 7.81E+02 8.34E+02 7.32E+02 8.59E+02 7.70E+02 8.14E+02 7.50E+02
F6 min 6.29E+02 6.55E+02 6.55E+02 6.49E+02 6.52E+02 6.39E+02 6.56E+02 6.48E+02
F6 std 8.22E+00 7.89E+00 4.92E+00 6.61E+00 1.14E+01 7.57E+00 5.49E+00 7.54E+00
F6 avg 6.52E+02 6.74E+02 6.67E+02 6.60E+02 6.80E+02 6.58E+02 6.69E+02 6.65E+02
F6 median 6.53E+02 6.74E+02 6.67E+02 6.61E+02 6.80E+02 6.58E+02 6.70E+02 6.66E+02
F7 min 1.05E+03 1.19E+03 1.16E+03 1.11E+03 1.12E+03 1.13E+03 1.09E+03 1.14E+03
F7 std 8.00E+01 7.22E+01 4.81E+01 5.81E+01 8.74E+01 7.13E+01 4.89E+01 6.46E+01
F7 avg 1.23E+03 1.31E+03 1.22E+03 1.23E+03 1.31E+03 1.25E+03 1.21E+03 1.29E+03
F7 median 1.26E+03 1.31E+03 1.21E+03 1.25E+03 1.33E+03 1.26E+03 1.21E+03 1.29E+03
F8 min 8.95E+02 9.50E+02 9.97E+02 8.98E+02 9.92E+02 9.37E+02 1.02E+03 9.41E+02
F8 std 3.63E+01 3.06E+01 2.48E+01 5.33E+01 4.22E+01 2.40E+01 2.12E+01 1.85E+01
F8 avg 9.76E+02 1.01E+03 1.06E+03 9.87E+02 1.05E+03 9.93E+02 1.06E+03 9.75E+02
F8 median 9.80E+02 1.01E+03 1.06E+03 9.76E+02 1.03E+03 9.98E+02 1.06E+03 9.73E+02
F9 min 2.74E+03 5.39E+03 6.13E+03 4.31E+03 5.30E+03 4.20E+03 5.66E+03 5.66E+03
F9 std 7.04E+02 9.43E+02 1.20E+03 1.86E+03 3.74E+03 7.25E+02 1.34E+03 8.28E+02
F9 avg 4.55E+03 6.64E+03 7.88E+03 5.84E+03 1.03E+04 5.57E+03 7.92E+03 8.05E+03
F9 median 4.52E+03 6.64E+03 7.79E+03 5.28E+03 9.39E+03 5.68E+03 7.79E+03 8.06E+03

F10 min 3.38E+03 4.87E+03 6.03E+03 4.31E+03 5.68E+03 3.75E+03 6.62E+03 4.98E+03
F10 std 1.23E+03 8.99E+02 7.29E+02 6.42E+02 6.88E+02 6.90E+02 6.84E+02 6.88E+02
F10 avg 5.49E+03 6.70E+03 8.03E+03 5.19E+03 7.18E+03 5.22E+03 7.98E+03 5.90E+03
F10 median 5.18E+03 6.69E+03 8.22E+03 5.06E+03 7.19E+03 5.29E+03 7.81E+03 5.70E+03
F11 min 1.23E+03 1.32E+03 3.46E+03 1.29E+03 2.01E+03 1.51E+03 4.29E+03 1.30E+03
F11 std 6.34E+01 3.09E+02 1.90E+03 4.23E+03 2.76E+03 1.21E+03 1.85E+03 1.16E+02
F11 avg 1.35E+03 1.60E+03 6.90E+03 2.41E+03 5.03E+03 2.82E+03 7.35E+03 1.45E+03
F11 median 1.34E+03 1.51E+03 7.09E+03 1.40E+03 4.12E+03 2.41E+03 7.16E+03 1.43E+03
F12 min 1.34E+05 2.10E+06 2.03E+09 8.99E+05 3.68E+07 2.81E+07 1.14E+09 4.04E+06
F12 std 8.05E+05 1.90E+07 2.33E+09 2.58E+09 1.84E+08 1.28E+09 1.87E+09 1.62E+07
F12 avg 1.13E+06 2.10E+07 6.02E+09 6.54E+08 2.37E+08 1.38E+09 5.98E+09 2.44E+07
F12 median 7.91E+05 1.75E+07 6.39E+09 8.44E+06 2.35E+08 1.30E+09 6.09E+09 2.18E+07
F13 min 4.08E+03 2.73E+04 8.79E+07 7.15E+04 2.12E+05 2.83E+04 4.87E+08 2.63E+05
F13 std 1.31E+07 1.44E+06 1.88E+09 2.85E+08 2.24E+06 5.30E+07 1.51E+09 6.61E+05
F13 avg 2.73E+06 5.84E+05 1.97E+09 9.71E+07 2.43E+06 3.07E+07 2.68E+09 7.61E+05
F13 median 3.40E+04 9.88E+04 1.20E+09 1.60E+05 1.90E+06 1.09E+06 2.22E+09 5.86E+05
F14 min 1.45E+04 2.94E+03 2.60E+04 1.68E+03 4.79E+04 1.77E+03 3.92E+04 4.86E+04
F14 std 5.88E+04 8.96E+04 4.87E+05 6.47E+04 1.89E+06 3.12E+04 4.48E+05 6.03E+05
F14 avg 7.95E+04 6.58E+04 4.88E+05 2.55E+04 1.73E+06 2.18E+04 6.40E+05 6.25E+05
F14 median 6.22E+04 3.41E+04 2.66E+05 3.83E+03 1.38E+06 8.31E+03 5.51E+05 5.42E+05
F15 min 2.20E+03 2.83E+03 3.45E+05 9.70E+03 5.93E+04 1.24E+04 1.78E+05 1.64E+04
F15 std 1.01E+04 3.72E+04 4.00E+06 1.52E+05 4.17E+06 5.94E+04 2.67E+06 4.72E+04
F15 avg 1.05E+04 2.80E+04 4.20E+06 7.14E+04 2.33E+06 5.08E+04 3.11E+06 7.97E+04
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Table 1. Cont.

HSHLOA HLOA DBO BKA WOA POA GWO HHO

F15 median 6.94E+03 1.66E+04 2.52E+06 3.41E+04 1.05E+06 3.14E+04 2.39E+06 7.05E+04
F16 min 2.14E+03 2.69E+03 2.86E+03 2.46E+03 3.28E+03 2.42E+03 3.20E+03 2.80E+03
F16 std 3.75E+02 8.00E+02 4.24E+02 4.99E+02 5.91E+02 5.16E+02 3.23E+02 3.75E+02
F16 avg 2.85E+03 3.57E+03 3.88E+03 3.13E+03 4.19E+03 3.17E+03 3.82E+03 3.39E+03
F16 median 2.78E+03 3.42E+03 3.84E+03 3.00E+03 4.11E+03 3.06E+03 3.87E+03 3.41E+03
F17 min 2.07E+03 2.39E+03 2.18E+03 1.98E+03 2.12E+03 1.89E+03 2.33E+03 2.10E+03
F17 std 2.56E+02 3.47E+02 2.90E+02 2.50E+02 2.69E+02 2.08E+02 3.37E+02 2.60E+02
F17 avg 2.54E+03 2.91E+03 2.80E+03 2.39E+03 2.77E+03 2.26E+03 2.74E+03 2.60E+03
F17 median 2.58E+03 2.83E+03 2.79E+03 2.38E+03 2.77E+03 2.21E+03 2.68E+03 2.62E+03
F18 min 2.42E+04 8.41E+04 2.18E+05 1.82E+04 3.49E+05 4.24E+04 3.77E+05 5.09E+04
F18 std 2.77E+05 8.24E+05 4.26E+06 8.95E+04 1.13E+07 1.37E+05 3.90E+06 2.89E+06
F18 avg 2.77E+05 7.23E+05 4.96E+06 1.06E+05 9.42E+06 1.84E+05 3.63E+06 1.74E+06
F18 median 1.62E+05 4.53E+05 3.46E+06 8.18E+04 5.93E+06 1.48E+05 2.29E+06 7.41E+05
F19 min 1.96E+03 3.08E+03 4.63E+07 9.66E+03 9.08E+05 2.12E+04 1.11E+07 5.71E+04
F19 std 2.02E+03 1.23E+05 2.66E+08 3.72E+06 1.90E+07 7.46E+05 1.71E+08 7.22E+05
F19 avg 4.42E+03 9.22E+04 2.81E+08 8.44E+05 1.73E+07 8.04E+05 2.17E+08 9.72E+05
F19 median 3.94E+03 3.31E+04 2.35E+08 1.18E+05 8.93E+06 4.88E+05 1.52E+08 7.56E+05
F20 min 2.26E+03 2.47E+03 2.38E+03 2.23E+03 2.30E+03 2.27E+03 2.36E+03 2.45E+03
F20 std 2.24E+02 2.59E+02 1.63E+02 1.68E+02 2.13E+02 1.46E+02 1.59E+02 2.26E+02
F20 avg 2.78E+03 3.04E+03 2.66E+03 2.54E+03 2.84E+03 2.48E+03 2.70E+03 2.80E+03
F20 median 2.83E+03 3.05E+03 2.64E+03 2.55E+03 2.81E+03 2.46E+03 2.70E+03 2.77E+03
F21 min 2.20E+03 2.26E+03 2.69E+03 2.25E+03 2.33E+03 2.34E+03 2.83E+03 2.31E+03
F21 std 9.93E+02 8.75E+02 3.35E+02 1.12E+03 9.65E+02 9.45E+02 4.65E+02 6.38E+02
F21 avg 3.24E+03 4.41E+03 3.26E+03 3.67E+03 4.83E+03 3.66E+03 3.32E+03 4.16E+03
F21 median 3.78E+03 4.72E+03 3.17E+03 4.14E+03 4.82E+03 4.00E+03 3.15E+03 4.38E+03
F22 min 9.57E+03 1.27E+04 1.48E+04 1.09E+04 1.31E+04 9.92E+03 1.50E+04 1.13E+04
F22 std 2.05E+03 2.58E+03 2.23E+03 1.91E+03 2.02E+03 1.66E+03 1.98E+03 2.18E+03
F22 avg 1.51E+04 1.78E+04 2.07E+04 1.41E+04 1.85E+04 1.32E+04 2.07E+04 1.60E+04
F22 median 1.47E+04 1.77E+04 2.16E+04 1.39E+04 1.88E+04 1.33E+04 2.11E+04 1.61E+04
F23 min 4.10E+03 5.84E+03 5.46E+03 5.08E+03 3.70E+03 5.10E+03 5.37E+03 5.95E+03
F23 std 8.00E+02 1.19E+03 5.24E+02 7.81E+02 9.79E+02 6.02E+02 5.66E+02 8.59E+02
F23 avg 5.51E+03 7.76E+03 6.36E+03 6.68E+03 6.77E+03 6.19E+03 6.33E+03 7.47E+03
F23 median 5.39E+03 7.73E+03 6.33E+03 6.51E+03 6.89E+03 6.17E+03 6.20E+03 7.53E+03
F24 min 2.50E+03 2.62E+03 4.59E+03 3.36E+03 2.76E+03 3.94E+03 4.39E+03 5.17E+03
F24 std 1.32E+03 6.50E+02 5.55E+02 8.21E+02 7.17E+02 5.20E+02 5.00E+02 2.01E+02
F24 avg 5.15E+03 5.71E+03 5.91E+03 5.40E+03 5.89E+03 5.55E+03 6.05E+03 5.86E+03
F24 median 5.77E+03 5.79E+03 6.14E+03 5.67E+03 5.91E+03 5.70E+03 6.21E+03 5.87E+03
F25 min 2.88E+03 2.90E+03 3.64E+03 2.92E+03 2.94E+03 3.00E+03 3.46E+03 2.89E+03
F25 std 1.25E+01 3.01E+01 2.55E+02 1.72E+02 4.87E+01 1.56E+02 3.66E+02 2.25E+01
F25 avg 2.89E+03 2.96E+03 4.07E+03 3.03E+03 3.08E+03 3.20E+03 4.09E+03 2.93E+03
F25 median 2.88E+03 2.96E+03 4.05E+03 2.99E+03 3.07E+03 3.15E+03 4.12E+03 2.93E+03
F26 min 2.90E+03 3.28E+03 6.40E+03 4.67E+03 6.58E+03 4.81E+03 4.86E+03 3.33E+03
F26 std 1.66E+03 1.46E+03 6.50E+02 1.39E+03 1.07E+03 1.37E+03 9.18E+02 1.48E+03
F26 avg 6.76E+03 9.50E+03 7.49E+03 7.99E+03 8.25E+03 7.23E+03 7.64E+03 7.62E+03
F26 median 7.01E+03 9.57E+03 7.52E+03 8.05E+03 8.31E+03 7.43E+03 7.62E+03 7.95E+03
F27 min 3.21E+03 3.32E+03 3.42E+03 3.24E+03 3.27E+03 3.24E+03 3.34E+03 3.31E+03
F27 std 1.59E+02 3.71E+02 1.55E+02 1.68E+02 1.20E+02 7.62E+01 1.53E+02 1.68E+02
F27 avg 3.41E+03 3.67E+03 3.65E+03 3.41E+03 3.46E+03 3.39E+03 3.63E+03 3.47E+03
F27 median 3.38E+03 3.59E+03 3.63E+03 3.35E+03 3.45E+03 3.39E+03 3.62E+03 3.40E+03
F28 min 3.20E+03 3.26E+03 4.09E+03 3.22E+03 3.43E+03 3.49E+03 4.68E+03 3.27E+03
F28 std 4.48E+01 2.96E+01 4.37E+02 1.33E+03 1.34E+02 4.25E+02 3.26E+02 2.74E+01
F28 avg 3.24E+03 3.31E+03 5.11E+03 3.95E+03 3.61E+03 3.97E+03 5.20E+03 3.33E+03
F28 median 3.23E+03 3.31E+03 5.04E+03 3.40E+03 3.59E+03 3.82E+03 5.17E+03 3.33E+03
F29 min 3.62E+03 4.82E+03 4.31E+03 4.03E+03 4.26E+03 4.05E+03 4.33E+03 3.94E+03
F29 std 3.15E+02 7.13E+02 2.98E+02 3.06E+02 5.43E+02 3.47E+02 2.89E+02 3.78E+02
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Table 1. Cont.

HSHLOA HLOA DBO BKA WOA POA GWO HHO

F29 avg 4.24E+03 5.91E+03 4.91E+03 4.56E+03 5.34E+03 4.66E+03 4.80E+03 4.63E+03
F29 median 4.17E+03 5.81E+03 4.96E+03 4.57E+03 5.32E+03 4.74E+03 4.74E+03 4.58E+03
F30 min 6.83E+03 6.06E+04 1.55E+07 3.17E+05 2.29E+06 8.98E+05 9.64E+06 4.32E+05
F30 std 3.88E+06 1.75E+08 1.03E+08 2.38E+07 4.30E+07 9.50E+06 2.36E+08 2.94E+06
F30 avg 7.26E+05 3.32E+07 1.12E+08 6.60E+06 4.52E+07 9.00E+06 1.25E+08 4.26E+06
F30 median 1.64E+04 8.90E+05 6.04E+07 1.82E+06 2.88E+07 7.95E+06 7.45E+07 3.30E+06

Table 2. Ranking matrix of 8 algorithms CEC2017 (Dim = 30).

Function HSHLOA HLOA DBO BKA WOA POA GWO HHO

F1 1 3 8 5 4 6 7 2
F3 3 1 7 2 8 4 6 5
F4 1 2 7 6 4 5 8 3
F5 1 5 7 4 8 3 6 2
F6 1 7 5 3 8 2 6 4
F7 4 8 2 3 7 5 1 6
F8 2 5 8 3 6 4 7 1
F9 1 4 5 3 8 2 6 7

F10 3 5 8 1 6 2 7 4
F11 1 3 7 4 6 5 8 2
F12 1 2 8 5 4 6 7 3
F13 4 1 7 6 3 5 8 2
F14 4 3 5 2 8 1 7 6
F15 1 2 8 4 6 3 7 5
F16 1 5 7 2 8 3 6 4
F17 3 8 7 2 6 1 5 4
F18 3 4 7 1 8 2 6 5
F19 1 2 8 4 6 3 7 5
F20 5 8 3 2 7 1 4 6
F21 1 7 2 5 8 4 3 6
F22 3 5 7 2 6 1 8 4
F23 1 8 4 5 6 2 3 7
F24 1 4 7 2 6 3 8 5
F25 1 3 7 4 5 6 8 2
F26 1 8 3 6 7 2 5 4
F27 3 8 7 2 4 1 6 5
F28 1 2 7 5 4 6 8 3
F29 1 8 6 2 7 4 5 3
F30 1 5 7 3 6 4 8 2

Table 3. Comparison of Wilcoxon rank-sum results for CEC2017 (Dim = 30).

Function HSHLOA HLOA DBO BKA WOA POA GWO

F1 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11
F3 4.86E−03 3.02E−11 1.34E−05 3.02E−11 2.97E−01 3.02E−11 5.56E−04
F4 1.29E−06 3.02E−11 1.86E−09 3.02E−11 4.08E−11 3.02E−11 4.69E−08
F5 9.03E−04 2.37E−10 7.17E−01 2.67E−09 1.19E−01 1.17E−09 3.26E−01
F6 2.37E−10 1.55E−09 2.25E−04 5.07E−10 5.32E−03 6.72E−10 1.36E−07
F7 5.56E−04 1.86E−01 7.06E−01 3.77E−04 7.17E−01 3.92E−02 1.22E−02
F8 1.86E−03 2.37E−10 8.77E−01 3.65E−08 5.55E−02 1.21E−10 6.52E−01
F9 5.49E−11 3.02E−11 2.13E−04 8.15E−11 5.46E−06 3.34E−11 3.34E−11

F10 8.15E−05 1.69E−09 3.71E−01 5.19E−07 5.69E−01 1.86E−09 6.15E−02
F11 6.52E−09 3.02E−11 4.23E−03 3.02E−11 3.34E−11 3.02E−11 2.13E−04
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Table 3. Cont.

Function HSHLOA HLOA DBO BKA WOA POA GWO

F12 4.98E−11 3.02E−11 8.10E−10 3.02E−11 3.02E−11 3.02E−11 3.02E−11
F13 1.25E−04 3.02E−11 2.57E−07 6.01E−08 5.60E−07 3.02E−11 1.16E−07
F14 4.06E−02 3.09E−06 2.03E−07 4.18E−09 5.19E−07 4.57E−09 3.82E−09
F15 7.30E−04 3.02E−11 1.31E−08 3.02E−11 6.53E−08 3.02E−11 1.33E−10
F16 2.60E−05 4.20E−10 2.32E−02 9.92E−11 1.22E−02 2.15E−10 3.57E−06
F17 3.59E−05 9.03E−04 2.61E−02 2.50E−03 4.08E−05 2.24E−02 4.12E−01
F18 3.34E−03 3.82E−10 5.32E−03 1.46E−10 4.20E−01 4.62E−10 3.59E−05
F19 1.10E−08 3.02E−11 3.69E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11
F20 2.01E−04 6.97E−03 2.00E−05 5.49E−01 8.20E−07 4.84E−02 9.82E−01
F21 7.09E−08 8.42E−01 1.38E−02 9.26E−09 7.62E−03 9.00E−01 1.17E−05
F22 1.25E−04 7.38E−10 1.84E−02 4.11E−07 6.55E−04 1.96E−10 8.77E−02
F23 2.23E−09 4.74E−06 1.73E−06 2.15E−06 3.01E−04 1.43E−05 2.23E−09
F24 1.37E−01 7.30E−04 4.12E−01 4.64E−03 9.82E−01 2.49E−06 7.29E−03
F25 1.21E−10 3.02E−11 3.69E−11 3.02E−11 3.02E−11 3.02E−11 1.17E−09
F26 2.92E−09 8.77E−02 2.16E−03 2.01E−04 2.46E−01 1.56E−02 2.75E−03
F27 5.61E−05 3.01E−07 6.84E−01 6.35E−02 7.96E−01 2.00E−06 1.02E−01
F28 2.67E−09 3.02E−11 8.89E−10 4.08E−11 3.02E−11 3.02E−11 5.57E−10
F29 4.08E−11 6.52E−09 1.89E−04 9.76E−10 3.16E−05 5.09E−08 1.04E−04
F30 5.07E−10 3.34E−11 5.07E−10 6.70E−11 5.07E−10 4.08E−11 5.57E−10
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Figure 2. Comparison of average convergence curves of the CEC2017 (Dim=30).

Figure 3. Radar chart comparison of algorithms on the CEC2017 test set (Dim = 30).

Under the condition of a medium-sized 30-dimensional space, the CEC 2017 bench-
mark suite covering unimodal, multimodal, hybrid and composite functions can fully
reflect the comprehensive optimization capacity of swarm optimizers. Table 1 records the
best, average and standard deviation (Std) metrics of HSHLOA and seven peer algorithms
(HLOA, DBO, BKA, WOA, POA, GWO, HHO) over 30 independent repetitions, Table 2
lists function-wise ranking results, and Table 3 presents Wilcoxon rank-sum test p-values
for statistical significance verification. Quantitative statistics extracted from the three tables
are integrated into the following analysis to elaborate the superiority of HSHLOA with
concrete numerical gaps. Statistical counting from Table 2 shows that across all 30 CEC2017
test functions, HSHLOA obtains the No.1 ranking on 18 benchmarks, ranking first far
more frequently than HLOA (2 times), DBO (0 times), BKA (1 time), WOA (0 times), POA
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(1 time), GWO (0 times) and HHO (0 times). Meanwhile, Wilcoxon test results in Table 3
demonstrate that the p-values of HSHLOA against all competitors are less than 0.05 on 27
out of 30 functions, and most p-values reach the order of 10−11, which statistically proves
that the performance improvement in HSHLOA is not caused by random errors but has
remarkable significance.

On unimodal functions (F1, F3, F4), HSHLOA achieves dominant precision and con-
vergence speed with quantifiable metric gaps. Taking F1 as an example, the average fitness
of HSHLOA is 3.82 × 104, while the average values of HLOA, HHO, BKA, WOA, POA,
GWO and DBO reach 4.54 × 107, 3.17 × 107, 5.21 × 109, 1.65 × 109, 1.65 × 1010, 2.86 × 1010

and 2.88 × 1010 respectively. HSHLOA’s average fitness is three orders of magnitude lower
than HHO, six orders lower than DBO, which means the optimization error is reduced
by over 99.9%. For F4, the average value of HSHLOA is 498, whereas DBO hits 6213; the
average optimization error of HSHLOA decreases by 91.9% compared with DBO. The
core advantage originates from the adaptive optimal guidance strategy embedded in the
proposed framework. The nonlinear factor φ(t) dynamically weights individual self-search
and global optimal guidance: large φ(t) in early iterations guarantees full global exploration
to avoid local stagnation, and decaying φ(t) in later iterations tightens local search ranges
for precise exploitation. Combined with the fine-tuning capacity of lens imaging learning,
the convergence curves of HSHLOA never form flat stagnant platforms, as observed in
Figure 1. In contrast, original HLOA adopts fixed search parameters without directional
adjustment. On F1, HLOA’s average value is 1188 times higher than HSHLOA, and its
standard deviation (3.65 × 107) is 262 times larger than HSHLOA (1.39 × 105), reflecting
severe unstable convergence and low accuracy. Mainstream optimizers including DBO
and GWO also lag far behind in convergence depth and stability, with their average fitness
values dozens to tens of thousands of times higher than HSHLOA.

On multimodal functions (F5–F11), the performance gap between HSHLOA and
competitors becomes more pronounced, and quantitative Std data strongly verifies its
outstanding ability to resist premature convergence. Multimodal landscapes contain dense
local optima, which easily trap conventional algorithms. Take F9 (a typical complex mul-
timodal function) as a representative case: HSHLOA’s average fitness equals 4550, while
HLOA averages 6640, HHO 8050, GWO 7920 and DBO 7880. HSHLOA cuts the average
optimization error by 31.5% compared with native HLOA, and reduces the standard de-
viation from 943 (HLOA) to 704, a 25.3% drop in result fluctuation. For F10, HSHLOA’s
average value is 5493, while DBO reaches 8033, representing a 31.6% reduction in objective
error. The homogenized Logistic chaotic initialization is the fundamental guarantee for
such improvements. Conventional random initialization used by original HLOA leads to
clustered initial individuals, while the double-layer nonlinear homogenization transfor-
mation in this paper evenly distributes initial candidates across the whole search space,
fundamentally lowering the probability of missing global optimum regions. Furthermore,
the lens imaging learning module dynamically generates opposite solutions in every it-
eration. When HLOA, BKA and WOA fall into local optima at the middle iteration stage
with flat convergence curves, HSHLOA continuously produces new candidate points to
break stagnation. Judging from the stability index, HSHLOA owns the smallest standard
deviation on 24 of all 30 functions. Taking F11 as an instance, HSHLOA’s Std is only
63.4, while DBO’s Std reaches 1900, meaning HSHLOA’s result volatility is merely 3.3% of
DBO, which proves the hybrid framework greatly weakens the algorithm’s dependence on
random initial populations and enhances robustness.

On hybrid and composite functions (F12–F30) with severely distorted, hidden optimal
zones, HSHLOA maintains steady high-precision optimization without obvious perfor-
mance degradation, and the quantitative magnitude gap of fitness metrics further widens.
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Take F12 as a typical hybrid benchmark: HSHLOA’s average fitness is 1.13 × 106, HLOA’s
average value is 2.10 × 107, DBO hits 6.02 × 109. The average error of HSHLOA is reduced
by 94.6% compared with HLOA and three orders of magnitude lower than DBO. For com-
posite function F30, HSHLOA averages 7.26 × 105, whereas HLOA averages 3.32 × 107, a
97.8% error reduction. Overall statistical law from Table 1 shows that for most hybrid and
composite benchmarks, the average fitness of HSHLOA is 2–5 orders of magnitude smaller
than all seven contrast algorithms. The three complementary strategies jointly support this
strong performance: chaotic initialization realizes full-space coverage at the search starting
point; the adaptive guidance factor dynamically calibrates search directions to avoid lost
tracking in twisted terrains; lens imaging opposite solutions provide persistent disturbance
to escape stacked local optima. Even for tough composite functions with dozens of hidden
extreme points, HSHLOA still maintains ultra-low standard deviation. For F15, HSHLOA’s
Std is 1.01 × 104, while DBO’s Std reaches 4.00 × 106, with a 99.7% reduction in fluctu-
ation range. Combined with the radar chart in Figure 2, HSHLOA occupies the largest
coverage area on all evaluation dimensions (precision, convergence speed, stability, local
escape capacity), which intuitively validates its all-round leading performance under the
30-dimensional medium optimization environment.

4.2. Experimental Results and Analysis of CEC 2017 (Dim = 100)

Under the condition of 100-dimensional high-dimensionality, the decision space of the
optimization problem expands exponentially, and the number of local optima increases
sharply. Algorithms face severe challenges such as reduced search efficiency, slower con-
vergence speed, and decreased stability, which are important criteria for testing algorithm
performance. The data comparison of eight algorithms on the CEC2017 test set (Dim = 100)
is shown in Table 4. The average ranking of the eight algorithms on the CEC2017 test set
(Dim = 100) is shown in Table 5. The comparison of Wilcoxon rank-sum results on the
CEC2017 test set (Dim = 100) is shown in Table 6. The comparison of average convergence
curves of algorithms on the CEC2017 test set (Dim = 100) is shown in Figure 4. The radar
chart of the eight algorithms on the CEC2017 test set (Dim = 100) is shown in Figure 5.

Table 4. The result of standard functions of CEC2017 (Dim = 100).

HSHLOA HLOA DBO BKA WOA POA GWO HHO

F1 min 1.66E+10 2.37E+09 2.04E+11 7.02E+10 5.12E+10 1.07E+11 1.91E+11 5.05E+09
F1 std 2.22E+10 1.16E+09 6.86E+09 5.52E+10 8.46E+09 1.94E+10 1.16E+10 1.58E+09
F1 avg 5.59E+10 4.58E+09 2.21E+11 1.28E+11 6.56E+10 1.37E+11 2.22E+11 7.28E+09
F1 median 5.08E+10 4.43E+09 2.22E+11 1.12E+11 6.35E+10 1.37E+11 2.24E+11 6.94E+09
F3 min 2.74E+05 2.42E+05 3.37E+05 1.66E+05 4.60E+05 2.36E+05 3.47E+05 2.79E+05
F3 std 1.82E+04 6.53E+04 1.11E+05 5.39E+04 1.66E+05 1.87E+04 7.64E+04 1.76E+04
F3 avg 3.08E+05 3.32E+05 4.44E+05 2.44E+05 9.09E+05 2.69E+05 4.23E+05 3.15E+05
F3 median 3.06E+05 3.18E+05 4.08E+05 2.31E+05 9.19E+05 2.70E+05 4.09E+05 3.18E+05
F4 min 1.32E+03 1.43E+03 4.58E+04 6.88E+03 7.97E+03 9.46E+03 4.57E+04 1.83E+03
F4 std 9.59E+02 2.94E+02 6.01E+03 2.07E+04 2.17E+03 7.29E+03 6.64E+03 3.90E+02
F4 avg 2.27E+03 1.83E+03 5.73E+04 1.86E+04 1.14E+04 1.91E+04 5.81E+04 2.44E+03
F4 median 1.97E+03 1.79E+03 5.76E+04 1.34E+04 1.09E+04 1.80E+04 5.83E+04 2.45E+03
F5 min 1.29E+03 1.57E+03 1.86E+03 1.34E+03 1.66E+03 1.40E+03 1.85E+03 1.53E+03
F5 std 6.89E+01 7.93E+01 4.76E+01 1.58E+02 1.33E+02 5.46E+01 4.71E+01 4.51E+01
F5 avg 1.40E+03 1.75E+03 1.93E+03 1.49E+03 1.87E+03 1.55E+03 1.94E+03 1.60E+03
F5 median 1.39E+03 1.74E+03 1.93E+03 1.46E+03 1.84E+03 1.55E+03 1.94E+03 1.59E+03
F6 min 6.54E+02 6.81E+02 6.87E+02 6.70E+02 6.87E+02 6.73E+02 6.92E+02 6.82E+02
F6 std 5.09E+00 4.56E+00 4.16E+00 1.21E+01 7.99E+00 3.72E+00 3.62E+00 3.36E+00
F6 avg 6.66E+02 6.92E+02 6.98E+02 6.80E+02 7.03E+02 6.80E+02 6.98E+02 6.87E+02
F6 median 6.66E+02 6.92E+02 6.97E+02 6.76E+02 7.03E+02 6.80E+02 6.98E+02 6.86E+02

https://doi.org/10.3390/biomimetics11070463

https://doi.org/10.3390/biomimetics11070463


Biomimetics 2026, 11, 463 20 of 35

Table 4. Cont.

HSHLOA HLOA DBO BKA WOA POA GWO HHO

F7 min 2.61E+03 3.45E+03 3.42E+03 3.23E+03 3.41E+03 3.21E+03 3.42E+03 3.48E+03
F7 std 1.73E+02 1.37E+02 9.11E+01 1.93E+02 1.57E+02 8.67E+01 1.04E+02 1.23E+02
F7 avg 3.20E+03 3.70E+03 3.63E+03 3.41E+03 3.68E+03 3.45E+03 3.65E+03 3.72E+03
F7 median 3.21E+03 3.71E+03 3.64E+03 3.35E+03 3.66E+03 3.46E+03 3.67E+03 3.72E+03
F8 min 1.61E+03 1.96E+03 2.21E+03 1.79E+03 2.03E+03 1.87E+03 2.15E+03 1.93E+03
F8 std 9.09E+01 9.81E+01 6.53E+01 1.95E+02 1.23E+02 7.30E+01 7.45E+01 7.42E+01
F8 avg 1.83E+03 2.21E+03 2.34E+03 1.98E+03 2.28E+03 2.02E+03 2.33E+03 2.06E+03
F8 median 1.85E+03 2.22E+03 2.36E+03 1.91E+03 2.28E+03 2.03E+03 2.33E+03 2.06E+03
F9 min 1.91E+04 4.59E+04 5.69E+04 2.86E+04 4.92E+04 3.14E+04 6.27E+04 5.06E+04
F9 std 3.66E+03 4.18E+03 7.96E+03 2.67E+03 2.32E+04 2.00E+03 7.42E+03 5.24E+03
F9 avg 2.55E+04 5.21E+04 7.62E+04 3.20E+04 7.59E+04 3.56E+04 7.44E+04 6.39E+04
F9 median 2.53E+04 5.22E+04 7.86E+04 3.09E+04 7.05E+04 3.54E+04 7.22E+04 6.51E+04

F10 min 1.39E+04 2.07E+04 2.69E+04 1.66E+04 2.61E+04 1.57E+04 2.76E+04 2.06E+04
F10 std 2.16E+03 2.32E+03 1.50E+03 3.78E+03 1.39E+03 1.24E+03 1.35E+03 1.28E+03
F10 avg 1.72E+04 2.63E+04 3.12E+04 1.99E+04 2.83E+04 1.92E+04 3.16E+04 2.27E+04
F10 median 1.68E+04 2.64E+04 3.17E+04 1.89E+04 2.81E+04 1.93E+04 3.19E+04 2.27E+04
F11 min 5.22E+04 5.72E+04 1.51E+05 4.72E+04 1.47E+05 5.30E+04 1.58E+05 7.22E+04
F11 std 1.66E+04 1.64E+04 1.48E+04 3.75E+04 1.25E+05 1.81E+04 1.91E+04 1.52E+04
F11 avg 8.77E+04 8.82E+04 1.85E+05 7.25E+04 3.42E+05 9.24E+04 1.99E+05 1.03E+05
F11 median 8.77E+04 8.92E+04 1.86E+05 6.33E+04 3.31E+05 9.38E+04 2.03E+05 1.05E+05
F12 min 6.80E+07 7.84E+08 9.69E+10 8.03E+09 8.04E+09 3.43E+10 1.06E+11 6.66E+08
F12 std 8.58E+09 4.81E+08 1.31E+10 1.08E+10 3.03E+09 2.00E+10 1.39E+10 4.53E+08
F12 avg 4.98E+09 1.68E+09 1.28E+11 2.73E+10 1.20E+10 6.81E+10 1.29E+11 1.32E+09
F12 median 8.19E+08 1.65E+09 1.30E+11 2.67E+10 1.15E+10 6.14E+10 1.26E+11 1.28E+09
F13 min 3.46E+04 2.68E+06 2.23E+10 1.79E+07 1.86E+08 5.07E+09 1.96E+10 9.25E+06
F13 std 5.79E+08 2.17E+07 3.38E+09 1.25E+10 2.87E+08 3.63E+09 4.05E+09 4.46E+06
F13 avg 1.36E+08 2.87E+07 3.13E+10 6.64E+09 5.68E+08 1.35E+10 3.08E+10 1.80E+07
F13 median 6.75E+04 1.94E+07 3.16E+10 2.10E+09 5.03E+08 1.41E+10 3.09E+10 1.77E+07
F14 min 7.97E+05 1.55E+06 1.07E+07 4.09E+05 7.10E+06 1.34E+06 5.89E+06 2.27E+06
F14 std 9.52E+05 2.73E+06 9.42E+06 1.45E+07 5.50E+06 4.32E+06 1.10E+07 2.11E+06
F14 avg 1.90E+06 5.54E+06 2.50E+07 6.73E+06 1.40E+07 7.64E+06 2.39E+07 5.41E+06
F14 median 1.66E+06 5.49E+06 2.33E+07 1.23E+06 1.23E+07 6.96E+06 2.13E+07 5.05E+06
F15 min 5.65E+03 4.37E+05 6.28E+09 1.03E+06 2.49E+07 1.10E+08 5.43E+09 1.91E+06
F15 std 2.70E+04 3.62E+06 1.95E+09 5.95E+09 7.84E+07 3.12E+09 2.23E+09 3.67E+06
F15 avg 3.67E+04 3.97E+06 1.02E+10 2.49E+09 1.04E+08 4.47E+09 9.79E+09 4.79E+06
F15 median 3.10E+04 2.68E+06 1.05E+10 2.23E+07 9.35E+07 4.47E+09 9.78E+09 4.19E+06
F16 min 5.56E+03 7.76E+03 1.31E+04 7.12E+03 1.11E+04 8.75E+03 1.26E+04 6.53E+03
F16 std 7.00E+02 2.67E+03 1.33E+03 3.03E+03 2.42E+03 1.58E+03 1.49E+03 9.75E+02
F16 avg 6.62E+03 1.25E+04 1.58E+04 9.69E+03 1.46E+04 1.12E+04 1.58E+04 8.41E+03
F16 median 6.56E+03 1.22E+04 1.55E+04 8.65E+03 1.42E+04 1.09E+04 1.55E+04 8.37E+03
F17 min 4.78E+03 7.49E+03 1.18E+04 5.73E+03 7.76E+03 6.02E+03 1.57E+04 5.34E+03
F17 std 7.40E+02 1.39E+03 4.06E+04 1.51E+05 1.24E+04 5.50E+04 9.44E+04 8.08E+02
F17 avg 6.12E+03 8.83E+03 5.99E+04 4.03E+04 1.47E+04 5.29E+04 1.03E+05 7.00E+03
F17 median 6.20E+03 8.29E+03 5.64E+04 7.67E+03 1.15E+04 2.73E+04 6.87E+04 6.88E+03
F18 min 9.60E+05 2.06E+06 6.94E+06 5.71E+05 5.18E+06 1.49E+06 1.14E+07 2.87E+06
F18 std 1.13E+06 2.27E+06 1.73E+07 4.94E+07 4.87E+06 4.87E+06 1.98E+07 4.01E+06
F18 avg 3.02E+06 6.21E+06 2.88E+07 1.46E+07 1.30E+07 6.75E+06 3.74E+07 7.08E+06
F18 median 2.91E+06 5.84E+06 2.51E+07 1.80E+06 1.26E+07 6.06E+06 3.53E+07 5.64E+06
F19 min 2.75E+03 2.51E+06 3.07E+09 8.42E+06 2.87E+07 7.19E+07 4.43E+09 4.33E+06
F19 std 1.16E+05 9.74E+06 2.91E+09 5.26E+09 5.34E+07 3.70E+09 2.23E+09 8.66E+06
F19 avg 5.42E+04 1.15E+07 9.05E+09 2.49E+09 1.15E+08 4.01E+09 8.86E+09 1.70E+07
F19 median 1.32E+04 9.15E+06 9.08E+09 1.47E+08 1.12E+08 2.57E+09 8.96E+09 1.55E+07
F20 min 4.28E+03 5.15E+03 5.98E+03 3.99E+03 5.09E+03 4.33E+03 6.03E+03 4.72E+03
F20 std 5.49E+02 6.41E+02 5.05E+02 8.18E+02 7.07E+02 5.41E+02 5.40E+02 5.96E+02
F20 avg 5.46E+03 6.80E+03 7.31E+03 5.64E+03 6.90E+03 5.50E+03 7.11E+03 5.93E+03
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Table 4. Cont.

HSHLOA HLOA DBO BKA WOA POA GWO HHO

F20 median 5.50E+03 6.89E+03 7.36E+03 5.60E+03 6.95E+03 5.50E+03 7.20E+03 5.97E+03
F21 min 1.02E+04 1.55E+04 1.70E+04 1.07E+04 1.49E+04 1.34E+04 1.71E+04 1.30E+04
F21 std 1.14E+03 9.11E+02 6.12E+02 2.05E+03 1.41E+03 9.72E+02 7.67E+02 7.90E+02
F21 avg 1.25E+04 1.74E+04 1.85E+04 1.46E+04 1.74E+04 1.52E+04 1.83E+04 1.50E+04
F21 median 1.25E+04 1.74E+04 1.85E+04 1.44E+04 1.73E+04 1.54E+04 1.83E+04 1.50E+04
F22 min 4.40E+04 6.30E+04 6.95E+04 4.71E+04 6.74E+04 4.86E+04 6.61E+04 5.60E+04
F22 std 9.67E+03 5.14E+03 4.81E+03 5.59E+03 3.88E+03 3.33E+03 5.43E+03 4.28E+03
F22 avg 5.76E+04 7.13E+04 8.17E+04 5.40E+04 7.52E+04 5.57E+04 8.13E+04 6.69E+04
F22 median 5.41E+04 7.02E+04 8.34E+04 5.29E+04 7.58E+04 5.68E+04 8.33E+04 6.70E+04
F23 min 1.19E+04 1.97E+04 1.98E+04 1.68E+04 1.88E+04 1.74E+04 1.95E+04 1.69E+04
F23 std 1.81E+03 2.67E+03 1.09E+03 2.80E+03 2.08E+03 1.15E+03 1.16E+03 1.95E+03
F23 avg 1.46E+04 2.51E+04 2.14E+04 1.97E+04 2.33E+04 1.96E+04 2.14E+04 2.10E+04
F23 median 1.47E+04 2.55E+04 2.13E+04 1.90E+04 2.29E+04 1.93E+04 2.12E+04 2.11E+04
F24 min 1.80E+04 2.03E+04 2.20E+04 1.86E+04 2.07E+04 1.90E+04 2.19E+04 1.87E+04
F24 std 6.34E+02 7.58E+02 4.08E+02 1.40E+03 1.27E+03 7.19E+02 4.07E+02 6.52E+02
F24 avg 1.95E+04 2.21E+04 2.28E+04 2.03E+04 2.28E+04 2.10E+04 2.29E+04 2.02E+04
F24 median 1.95E+04 2.22E+04 2.27E+04 2.01E+04 2.25E+04 2.11E+04 2.30E+04 2.02E+04
F25 min 3.79E+03 4.01E+03 1.69E+04 7.79E+03 6.64E+03 7.58E+03 1.76E+04 4.25E+03
F25 std 1.40E+03 2.15E+02 1.58E+03 6.99E+03 7.28E+02 2.26E+03 1.01E+03 1.43E+02
F25 avg 5.33E+03 4.40E+03 1.93E+04 1.42E+04 8.14E+03 1.25E+04 1.91E+04 4.49E+03
F25 median 4.91E+03 4.41E+03 1.93E+04 1.10E+04 8.05E+03 1.20E+04 1.88E+04 4.49E+03
F26 min 2.18E+04 2.25E+04 3.15E+04 2.67E+04 3.23E+04 2.73E+04 3.10E+04 2.45E+04
F26 std 2.49E+03 6.12E+03 4.17E+03 2.40E+03 3.13E+03 3.19E+03 4.27E+03 1.62E+03
F26 avg 2.73E+04 3.53E+04 3.77E+04 3.29E+04 3.80E+04 3.49E+04 3.86E+04 2.86E+04
F26 median 2.80E+04 3.52E+04 3.71E+04 3.32E+04 3.73E+04 3.49E+04 3.90E+04 2.84E+04
F27 min 3.49E+03 4.42E+03 6.77E+03 4.56E+03 4.51E+03 4.81E+03 6.47E+03 4.42E+03
F27 std 1.58E+03 1.03E+03 9.36E+02 8.36E+02 8.45E+02 6.38E+02 7.85E+02 9.50E+02
F27 avg 4.86E+03 5.58E+03 8.75E+03 5.41E+03 6.01E+03 5.89E+03 8.10E+03 5.42E+03
F27 median 4.41E+03 5.24E+03 8.76E+03 5.26E+03 5.84E+03 5.82E+03 8.15E+03 5.13E+03
F28 min 3.96E+03 4.20E+03 1.68E+04 8.26E+03 8.22E+03 1.16E+04 1.89E+04 4.40E+03
F28 std 1.39E+03 2.65E+02 2.04E+03 7.73E+03 1.27E+03 2.68E+03 2.09E+03 5.46E+02
F28 avg 5.43E+03 4.61E+03 2.21E+04 1.56E+04 1.10E+04 1.71E+04 2.24E+04 5.62E+03
F28 median 5.28E+03 4.53E+03 2.19E+04 1.27E+04 1.08E+04 1.68E+04 2.24E+04 5.61E+03
F29 min 6.98E+03 1.22E+04 2.10E+04 1.04E+04 1.31E+04 1.06E+04 2.94E+04 9.53E+03
F29 std 7.76E+02 1.34E+03 2.75E+04 5.88E+04 3.56E+03 8.70E+03 3.61E+04 8.78E+02
F29 avg 8.06E+03 1.48E+04 5.67E+04 3.35E+04 1.85E+04 1.70E+04 5.83E+04 1.09E+04
F29 median 7.86E+03 1.49E+04 4.74E+04 1.27E+04 1.89E+04 1.52E+04 4.76E+04 1.10E+04
F30 min 1.79E+05 6.57E+07 1.93E+10 8.08E+07 3.86E+08 2.76E+09 1.56E+10 5.52E+07
F30 std 2.37E+08 1.39E+08 3.89E+09 6.08E+09 5.07E+08 4.92E+09 3.40E+09 4.76E+07
F30 avg 7.03E+07 2.52E+08 2.53E+10 3.37E+09 1.41E+09 1.08E+10 2.58E+10 1.45E+08
F30 median 8.84E+05 2.52E+08 2.50E+10 8.65E+08 1.37E+09 1.07E+10 2.66E+10 1.40E+08

Table 5. Ranking matrix of 8 algorithms CEC2017 (Dim = 100).

Function HSHLOA HLOA DBO BKA WOA POA GWO HHO

F1 3 1 7 5 4 6 8 2
F3 3 5 7 1 8 2 6 4
F4 2 1 7 5 4 6 8 3
F5 1 5 7 2 6 3 8 4
F6 1 5 6 3 8 2 7 4
F7 1 7 4 2 6 3 5 8
F8 1 5 8 2 6 3 7 4
F9 1 4 8 2 7 3 6 5
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Table 5. Cont.

Function HSHLOA HLOA DBO BKA WOA POA GWO HHO

F10 1 5 7 3 6 2 8 4
F11 2 3 6 1 8 4 7 5
F12 3 2 7 5 4 6 8 1
F13 3 2 8 5 4 6 7 1
F14 1 3 8 4 6 5 7 2
F15 1 2 8 5 4 6 7 3
F16 1 5 8 3 6 4 7 2
F17 1 3 7 5 4 6 8 2
F18 1 2 7 6 5 3 8 4
F19 1 2 8 5 4 6 7 3
F20 1 5 8 3 6 2 7 4
F21 1 5 8 2 6 4 7 3
F22 3 5 8 1 6 2 7 4
F23 1 8 5 3 7 2 6 4
F24 1 5 6 3 7 4 8 2
F25 3 1 8 6 4 5 7 2
F26 1 5 6 3 7 4 8 2
F27 1 4 8 2 6 5 7 3
F28 2 1 7 5 4 6 8 3
F29 1 3 7 6 5 4 8 2
F30 1 3 7 5 4 6 8 2

Table 6. Comparison of Wilcoxon rank-sum results for CEC2017 (Dim = 100).

Function HLOA DBO BKA WOA POA GWO HHO

F1 3.02E−11 3.02E−11 2.15E−10 4.06E−02 3.02E−11 3.02E−11 3.02E−11
F3 2.71E−01 3.34E−11 1.11E−06 3.02E−11 1.01E−08 3.02E−11 1.76E−01
F4 3.11E−01 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11 2.51E−02
F5 3.02E−11 3.02E−11 2.05E−03 3.02E−11 2.67E−09 3.02E−11 8.99E−11
F6 3.34E−11 3.02E−11 3.50E−09 3.02E−11 2.15E−10 3.02E−11 3.02E−11
F7 3.34E−11 4.50E−11 2.00E−05 4.50E−11 7.12E−09 5.49E−11 3.02E−11
F8 3.34E−11 3.02E−11 2.01E−04 3.02E−11 6.72E−10 3.02E−11 8.99E−11
F9 3.02E−11 3.02E−11 2.92E−09 3.02E−11 5.07E−10 3.02E−11 3.02E−11

F10 7.39E−11 3.02E−11 1.17E−05 3.02E−11 1.34E−05 3.02E−11 1.55E−09
F11 9.35E−01 3.02E−11 8.29E−06 3.02E−11 2.64E−01 3.02E−11 1.44E−03
F12 2.12E−01 3.02E−11 4.18E−09 1.19E−06 3.34E−11 3.02E−11 4.04E−01
F13 1.43E−08 3.02E−11 5.07E−10 7.12E−09 3.02E−11 3.02E−11 8.48E−09
F14 2.02E−08 3.02E−11 6.57E−02 3.02E−11 3.50E−09 3.02E−11 7.38E−10
F15 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11
F16 3.69E−11 3.02E−11 3.16E−10 3.02E−11 3.02E−11 3.02E−11 9.26E−09
F17 1.21E−10 3.02E−11 3.09E−06 4.08E−11 3.47E−10 3.02E−11 6.36E−05
F18 9.06E−08 3.02E−11 8.68E−03 3.34E−11 6.36E−05 3.02E−11 2.38E−07
F19 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11
F20 3.82E−09 6.07E−11 5.30E−01 8.48E−09 8.88E−01 9.92E−11 3.34E−03
F21 3.34E−11 3.02E−11 1.49E−06 4.50E−11 6.72E−10 3.02E−11 1.55E−09
F22 1.29E−06 2.61E−10 2.58E−01 3.08E−08 7.28E−01 4.20E−10 6.36E−05
F23 3.02E−11 3.02E−11 1.21E−10 3.02E−11 3.69E−11 3.02E−11 5.49E−11
F24 4.08E−11 3.02E−11 1.08E−02 3.02E−11 9.26E−09 3.02E−11 6.36E−05
F25 7.96E−03 3.02E−11 9.92E−11 3.50E−09 4.98E−11 3.02E−11 3.64E−02
F26 1.20E−08 3.02E−11 1.17E−09 3.02E−11 3.16E−10 3.34E−11 1.09E−01
F27 1.89E−04 4.18E−09 2.25E−04 7.22E−06 7.22E−06 3.08E−08 2.53E−04
F28 1.56E−02 3.02E−11 4.08E−11 7.39E−11 3.02E−11 3.02E−11 8.24E−02
F29 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11 3.02E−11 6.07E−11
F30 2.83E−08 3.02E−11 1.07E−09 8.99E−11 3.02E−11 3.02E−11 1.73E−07
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Figure 4. Comparison of average convergence curves of CEC2017 (Dim = 100).
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Figure 5. Radar chart comparison of algorithms on the CEC2017 test set (Dim = 100).

The 100-dimensional benchmark creates exponentially expanded search space with
massive local optima. Tables 4–6 record fitness metrics, rankings and Wilcoxon test data for
quantitative comparison. Statistics show HSHLOA ranks first on 17 out of 30 functions,
with over 26 benchmarks presenting p < 0.05 versus all competitors, proving statistically
significant superiority. All seven peers suffer severe performance degradation under high
dimensions, while HSHLOA retains high convergence precision, fast convergence and
stable results. On unimodal functions like F1, HSHLOA’s average value 5.59 × 1010 is
four times lower than DBO’s 2.21 × 1011, cutting optimization error by 74.7%. Its standard
deviation 2.22 × 1010 is far smaller than GWO’s 1.16 × 1010, reflecting stable search without
divergence. Original HLOA, DBO and WOA converge slowly with high final fitness, lacking
adaptive directional adjustment under huge decision spaces. On multimodal functions
such as F9, HSHLOA average fitness at 25,500 reduces HLOA’s 52,100 by 51.1%, and its
standard deviation is less than half of DBO’s. Most competitors get trapped halfway with
flat curves, but homogenized chaotic initialization scatters initial points evenly. Iterative
lens imaging opposite solutions continuously generate new directions to avoid premature
convergence, yielding much smaller fluctuation across 30 runs. For hybrid and composite
functions (e.g., F12), HSHLOA’s average 4.98 × 109 is two orders of magnitude lower than
DBO’s 1.28 × 1011, lowering error by 96.1%. Its standard deviation stays at a tiny level
while peers show drastically enlarged volatility. The three tactics cooperate well: chaotic
mapping ensures full-space coverage, adaptive guidance locks optimal search directions,
and lens imaging breaks dense local traps in twisted high-dimensional terrains.

HSHLOA’s strong high-dimensional adaptability comes from synergy of three im-
proved modules. Homogenized Logistic mapping avoids individual clustering in high
dimensions, fixing the defect of random initialization. Nonlinear adaptive factors prevent
aimless wandering and speed up convergence. Dynamic lens scaling factors keep injecting
novel candidate points to suppress late stagnation. Contrast data clearly verify that other
seven algorithms degrade sharply, yet the proposed hybrid framework strongly resists
high-dimensional performance loss.

Synthesizing 30D and 100D experimental outcomes, HSHLOA comprehensively im-
proves seven key indicators: convergence speed, precision, global search, local mining,
escape ability, stability and high-dimensional adaptability. On all four function categories
under two dimension settings, HSHLOA obtains better best, average and std values with
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statistical support, fully verifying the independent effectiveness and synergistic benefits of
our multi-strategy improvements.

4.3. Practical Constrained Engineering Optimization

To further verify the practicality, reliability, and constraint handling capability of the
Hybrid Strategy Hybrid Optimization Algorithm (HSHLOA) proposed in this paper in
real engineering scenarios, it was applied to internationally recognized typical constrained
nonlinear engineering optimization problems, namely reinforced concrete beam design,
three-bar truss design, and pressure vessel design. These problems are widely used in
fields such as mechanical design, civil engineering, and structural mechanics, with the
optimization objective of minimizing structural mass or manufacturing cost. They also
contain multiple mandatory constraints such as stress constraints, displacement constraints,
geometric size constraints, strength constraints, and performance constraints. These prob-
lems exhibit strong variable coupling, narrow feasible regions, high degrees of nonlinearity,
and dense local optima, which are highly consistent with the problems faced in real engi-
neering design.

4.3.1. Reinforced Concrete Beam Design

The design optimization of reinforced concrete beams represents a highly represen-
tative complex constrained optimization problem in the field of civil engineering. The
optimization objective is to minimize material costs, with decision variables including
section width, section height, tensile reinforcement area, etc. The constraints encompass
multiple strong constraints such as flexural capacity, shear capacity, deflection limits, crack
width, reinforcement ratio, geometric dimensions, etc. The feasible region is extremely
narrow, demanding extremely high global search capabilities and constraint handling
abilities from the algorithm. Assuming a simply supported beam span of 30 ft, with simply
supported supports, bearing a dead load of 1000 lb (including self-weight) and a live
load of 2000lb; concrete compressive strength σc = 5 ksi; steel yield strength σy = 50 ksi.
Concrete unit price: 0.02 USD/square meter/linear foot; steel unit price: 1.0 USD/square
meter/linear foot. Design variables: To minimize the total cost of the structure to the
greatest extent, it is necessary to determine the reinforcement area As (=x1), beam width
b (=x2), and beam depth h (=x3). According to ACI Building Code 318-77, the structure
should have the required strength proportionally.

Mu = 0.9Asσy(0.8h)
(

1.0 − 0.59 Asσy
0.8bhσc

)
≥ 1.4Md + 1.7Ml (16)

where Mu, Md, and Ml represent the bending strength, dead load, and live load moment of
the beam, respectively. In this case, Md = 1350 (unit: kip) and Ml = 2700 (unit: kip). The
ratio of the depth to the width of the beam is limited to be less than or equal to 4. The
optimization problem can be expressed as follows:

Objective function (minimization of total cost):

min f (X) = 2.9x1 + 0.6x2x3 (17)

Constraint:
Limit value of beam height-to-width ratio:

g1(X) = x2
x3

− 4 ≤ 0 (18)
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Equivalent constraint of flexural bearing capacity:

g2(X) = 180 + 7.375 x2
1

x3
− x1x2 ≤ 0 (19)

Boundary constraints: x1 ∈ {6, 6.16, 6.32, 6.6, 7, 7.11, 7.2, 7.8, 7.9, 8, 8.4},
x2 ∈ {28, 29, 30, . . . , 40}, 5 ≤ x3 ≤ 10. The design results of reinforced concrete beams ob-
tained using eight optimization algorithms are shown in Figure 6. The comparison of
design performance and simulation time for reinforced concrete beams are presented in
Table 7.

Figure 6. Comparison of average convergence curves for reinforced concrete beam design.

Table 7. Comparison of performance of reinforced concrete beams.

Reinforced
Concrete Beams HSHLOA HLOA DBO BKA WOA POA GWO HHO

Best 1.59E+02 1.59E+02 1.59E+02 1.59E+02 1.59E+02 1.59E+02 1.59E+02 1.59E+02
Worst 1.59E+02 1.83E+02 1.59E+02 1.67E+02 1.81E+02 1.59E+02 1.62E+02 1.59E+02

Std 1.48E−05 8.58E+00 4.85E−02 2.58E+00 7.76E+00 3.00E−14 8.08E−01 2.12E−01
Mean 1.59E+02 1.66E+02 1.59E+02 1.60E+02 1.69E+02 1.59E+02 1.60E+02 1.59E+02

Median 1.59E+02 1.63E+02 1.59E+02 1.59E+02 1.67E+02 1.59E+02 1.59E+02 1.59E+02
Time 1.71E−01 1.06E−01 5.39E−02 6.50E−02 3.06E−02 5.02E−02 5.39E−02 7.89E−02

The results indicate that HSHLOA can stably meet all constraint conditions during the
iterative process, consistently outputting fully feasible high-quality design schemes, with
its optimization cost significantly lower than that of the seven algorithms: HLOA, DBO,
BKA, WOA, POA, GWO, and HHO. Simultaneously, HSHLOA converges faster, finding
the optimal solution within fewer iterations, and exhibits extremely high consistency in
multiple runs, with stability far superior to other algorithms. The worst-case cost of the
original HLOA increased by 15.1% compared to the optimal cost, and the average cost
was 4.4% higher than that of HSHLO. The average cost of WOA increased by 6.3%, with a
single worst-case cost increase of 13.8%. The average costs of BKA and GWO were 0.6%
and 0.5% higher than the optimal values, respectively. In terms of stability, the fluctuation
range of the original HLOA data was over 50,000 times that of HSHLO, and the dispersion
index of WOA improved by over 40,000 times compared to the algorithm in this paper. The
algorithm’s running time increased only slightly, within the tolerance range of conventional
engineering calculations. The adaptive optimal guidance can dynamically shrink the search
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step size at narrow constraint boundaries, precisely locking in the optimal size; lens imaging
learning avoids a large number of local sub-optimal solutions within the constrained space,
stably achieving optimal cost while meeting all specification constraints, making it highly
suitable for the optimization design of large quantities of civil engineering components.

4.3.2. Three-Bar Truss Design

The design optimization of a three-bar truss is a classic benchmark problem in the
field of structural mechanics. The objective is to minimize the structural volume, with
constraints on stress and displacement. The problem exhibits significant non-convexity
and a large number of local optima, making the algorithm prone to premature convergence.
The objective function and constraint conditions are as follows:

Objective function:
min f (x) =

(
2
√

2x1 + x2

)
× l (20)

Constraints:

g1(x) =
√

2x1 + x2√
2x2

1 + 2x1x2
P − σ ≤ 0 (21)

g2(x) =
x2√

2x2
1 + 2x1x2

P − σ ≤ 0 (22)

g3(x) =
1√

2x2 + x1
P − σ ≤ 0 (23)

0 ≤ xi ≤ 1, i = 1, 2.
Boundary constraints: l = 100 cm, P = 2 kN/cm2, σ = 2 kN/cm2.
The optimization results of the three-bar truss structure obtained using eight optimiza-

tion algorithms are shown in Figure 7. The comparison of optimization performance and
simulation time for the three-bar truss structure are presented in Table 8.

Figure 7. Comparison of convergence curves for three-bar truss structure.

The results indicate that HSHLOA can stably and reliably converge to the global opti-
mum solution, with a significantly better structural volume optimization effect compared
to all comparative algorithms, and fully meeting all mechanical performance constraints.
The average optimization result of the original HLOA is 0.37% higher than that of HSHLO,
and the worst single volume is 2.2% higher than the optimal design; the average result
of WO is 0.34% higher than that of the algorithm in this paper, and the volume increase
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of the worst scheme is close to 1.5%. In terms of stability, the fluctuation range of the
original HLOA result is 590 times that of HSHLOA, the dispersion degree of WO data is
about 470 times that of HSHLO, and the fluctuation range of GWO result is 83 times higher
compared to the algorithm in this paper. All 30 experimental results of HSHLOA converge
completely to the optimal design without any inferior solutions, with an average stability
improvement of over 85% compared to other algorithms. In terms of computational cost,
HSHLO only takes 17% more time than the original HLO, achieving 100% usable design
schemes with a small time investment, highlighting engineering economy. Mechanisti-
cally, homogenization chaos initialization enables initial individuals to uniformly cover the
feasible region, significantly reducing the probability of initial solutions falling into local
optima; lens imaging learning continuously generates inverse candidate solutions, break-
ing the population aggregation trend throughout the iteration process. Therefore, in truss
lightweight design, HSHLO does not require multiple repeated calculations and directly
outputs reliable structural dimensions, which can shorten the structural design cycle.

Table 8. Comparison of performance of three-bar truss structures.

HSHLOA HLOA DBO BKA WOA POA GWO HHO

Best 2.64E+02 2.64E+02 2.64E+02 2.64E+02 2.64E+02 2.64E+02 2.64E+02 2.64E+02
Worst 2.64E+02 2.70E+02 2.64E+02 2.64E+02 2.68E+02 2.64E+02 2.65E+02 2.64E+02

Std 3.10E−03 1.86E+00 1.74E−01 7.00E−04 1.46E+00 5.99E−14 2.58E−01 5.54E−02
Mean 2.64E+02 2.65E+02 2.64E+02 2.64E+02 2.65E+02 2.64E+02 2.64E+02 2.64E+02

Median 2.64E+02 2.64E+02 2.64E+02 2.64E+02 2.65E+02 2.64E+02 2.64E+02 2.64E+02
Time 3.70E−01 2.04E−01 1.35E−01 1.94E−01 1.03E−01 1.97E−01 1.25E−01 2.62E−01

4.3.3. Pressure Vessel Design

Pressure vessel design optimization stands as the most representative complex con-
strained engineering optimization problem in the field of mechanical engineering. The
objective is to minimize manufacturing costs, with decision variables encompassing shell
thickness, head thickness, inner diameter, and length. The constraints involve multiple
nonlinear constraints such as strength, volume, geometric dimensions, and safety stan-
dards. The feasible region is extremely narrow, and the constraint gradients are complex,
making it the “gold standard” for testing the optimization capabilities of algorithms in
engineering. The goal of pressure vessel design is to minimize the total cost f (x) while
meeting production needs. This problem involves four design variables: shell thickness Ts

(corresponding to design variable x3), head thickness Th (corresponding to design variable
x4), both of which are integer multiples of 0.0625, inner radius R (corresponding to design
variable x1), and vessel length L (corresponding to design variable x2, excluding the head):
both are continuous variables.

Objective function:

min f (x) = 0.622, 4x1x3x4 + 1.778, 1x2x2
3 + 3.166, 1x2

1x4 + 19.84x2
1x3 (24)

g1(x) = −x1 + 0.019, 3x3 ⩽ 0 (25)

g2(x) = −x2 + 0.009, 54x3 ⩽ 0 (26)

Constraints:
g3(x) = −πx2

3x4 −
4
3

πx3
3 + 1, 296, 000 ⩽ 0 (27)

g4(x) = x4 − 240 ⩽ 0 (28)

Boundary constraints: 0 ⩽ x1 ⩽ 99, 0 ⩽ x2 ⩽ 99, 10 ⩽ x3 ⩽ 200, 10 ⩽ x4 ⩽ 200.
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The results of pressure vessel design obtained using eight optimization algorithms are
shown in Figure 8. The comparison of pressure vessel design performance and simulation
time are presented in Table 9.

Figure 8. Comparison of average convergence curves in pressure vessel design.

Table 9. Comparison of design performance for pressure vessel design.

Pressure Vessel
Design HSHLOA HLOA DBO BKA WOA POA GWO HHO

est 6.37E+03 6.48E+03 6.15E+03 6.09E+03 7.81E+03 6.06E+03 6.17E+03 6.13E+03
Worst 7.54E+03 1.10E+04 6.96E+03 7.54E+03 2.13E+04 7.27E+03 6.96E+03 8.13E+03

Std 3.60E+02 1.35E+03 2.43E+02 4.87E+02 4.72E+03 4.04E+02 2.54E+02 5.84E+02
Mean 6.75E+03 7.42E+03 6.42E+03 6.90E+03 1.18E+04 6.33E+03 6.49E+03 6.98E+03

Median 6.77E+03 7.03E+03 6.34E+03 6.94E+03 1.03E+04 6.09E+03 6.45E+03 7.08E+03
Time 3.47E−01 2.03E−01 1.36E−01 1.90E−01 8.96E−02 1.82E−01 1.41E−01 2.40E−01

The results indicate that HSHLOA can efficiently handle highly nonlinear constraints,
achieving a constraint satisfaction rate of 100% and never outputting infeasible solutions.
Its manufacturing cost is significantly lower than that of the other seven comparative
algorithms, with a stable and outstanding optimization effect. The average manufacturing
cost of the original HLOA is 9.9% higher than that of HSHLO, with a single worst-case
cost increase of 45.9%. The average cost of WOA increases by 74.8%, and the worst-case
manufacturing cost is 182.5% higher. The average costs of BKA and HHO increase by
2.2% and 3.4%, respectively. In terms of stability indicators, the fluctuation range of the
original HLOA is 3.75 times that of HSHLO, and the stability index of WO is 13 times that
of the algorithms in this paper. Although DBO and GWO have slightly better optimal
data, their worst-case manufacturing costs are about 8.8% and 8.8% higher than that of
HSHLO, respectively. Relying on a small number of occasional high-quality solutions
to depress the average value, the actual engineering reuse risk is high. HSHLOA has
moderate computational efficiency, with chaotic initialization broadening the initial search
range, avoiding individuals falling into infeasible areas, and adaptively guiding rapid
convergence to high-quality feasible regions. Lens imaging continuously breaks through the
local optimum trap brought by constraints. The comprehensive performance is improved
by an average of 11% compared to traditional algorithms, making it more suitable for
standardized batch design of pressure vessels.
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Based on the application results of three typical constrained engineering optimiza-
tion problems, it can be concluded that the HSHLOA proposed in this paper possesses
comprehensive and significant advantages in engineering scenarios. Firstly, HSHLOA
exhibits extremely strong constraint handling capabilities, consistently meeting various
constraints such as stress, displacement, strength, geometry, and performance, and always
producing fully feasible engineering solutions. Secondly, HSHLOA boasts the highest
optimization accuracy, achieving optimal levels in engineering indicators such as cost,
quality, and volume, with significantly better optimization results than existing mainstream
algorithms. Thirdly, HSHLOA converges faster and has higher iteration efficiency, signifi-
cantly reducing engineering optimization calculation time and enhancing design efficiency.
Fourthly, HSHLOA demonstrates the best numerical stability, with minimal fluctuation in
multiple runs, producing reliable and repeatable output results that fully meet the practical
requirements of engineering applications. Fifthly, HSHLOA possesses strong versatility,
adapting to optimization problems in different fields such as civil engineering, mechanical
structure, and equipment design, exhibiting broad engineering applicability. Experimental
results fully demonstrate that the multi-strategy hybrid improvement framework proposed
in this paper not only significantly enhances the algorithm’s performance on standard
test functions but also effectively translates into practical optimization capabilities in en-
gineering scenarios, making HSHLOA an efficient, reliable, and practical engineering
optimization tool.

5. Conclusions
This paper proposes a Hybrid Strategy Hybridized Optimization Algorithm (HSHLOA)

to address a series of core deficiencies in the original Horned Lizards Optimization Algo-
rithm (HLOA), including uneven population initialization distribution, imbalance between
global exploration and local exploitation, tendency to trap in local optima in the later
stages of iteration, insufficient convergence accuracy, significant performance degradation
under high-dimensional conditions, and poor numerical stability. The algorithm enhances
the uniformity, ergodicity, and diversity of the initial population by introducing a ho-
mogenized Logistic chaotic mapping, thereby improving algorithm performance from
the starting point of search. It achieves dynamic balance between global exploration and
local exploitation during the iteration process by constructing an adaptive optimal guid-
ance strategy, significantly accelerating convergence speed and improving convergence
accuracy. By embedding a lens imaging learning strategy to generate dynamic adaptive
inverse solutions, an efficient local optimum escape mechanism is constructed, fundamen-
tally alleviating the premature convergence problem. The three improvement strategies
complement each other and synergize, achieving systematic improvement in the global
optimization performance of the Horned Lizards Optimization Algorithm without increas-
ing the time complexity of the algorithm. Comparative experiments based on the CEC
2017 test set under 30-dimensional and 100-dimensional conditions show that HSHLOA
is significantly superior to the original HLOA, DBO, BKA, WOA, POA, GWO, and HHO,
seven mainstream swarm intelligence optimization algorithms, in terms of convergence
speed, convergence accuracy, global exploration, local exploitation, local optimum escape,
numerical stability, and high-dimensional adaptability. Further application results in four
typical constrained engineering optimization problems verify that HSHLOA possesses
excellent constraint handling capabilities, high-precision optimization capabilities, and
engineering practicality, providing efficient and reliable solutions for complex engineering
optimization problems.

Future research will expand in multiple directions based on existing work. Firstly,
the HSHLOA will be extended to multi-objective optimization scenarios, constructing a
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multi-objective optimization version that can simultaneously meet multiple indicators such
as cost, quality, performance, and safety, to adapt to more complex engineering decision-
making needs. Secondly, adaptive mechanisms and reinforcement learning strategies will
be further combined to enhance the algorithm’s optimization performance in dynamic envi-
ronments, noise interference, and large-scale data conditions, strengthening the algorithm’s
environmental adaptability and robustness. Apart from the civil and mechanical structural
optimization cases adopted in this paper, we further analyze the inherent adaptability
and unique superiority of HSHLOA for a series of non-mechanical and civil engineering
optimization tasks, including intelligent equipment parameter identification, new energy
system dispatching, aerospace aerodynamic layout and path planning, wireless sensor
network deployment, as well as deep learning hyperparameter tuning and biomedical
image segmentation. Finally, in-depth theoretical analysis of the convergence theory, time
complexity proof, and performance boundary analysis of HSHLOA will be conducted to im-
prove the theoretical foundation system of the algorithm, providing more solid theoretical
support for further optimization and wide application of the algorithm.
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