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Abstract
This paper proposes SHIODEG, a hybrid metaheuristic that integrates the success-
history intelligent optimizer (SHIO) with differential evolution (DE) and a Gaussian 
transformation (GT) to tackle two persistent challenges in optimization for engineer-
ing design: (i) the absence of a universally best optimizer across problem classes (as 
implied by the No-Free-Lunch perspective) and (ii) the limited ability of purely gra-
dient-based methods to produce substantial improvements in complex, constrained, 
and often non-smooth real-world problems, motivating hybrid strategies that balance 
exploration and exploitation. SHIODEG follows a staged search process in which 
DE generates diverse trial solutions, GT injects normally distributed perturbations 
to reduce premature convergence and diversity collapse, and SHIO refines promis-
ing regions using success-history guidance from the best three leaders. SHIODEG is 
evaluated on the IEEE CEC2022 benchmark suite (12 functions) using 30 independ-
ent runs, a population size of 100, and a budget of 1000D function evaluations. The 
results show that SHIODEG consistently delivers top-tier performance across the 
benchmark suite, showing strong competitiveness, low variability, and statistically 
significant improvements over a wide range of alternative optimizers. It also dem-
onstrates robust effectiveness on multiple constrained engineering design problems, 
achieving high-quality solutions across diverse real-world constraints.

Keywords  Success-history intelligent optimizer · Gaussian transformation · 
Differential evolution · Optimization

1  Introduction

Swarm intelligence (SI) has emerged as a critical sub-field of artificial intelligence 
(AI), drawing inspiration from the collective behavior of decentralized, self-organ-
ized systems, particularly those observed in human and animal social dynamics [1]. 
SI encompasses a broad set of algorithms that are characterized by the coordination 
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of individual agents in a population to collectively solve complex problems [2]. 
These problems often mirror natural phenomena, such as the flocking of birds, the 
foraging behavior of ants, or the schooling of fish, and span various domains from 
robotic control to task scheduling and optimization [3]. Central to SI is its profound 
role in addressing complex optimization problems. In an era where systems are 
growing increasingly intricate and high-dimensional, optimization tasks are becom-
ing more challenging to solve [4]. With their inherent decentralized structure and 
flexibility, SI-based algorithms have demonstrated an impressive capability to tackle 
such issues, bridging the gap between theoretical complexity and real-world prac-
ticality [5]. In fact, SI-based algorithms offer several advantages over traditional 
methods, such as robustness to changing environments, adaptability, scalability, and 
resilience to failure, making them an ideal choice for solving a myriad of optimi-
zation problems [6]. However, as the field of AI continues to evolve, so does the 
demand for more efficient, powerful, and adaptable SI algorithms. Existing intel-
ligent algorithms, while effective, still suffer from certain limitations such as slow 
convergence rate, stagnation in local optima, and lack of diversity in search space 
exploration [7].

Recent research in metaheuristic optimization has increasingly shifted from 
proposing entirely new metaphors to systematically enhancing existing optimizers 
through well-established improvement strategies. Three particularly active directions 
include: (i) adaptive mechanisms (e.g., success-history or feedback-driven parame-
ter/position control), (ii) multi-strategy integration (e.g., hybridizing complementary 
search operators within a single framework), and (iii) distribution-based perturba-
tion (e.g., injecting stochastic steps via Gaussian or heavy-tailed random walks to 
preserve diversity and escape local optima). Representative recent examples include 
an adaptive position-updating PSO for UAV path planning [8], an enhanced red-
billed blue magpie optimizer [9], and an enhanced whale optimizer combining Levy 
and spiral flights [10]. Motivated by these trends, SHIODEG is designed as a uni-
fied enhancement framework: SHIO contributes success-history learning (adaptive 
guidance), DE contributes robust variation/selection operators (multi-strategy inte-
gration), and GT contributes normally distributed perturbations (distribution-based 
exploration).

The key challenges addressed in this paper are summarized as follows: First, 
there is a lack of a one-size-fits-all solution in optimization algorithms, as has been 
highlighted by the No-Free-Lunch theorem that not only underscores the funda-
mental reality in optimization algorithms but also shows the relevance of develop-
ing specialized algorithms that are fine-tuned to a particular class of problems [11, 
12]. Second, traditional gradient-based optimization techniques are not sufficient to 
substantially optimize real-world engineering issues. Therefore, there is a need to 
develop a hybrid optimizer that combines the features of more than one optimizer to 
solve such problems.

To address these challenges, we propose the success-history intelligent optimizer 
(SHIO), with Gaussian transformation (GT) and differential evolution (DE), hereaf-
ter referred to as SHIODEG, a hybrid algorithm that combines the strengths of DE 
and Gaussian transformation. This integration fosters more efficient and effective 
optimization solutions, which enhance SHIO exploration of the further capabilities 
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that can be exploited, especially when dealing with complex engineering design 
problems.

•	 A unified hybrid framework: We introduce SHIODEG, which integrates SHIO, 
DE, and GT in a staged search strategy to balance exploration and exploitation.

•	 Diversity-preserving perturbation: We incorporate Gaussian perturbations 
to reduce premature convergence and maintain population diversity during the 
search.

•	 Comprehensive validation: We evaluate SHIODEG on the IEEE CEC2022 
benchmark suite and on constrained engineering design problems, supported by 
statistical testing against state-of-the-art optimizers.

The remainder of this paper is organized as follows: Section 2 reviews related work 
in metaheuristic optimization in detail. Section  3 introduces the proposed SHIO-
DEG algorithm, including its formulation and main components. Section 4 presents 
the experimental setup and discusses the results on benchmark functions and real-
world engineering design problems. Section  5 discusses the proposed algorithm 
and its limitations. Finally, Sect. 6 concludes the paper and outlines future research 
directions.

2 � Related work

Metaheuristic optimization has been widely developed by borrowing mechanisms 
from diverse sources such as human activities, natural and biological processes, 
physical phenomena, strategic principles, and abstract mathematical concepts [13]. 
These inspiration routes have produced a large ecosystem of population-based opti-
mizers as well as a parallel literature on enhancement strategies that target common 
weaknesses such as premature convergence, loss of diversity, and slow refinement.

A substantial family of methods explicitly models social or human-centered pro-
cesses. Cultural algorithms (CA) formalize the way societies accumulate and trans-
mit shared knowledge during problem-solving [14]. Human behavior-based optimi-
zation (HBBO) similarly abstracts collective human behaviors into search operators 
that represent exploration and exploitation in decision-making contexts [15]. Other 
examples use more specific social metaphors: political optimizer (PO) mimics 
campaign strategies and competing parties to drive competitive search [16], while 
teaching-learning-based optimization (TLBO) translates classroom learning dynam-
ics into iterative improvement rules [17]. At a finer granularity, Chef-Based Optimi-
zation Algorithm (CBOA) models chefs’ decision processes (e.g., choosing ingre-
dients/recipes) as a structured search procedure [18], whereas Fans optimization 
(FO) and mother optimization algorithm (MOA) capture supportive and nurturing 
behaviors to guide candidate solutions toward better regions [19, 20]. Collectively, 
these studies illustrate a recurring pattern: designing stage-based dynamics that pro-
gressively shift from broad exploration to focused exploitation through role-based 
interactions.
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Beyond human metaphors, several optimizers rely on abstract operators and sys-
tem dynamics. Arithmetic optimization algorithm (AOA) uses arithmetic operators 
as primary search primitives to modulate exploration and exploitation [21], while 
Chaos Game Optimization (CGO) leverages chaotic behavior to generate diverse 
trajectories across the search space [22]. Supply–demand-based optimization (SDO) 
adopts economic supply–demand interactions to adaptively adjust search pressure 
[23]. In parallel, well-established animal-inspired methods remain influential base-
lines and building blocks: Artificial Bee Colony (ABC) mimics foraging behaviors 
[24], Ant Colony Optimization (ACO) exploits pheromone-mediated path construc-
tion [25], Particle Swarm Optimization (PSO) models social movement in flocks 
and schools [26], and Grey Wolf Optimizer (GWO) captures hierarchical hunting 
roles and encircling strategies [27]. These canonical frameworks often motivate later 
enhancements through improved initialization, adaptive control, and perturbation 
mechanisms.

A focused stream of related work concerns enhanced variants of Whale optimiza-
tion algorithm that aims to strengthen convergence and robustness. RWOA intro-
duces Good Nodes Set initialization and hybrid collaborative exploration combined 
with Lévy-flight-based spiral updating to improve accuracy and convergence speed 
on benchmark functions and engineering designs [28]. GWOA integrates adaptive 
parameter tuning, an improved prey-encircling mechanism, and sine–cosine search 
patterns to enhance global search capability and convergence efficiency in complex 
engineering tasks [29]. More recently, LSEWOA combines enhanced initialization, 
dynamic guided search, and improved spiral updates, reporting strong performance 
across diverse numerical benchmarks and engineering design challenges [30]. Taken 
together, these WOA studies exemplify a broader trend: baseline metaheuristics are 
increasingly upgraded using multi-strategy combinations (e.g., better initialization, 
guided exploitation, and heavy-tailed perturbations) to reduce stagnation and sensi-
tivity to problem structure.

Recent contributions can be usefully grouped along three complementary dimen-
sions: (i) the inspiration and induced search dynamics (bio/nature-, physics/space-, 
human-process-, and math/gradient-inspired), (ii) the algorithmic form (stand-alone, 
enhanced, hybrid, or deterministic), and (iii) the deployment context (benchmark-
centered validation versus domain-embedded optimization in engineering and 
machine learning pipelines). This viewpoint helps connect metaphor-driven propos-
als with practical design choices such as parameter adaptation, constraint handling, 
and representation-aware operators.

Bio- and nature-inspired stand-alone methods continue to propose novel move-
ment and selection rules to better balance exploration and exploitation. KOA models 
kakapo roaming and zigzag navigation for exploration and integrates exploitation 
behaviors such as freezing/camouflage with elitist survival selection, reporting com-
petitive performance on CEC2017 [31]. BBLA encodes defensive/foraging behav-
iors of black-breasted lapwings into lightweight operators and shows strong bench-
mark performance as well as effectiveness on constrained engineering designs (e.g., 
spring, welded beam, and pressure vessel problems) [32]. CLO introduces multi-
stage search and dynamic information exchange inspired by cape lynx behaviors, 
demonstrating competitive CEC2017 results and strong wireless sensor network 
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coverage performance under different environmental scenarios [33]. Natural-phe-
nomenon metaphors also remain active: the Raindrop Optimizer (RD) decomposes 
search into distinct exploration processes (e.g., splash and diversion) and exploita-
tion processes (e.g., convergence and overflow) and demonstrates usefulness both on 
benchmarks and in robotic filter/controller tuning [34].

Physics- and space-inspired designs increasingly seek principled updates and 
broader evaluations. The Centered Collision Optimizer (CCO) derives update rules 
from collision mechanics and couples operations in the original and decorrelated 
spaces with allocation strategies to speed convergence; it is evaluated across mul-
tiple CEC suites, constrained engineering designs, photovoltaic parameter identi-
fication, and real-world constrained sets [35]. The Aurora optimizer uses charged 
particle dynamics and magnetic-field-inspired mechanisms (aurora phenomena) 
with best-solution guidance to balance exploration and exploitation, reporting strong 
benchmark and engineering design performance [36]. In addition, a notable push 
toward reproducibility is reflected in the three-body deterministic optimizer (TBD), 
which removes stochastic operators and instead relies on orbital-mechanics-inspired 
maneuvers with logistic-map-driven (yet reproducible) dynamics; TBD is evaluated 
on CEC2017/2022 and applied to CNN hyperparameter tuning [37]. Human-process 
and math/gradient-inspired variants further broaden this landscape: TJO structures 
the search as phases of jam formation, driver self-regulation, and enforcement, illus-
trating how staged transitions can gradually intensify exploitation [38]. AGDO bor-
rows the momentum-like memory and adaptive update spirit of Adam while main-
taining a population-based metaheuristic form, reporting strong results on CEC2017 
and applications spanning continuous engineering and discrete scheduling contexts 
[39].

Hybridization is repeatedly used to mitigate premature convergence and 
strengthen local refinement, particularly under constraints or discrete structure. 
HBFA combines exploration tendencies from Sunflower Optimization with exploi-
tation mechanisms from Butterfly Optimization, reporting strong performance on 
standard benchmarks and constrained mechanical designs [40]. In parameter iden-
tification, hybridization can be applied more selectively: for LED lamp param-
eter estimation, ROA is first established as a strong baseline and then two hybrid 
ROA variants are introduced to improve speed and estimation quality, supported by 
robustness and harmonic analyses [41]. For discrete combinatorial settings, DFP-
GA integrates flower pollination dynamics with genetic operators and adaptive con-
version probability to reduce stagnation and improve sequence quality in assembly 
planning [42]. EPDO extends Prairie Dog Optimization with Lévy flights and adap-
tive phases to improve convergence and constraint satisfaction in QoS-aware cloud 
service composition [43]. Hybridization also increasingly appears as meta-optimiza-
tion via guidance layers: an AI-guided framework for economic dispatch evaluates 
multiple underlying metaheuristics and reports improved reliability and convergence 
behavior on IEEE 30-bus dispatch problems [44]. These works collectively indicate 
that hybrid designs are often motivated by concrete failure modes (stagnation, weak 
exploitation, constraint handling) and are validated in both benchmarks and engi-
neering deployments.



	 S. Alawadi et al.  282   Page 6 of 60

A major applied trend is to embed metaheuristics in end-to-end learning systems, 
where the optimizer tunes model hyperparameters, selects features, or solves domain deci-
sion problems via surrogate predictions. In sustainable materials design, an ensemble pre-
dictor models geopolymer compressive strength and a metaheuristic optimizer searches 
mixture proportions under multi-objective criteria (strength, cost, CO2 , and energy) 
[45]. In dam-failure peak outflow prediction, random forests are tuned using multiple 
metaheuristics (including SSA, HHO, and GWO) to improve predictive accuracy and are 
paired with interpretability tools to identify the most influential physical drivers [46]. For 
renewable forecasting, a wind power pipeline couples dimensionality reduction (t-SNE), 
an enhanced gate-based LSTM, and a metaheuristic with intelligent position navigation to 
improve accuracy under seasonal variability [47]. Metaheuristic-driven feature selection 
can also serve as a pre-processing stage: a modified chaotic enriched Jaya–Moth Flame 
hybrid (MCEJ) performs extreme feature selection before LSTM-based software effort 
estimation [48]. Similarly, hybrid “metaheuristic + ANN” templates are used for energy 
conversion modeling, where ANN variants (e.g., ANN-THRO, ANN-BSLO, ANN-
QIO) predict syngas species concentrations across gasification conditions [49]. More 
recently, metaheuristics have been paired with generative modeling: DentoSMART-LDM 
combines a tailored multi-objective metaheuristic (DSMART) for dental radiograph 
enhancement with a pathology-aware latent diffusion model (DentoLDM), targeting both 
enhancement quality and data scarcity while improving downstream diagnostic perfor-
mance [50]. Overall, these studies highlight metaheuristics as flexible components for 
coordinating trade-offs that are difficult to express as single analytic objectives, especially 
in multi-objective and data-driven settings.

Across the literature, modern improvements can be summarized into three recurring 
mechanisms: adaptive control, multi-strategy integration, and distribution-based pertur-
bation. Adaptive control uses feedback or memory to reduce sensitivity to fixed param-
eters; for example, a PSO variant employs dynamic inertia adjustment along with chaotic 
initialization and Lévy perturbations to improve convergence and local-optima avoidance 
in UAV path planning [51]. A related direction is adaptive position updating in PSO to 
improve efficiency and solution quality in application-driven UAV scenarios [8]. Multi-
strategy integration combines complementary operators to balance exploration–exploi-
tation and mitigate stagnation, exemplified by MRBMO as an enhanced red-billed blue 
magpie optimizer augmented with additional improvement mechanisms [9]. Distribu-
tion-based perturbations (e.g., Gaussian noise or heavy-tailed Lévy steps) remain widely 
used to preserve diversity and enable escapes from local optima; LSWOA demonstrates 
this idea by incorporating Lévy and spiral flight behaviors into WOA to improve global 
exploration while retaining exploitation capability [10]. These enhancement patterns align 
closely with recent WOA improvements that mix strong initialization, adaptive guidance, 
and perturbation operators [28–30].

Benchmark-centered validation (often using CEC suites) and constrained engi-
neering design problems remain dominant evaluation settings for both stand-alone 
and hybrid proposals [35, 38–40]. Hybridization is repeatedly adopted to counter 
premature convergence, accelerate convergence, and adapt search to discrete or con-
strained structures [40–43]. In parallel, there is strong momentum toward embed-
ding metaheuristics within learning pipelines for surrogate-assisted decision opti-
mization, hyperparameter tuning, feature selection, and generative enhancement 
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[45–48, 50]. Finally, concerns about traceability and repeatability motivate deter-
ministic alternatives such as TBD [37] and guidance-layer approaches that aim to 
improve reliability across different base optimizers [44]. In this context, SHIODEG 
is best interpreted as an enhancement-oriented framework that combines success-
history learning (adaptive biasing), DE-style variation operators (robust diversity 
maintenance), and Gaussian perturbations (distribution-based exploration), consist-
ent with the prevailing design directions in recent metaheuristic research [8–10, 51].

Metaheuristic optimization works can be organized along three complementary 
axes: (i) inspiration and search dynamics (bio/nature-, physics/space-, human-pro-
cess-, and gradient-inspired), (ii) algorithmic form (stand-alone, hybrid/enhanced, 
and deterministic), and (iii) deployment context (benchmark-centric studies versus 
application-driven optimization embedded in machine learning and engineering 
pipelines). Table 1 summarizes a compact classification.

3 � SHIODEG: our proposed hybrid algorithm

Hybrid metaheuristics aim to exploit complementary search behaviors by coupling opera-
tors with different strengths (e.g., exploration vs. exploitation), often improving robust-
ness on complex and multimodal landscapes [52]. Following this principle, we propose 
SHIODEG, a tri-component hybrid that integrates: (i) differential evolution (DE) for pop-
ulation-difference exploration, (ii) Gaussian transformation (GT) as an explicit diversity 
injection mechanism, and (iii) success-history intelligent optimization (SHIO) as a leader-
driven exploitation/refinement stage. The implementation of SHIODEG is publicly avail-
able on the MathWorks File Exchange.1

3.1 � Novelty and relation to prior hybrids

SHIODEG enforces a staged information flow

which separates operator roles and reduces premature convergence risk. In contrast 
to existing two-component SHIO–GT variants (e.g., used in hyperparameter tuning 
[53]), SHIODEG introduces DE as a dedicated exploration engine and uses GT to 
prevent diversity collapse when DE steps become small during convergence. Com-
pared with common DE/swarm hybrids that alternate operators without an explicit 
diversity “floor”, SHIODEG maintains non-vanishing stochastic exploration through 
Gaussian perturbations while reserving SHIO for exploitation around the best 
regions discovered by DE.

3.2 � Control parameters

SHIODEG is governed by the following parameters:

DE (global sampling) → GT (diversity injection) → SHIO (success-history exploitation),

1  https://​www.​mathw​orks.​com/​matla​bcent​ral/​filee​xchan​ge/​168366-​shiod​eg-a-​hybrid-​succe​ss-​histo​ry-​
intel​ligent-​optim​izati​on.

https://www.mathworks.com/matlabcentral/fileexchange/168366-shiodeg-a-hybrid-success-history-intelligent-optimization
https://www.mathworks.com/matlabcentral/fileexchange/168366-shiodeg-a-hybrid-success-history-intelligent-optimization
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•	 Population size (N): number of candidate solutions.
•	 Maximum iterations ( Lmax ): termination budget (or equivalently, a function-

evaluation budget).
•	 DE scaling factor (F) and crossover probability (CR): control mutation ampli-

tude and recombination rate, respectively.
•	 GT parameters ( �, � ): mean and standard deviation of the Gaussian perturba-

tion. In most cases, � = 0 is used, while � controls the exploration radius.
•	 SHIO success-history parameter (SH): controls the influence of historical suc-

cess information (as defined by SHIO) on the refinement dynamics.

3.3 � Algorithmic workflow

SHIODEG proceeds through four main phases: 

1.	 Initialization: sample an initial population uniformly within the box constraints.
2.	 DE variation with GT perturbation: generate trial candidates via DE mutation/

crossover and inject Gaussian perturbations to sustain diversity.
3.	 SHIO refinement: update candidates using leader-based SHIO dynamics (best 

three solutions) with a time-varying control parameter to transition from explora-
tion to exploitation.

4.	 Selection and termination: apply greedy selection (minimization) and stop at 
Lmax (or another criterion); return the best solution found.

3.4 � Mathematical formulation

We consider the bound-constrained minimization problem:

Let Xl

i
= [xl

i1
,… , xl

iD
]⊤ denote candidate i at iteration l.

3.4.1 � Notation and symbols

Table 2 provides a comprehensive summary of the control parameters used in SHI-
ODEG and the notation adopted in this study.

3.4.2 � 1) Initialization

Each coordinate is sampled uniformly within the bounds (Table 2):

Fitness values are computed as:

(1)min
x∈ℝD

f (x) s.t. lbj ≤ xj ≤ ubj, j = 1,… ,D.

(2)x0
ij
= lbj + randij (ubj − lbj), i = 1,… ,N, j = 1,… ,D.

(3)f 0
i
= f (X0

i
), i = 1,… ,N.
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3.4.3 � 2) DE Variation with Gaussian Perturbation (GT)

For each target vector Xl

i
 , choose three distinct indices r1, r2, r3 ∈ {1,… ,N} such 

that r1 ≠ r2 ≠ r3 ≠ i.
Mutation (DE/rand/1) with GT.

Setting � = 0 recovers the standard DE/rand/1 mutation. The GT term provides an 
explicit stochastic exploration component controlled by � (and centered by �).

Binomial crossover. A trial vector Ul

i
= [ul

i1
,… , ul

iD
]⊤ is produced as:

Boundary handling. After variation steps, feasibility is enforced by clipping:

Selection (minimization).

(4)V
l
i
= X

l
r1
+ F

(
X

l
r2
− X

l
r3

)
+ � + � �

l
i
, �

l
i
∼ N(0, ID).

(5)ul
ij
=

{
vl
ij
, if randij ≤ CR or j = jrand,

xl
ij
, otherwise,

j = 1,… ,D.

(6)xij ← min
(
max(xij, lbj), ubj

)
, i = 1,… ,N, j = 1,… ,D.

(7)X
l,DE

i
=

{
U

l

i
, if f (Ul

i
) < f (Xl

i
),

X
l

i
, otherwise.

Table 2   Notation and control parameters used in SHIODEG

Symbol Meaning

N Population size
D Problem dimension
l Iteration index, l = 0, 1,… ,Lmax

Lmax Maximum number of iterations
lb,ub Bound vectors lb = [lb1,… , lbD]

⊤ , ub = [ub1,… , ubD]
⊤

f (⋅) Objective (fitness) function
rand() Uniform random number in [0, 1]
randij Independent uniform random number in [0, 1]
F DE scaling factor
CR DE crossover probability
jrand Random dimension index (enforces at least one crossover)
�, � Mean and standard deviation of Gaussian perturbation
� ∼ N(0, ID) Standard D-dimensional Gaussian noise vector
a(l) SHIO control parameter (decreasing schedule)
⊙ Hadamard (element-wise) product
| ⋅ | Element-wise absolute value (for vectors)
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3.4.4 � 3) SHIO Refinement Stage

Let Pl,DE = {X
l,DE

i
}N
i=1

 . Denote the best three solutions (by fitness) in Pl,DE as 
X

l

(1)
,Xl

(2)
,Xl

(3)
.

Control parameter schedule.

Leader-driven update. To avoid ambiguity and emphasize the averaging structure, 
define three intermediate vectors:

where Al

i
= 2a(l)rl

i
− a(l) and rl

i
∈ [0, 1]D is a vector of independent uniform random 

numbers. The SHIO refinement update is then:

Boundary handling in Eq. (6) is applied to Xl+1
i

.
Fitness evaluation and best tracking.

The best solution is tracked via:

Optionally, a convergence curve can be stored as Convergence_curve(l) = f (Xl

best
).

3.4.5 � 4) Termination

The procedure terminates when l = Lmax (or another stopping rule is met) and 
returns XLmax

best
.

3.5 � Pseudocode

Algorithm  1 provides an equation-traceable implementation of SHIODEG, where 
each operator call is explicitly linked to its mathematical definition. The procedure 
starts by sampling an initial population uniformly within the box constraints using 
Eq. (2) and evaluating all fitness values using Eq. (3). The current best solution X0

best
 

is then identified via Eq. (13).
At each iteration l = 0,… , Lmax − 1 , SHIODEG executes two sequential stages. 

In the first stage (DE+GT), each target vector Xl

i
 generates a mutant vector Vl

i
 using 

(8)a(l) = 2

(

1 −
l

Lmax

)

.

(9)Y
l

i,1
= X

l

(1)
+ A

l

i
⊙ ||X

l

(1)
− X

l,DE

i
||,

(10)Y
l
i,2

= X
l
(2)
, Y

l
i,3

= X
l
(3)
,

(11)X
l+1
i

=
1

3

(
Y

l
i,1
+ Y

l
i,2
+ Y

l
i,3

)
.

(12)f l+1
i

= f (Xl+1
i

), i = 1,… ,N.

(13)i∗(l) = arg min
1≤i≤N

f (Xl

i
), X

l

best
= X

l

i∗(l)
.
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the DE/rand/1 mutation augmented with Gaussian perturbation (Eq.  (4)). A trial 
vector Ul

i
 is then formed through binomial crossover (Eq.  (5)), followed by feasi-

bility enforcement through clipping to [lb, ub] (Eq.  (6)). A greedy selection step 
(Eq. (7)) produces an intermediate population Pl,DE = {X

l,DE

i
}N
i=1

 , which retains only 
improving candidates under minimization.

In the second stage (SHIO refinement), the top three leaders Xl

(1)
,Xl

(2)
,Xl

(3)
 are 

extracted from Pl,DE based on fitness ranking. The time-varying control parameter 
a(l) is updated according to Eq. (8), which gradually reduces randomness over time. 
Each candidate is then refined by constructing the leader-driven intermediate vec-
tors Yl

i,1
,Yl

i,2
,Yl

i,3
 via Eqs.  (9)–(10), and averaging them to obtain the next iterate 

X
l+1
i

 (Eq.  (11)). Boundary handling (Eq.  (6)) is reapplied to preserve feasibility. 
Finally, all solutions are evaluated (Eq.  (12)), and the global best Xl+1

best
 is updated 

using Eq. (13). After reaching Lmax iterations, the algorithm returns XLmax

best
 as the final 

output (optionally with a stored convergence curve).
Algorithm 1   SHIODEG Optimizer (Equation-Referenced)
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3.6 � Exploration–exploitation discussion

SHIODEG balances exploration and exploitation through complementary mecha-
nisms. DE mutation generates difference-based steps whose magnitude adapts to 
population spread, while the GT perturbation adds an explicit stochastic component 
that prevents step collapse when the population contracts. The greedy DE selection 
introduces exploitation pressure by accepting only improving trials (for minimiza-
tion), and the SHIO refinement stage intensifies search around the best three lead-
ers. The SHIO control parameter a(l) in Eq. (8) decreases over iterations, yielding a 
gradual transition from exploration to exploitation.

4 � Validation

All experiments were conducted in MATLAB on a machine equipped with an Intel 
Core i7 CPU and 32  GB RAM. Each benchmark function was executed 30 inde-
pendent runs, and the results were reported using mean, standard deviation, and 
standard error of the mean (SEM). Unless stated otherwise, the population size 
was fixed to N = 100 , and the maximum number of function evaluations was set to 
1000 × D.

4.1 � Benchmark functions and validation

The 2022 IEEE Congress on Evolutionary Computation (CEC2022) benchmark 
functions are used to evaluate and compare the performance of optimization algo-
rithms across a wide range of challenges, encompassing different types of land-
scapes and complexities. These functions are divided into various categories, 
including unimodal, simple multimodal, hybrid, and composition functions, each 
presenting unique characteristics such as smooth, deceptive, and rugged surfaces. 
The unimodal functions typically have a single global optimum, making them ideal 
for testing the exploitation capabilities of algorithms. In contrast, the simple multi-
modal functions contain multiple local optima, challenging an algorithm’s ability to 
avoid premature convergence. Hybrid functions combine multiple basic functions to 
create complex landscapes, testing both exploration and exploitation, while Com-
position functions blend several global and local structures, further increasing the 
complexity and difficulty of optimization. The CEC2022 functions are formulated 
to provide a comprehensive testbed that reflects real-world optimization problems, 
ensuring that the performance of algorithms can be robustly assessed under various 
conditions.

4.2 � Compared optimizers

To ensure a fair and transparent assessment of the proposed method, this study 
benchmarks it against a diverse set of state-of-the-art metaheuristic optimiz-
ers that represent different search paradigms and update mechanisms (e.g., swarm 
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intelligence, evolutionary operators, and physics-/behavior-inspired rules). All com-
petitors are executed under the same experimental protocol (identical population 
size, termination budget, bounds, and constraint-handling policy), so that any per-
formance differences can be attributed to the intrinsic search behavior of each algo-
rithm rather than to unequal settings. Tables 3 and 4 summarize the compared opti-
mizers, reporting their full names, original publication years, and the main control 
parameters used in our implementations; the citations in the second column point to 
the original algorithm descriptions.

4.3 � Results

In the comparative analysis of SHIODEG against other optimizers on the CEC2022 
benchmark functions, SHIODEG consistently demonstrates superior performance 
across multiple functions. For Function F1, SHIODEG achieves the best mean 
value, ranking first among all optimizers, which underscores its superior perfor-
mance and stability. This is further evidenced by its lowest standard error of the 
mean (SEM) and minimal standard deviation (STD), highlighting SHIODEG’s con-
sistency as an optimizer. In Function F2, SHIODEG once again secures the top rank, 
showcasing its robustness and reliability in navigating diverse optimization land-
scapes. Although the performance gap slightly narrows in Function F3, SHIODEG 
still maintains a strong position, ranking second. Collectively, these results affirm 
SHIODEG’s effectiveness and reliability, outperforming a range of both traditional 
and modern metaheuristic optimizers, including FLO, STOA, and FVIM, which 
exhibit higher error margins, greater variability, and lower rankings. SHIODEG thus 
emerges as particularly well-suited for tackling challenging optimization problems.

Expanding on SHIODEG’s performance across the CEC2022 benchmark func-
tions, the results consistently highlight its superiority and stability in comparison 
with other optimizers. In Function F4, SHIODEG achieves the lowest mean value 
and ranks first among all competitors, with minimal error margin (ErrorM), standard 
deviation (STD), and standard error of the mean (SEM). This suggests a highly reli-
able and consistent performance, reflected in its ability to deliver robust solutions 
with minimal variance. SHIODEG continues to excel in Function F5, securing the 
top position once more, supported by the lowest mean and error metrics, demon-
strating its robustness and precision. Although SHIODEG ranks slightly lower in 
Function F6, it still performs admirably, achieving high accuracy with the lowest 
error and variability measures among the top optimizers. These outcomes indicate 
that SHIODEG is highly effective in addressing complex optimization challenges, 
outperforming a broad spectrum of both traditional and contemporary metaheuris-
tic optimizers such as FLO, STOA, and FVIM, which tend to show higher error 
margins, greater variability, and lower rankings. Overall, SHIODEG proves to be a 
strong and consistent competitor across different benchmark functions.

When evaluated against other optimizers on the CEC2022 benchmark functions 
F7, F8, and F9, SHIODEG continues to exhibit strong performance. In Function 
F7, SHIODEG ranks first, achieving the lowest mean value among all competi-
tors, which underscores its superior optimization capabilities. The low error margin 
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(ErrorM), standard deviation (STD), and standard error of the mean (SEM) further 
reinforce its robustness and reliability. In Function F8, SHIODEG maintains its lead-
ing position by securing the top rank, demonstrating its effectiveness across various 
optimization landscapes. Although there is some increase in variability compared to 
the top-performing optimizers in Function F9, SHIODEG still ranks third, outper-
forming the majority of the other optimizers. The consistent rankings across these 
functions indicate that SHIODEG is a reliable and highly effective optimizer, capa-
ble of handling complex optimization problems with greater stability and accuracy 
than many of its competitors.

Finally, in comparing SHIODEG with other optimizers over the CEC2022 bench-
mark functions F10, F11, and F12, SHIODEG once again showcases its superior 
performance. In Function F10, SHIODEG ranks first, achieving the lowest mean 
value, indicative of its strong optimization capabilities. The low standard deviation 
(STD) and standard error of the mean (SEM) further emphasize its stability and con-
sistency. SHIODEG continues to lead in Function F11, ranking first again with the 
best mean value among all optimizers, which highlights its robustness across vary-
ing optimization landscapes. Although SHIODEG ranks second in Function F12, it 
still performs remarkably well, with competitive performance and low variability 
as evidenced by the STD and SEM values. These results collectively illustrate that 
SHIODEG is a highly effective and reliable optimizer, consistently outperforming 
many other metaheuristic algorithms across a wide range of challenging benchmark 
functions (See Tables 5, 6, 7).

4.3.1 � Wilcoxon sum‑rank test results

The Wilcoxon sum-rank test results reveal that the SHIODEG optimizer has outper-
formed other optimizers in a consistent and significant manner. With a total of 12 
wins and no losses or ties across all benchmark functions, SHIODEG demonstrates 
superior performance. This is comparable to other top-performing optimizers such 
as FLO, SPBO, AO, SSOA, TTHHO, Chimp, WOA, MTDE, SCSO, GA, and OHO, 
which also achieved a flawless record of 12 wins with no losses or ties. However, it 
surpasses algorithms like SO, MFO, ZOA, SA, and others that recorded a few losses 
or ties, indicating that SHIODEG not only maintains a strong competitive edge but 
also excels across diverse optimization problems. This consistent dominance under-
scores the robustness and reliability of SHIODEG in solving complex optimization 
tasks. Moreover, because metaheuristic optimizers are stochastic, each algorithm 
was executed for R independent runs per function. The resulting distributions of 
final objective values are frequently non-normal (skewed/heavy-tailed) and may 
contain outliers on multimodal/hybrid/composition functions. Therefore, instead of 
using the paired t-test (which assumes approximate normality of paired differences), 
we employ the Wilcoxon signed-rank test, a nonparametric paired alternative that 
compares the median of paired differences via ranks and requires weaker assump-
tions. This choice follows established recommendations for comparing evolutionary 
and swarm intelligence algorithms [84–86].

For each benchmark function, we form paired samples by aligning run indices 
(using the same experimental protocol and matched random-seed setting across 
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algorithms). The null hypothesis is that the median of the pairwise performance dif-
ferences between SHIODEG and a competitor is zero. We report the correspond-
ing p-values and determine significance at � = 0.05 . As reported in Tables 14, 15 
and 16. Since multiple pairwise comparisons are performed, we additionally apply 
a multiple-comparison correction (Holm) to control the family-wise error rate [84, 
85].

Across CEC2022 functions F1–F12 (see Figs. 1 and 2), the search history pan-
els show that SHIODEGT begins with wide, problem-scale exploration and then 
progressively contracts its sampling toward compact regions, indicating a success-
ful transition from global scouting to local refinement for most cases. For relatively 
well-behaved landscapes (e.g., F1, F3, F4, F8, F10, and F12), the clouds of visited 
points rapidly collapse into a tight cluster around the best basin, with only sparse 
outliers remaining from early exploration. In contrast, more rugged or composite 
landscapes (notably F2, F6, F9, and F11) exhibit multi-cluster or elongated point 
patterns, reflecting competing attraction regions and basin switching before commit-
ment. This behavior is consistent with the trajectory plots, where all population set-
tings exhibit a short transient with large oscillations in the first iterations (explora-
tion bursts and corrective moves), followed by near-stationary dynamics around the 
best region (exploitation). The harder functions preserve mild oscillations or biased 
drifts for longer (e.g., F2/F5/F6/F9), which suggests that SHIODEGT continues 
probing to escape local traps rather than collapsing prematurely.

The average fitness curves further confirm this two-stage behavior: for several 
functions (e.g., F1, F3, F9, F11, and F12), the mean fitness drops by multiple orders 
of magnitude within the first few dozen iterations and then stabilizes, indicat-
ing fast basin identification and consistent population-wide improvement. For the 
more challenging cases (e.g., F2, F4, F5, F7, F8, and F10), the decline is slower 
and frequently exhibits extended plateaus, implying that a portion of the population 
remains distributed across suboptimal basins while the best region is refined gradu-
ally. Importantly, population size modulates this dynamic: larger populations tend 
to maintain broader coverage early on (often yielding smoother mean trends and 
improved stability), while smaller populations can show sharper early drops but also 
higher susceptibility to stagnation on difficult landscapes. The medium-sized popu-
lation frequently provides a strong compromise, sustaining enough diversity to avoid 
early trapping while still concentrating search pressure effectively once a promising 
basin is detected.

The convergence (best-so-far) curves exhibit a characteristic staircase profile 
across many functions, with rapid early gains followed by discrete improvements 
separated by plateaus, a typical signature of alternating intensification and suc-
cessful escape/restart events. On functions where SHIODEGT identifies the global 
basin quickly (e.g., F1, F3, F9, F11, and F12), convergence is steep and stabilizes 
early, showing that the optimizer reaches high-quality solutions within a relatively 
small fraction of the iteration budget. Conversely, for functions with stronger mul-
timodality/composition effects (e.g., F2, F4, F5, F7, F8, and F10), the best fitness 
improves more gradually and remains sensitive to population size, with differ-
ent N ∈ {30, 50, 100} achieving different trade-offs between speed (early descent) 
and end quality (late-stage improvements). Overall, the combined evidence from 
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search history, trajectories, average fitness, and convergence indicates that SHIO-
DEGT is robust in rapidly shrinking the search toward promising basins, while its 

Fig. 1   Search history, trajectory, average fitness, and convergence curve results F1–F6
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population-dependent diversity mechanisms are most consequential on the harder 

Fig. 2   Search history, trajectory, average fitness and convergence curve results F7–F12
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CEC2022 functions where late improvements require sustained exploration before 
final exploitation.

4.4 � SHIODEG in action

This section highlights six selected engineering design problems that can be solved 
using the proposed optimizer, including tension/compression spring design prob-
lems, the welded beam design problem, pressure vessel design optimization prob-
lem, speed reducer design problems, three-bar truss design and cantilever beam 
design problems. 

Tension/compression spring design problem:	� In mechanical design, the 
tension/compression spring 
design problem (TCSDP) 
(see Fig.  3) serves as a clas-
sic optimization challenge, 
often utilized to test the effi-
cacy of optimization algo-
rithms. This problem revolves 
around designing a light-
weight spring that can endure 
specified load and displace-
ment requirements without 
failing. The primary objective 
is to minimize the weight of 
the helical spring subject to 
constraints on shear stress, 
surge frequency, and physical 
dimensions.

 The decision variables for the TCSDP typically include:

•	 Wire diameter (d) is an essential spring element represented as x1 . That influ-
ences the strength and flexibility of the spring. The wire diameter ranges between 
0.05 and 2.00.

•	 Mean coil diameter (D) represents the width of the spring coil and denoted as x2 . 
This parameter can significantly affect the spring’s performance and is subject to 
a range from 0.25 to 1.30.

•	 Number of active coils (P) refers to the total number of coils contributing to the 
spring’s flexibility, denoted as x3 , and has a range from 2.00 to 15.0.

These variables are not only crucial for determining the spring’s physical character-
istics and performance but are also interdependent, affecting the overall design and 
feasibility. Thereby, this can be formulated as an optimization problem as shown 
next:
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Table 8 presents a comprehensive comparison of SHIODEG with state-of-the-art 
algorithms for the tension/compression spring design problem, reporting both sta-
tistical performance indicators and the corresponding optimal design variables. The 
proposed SHIODEG algorithm demonstrates outstanding performance by achiev-
ing the lowest mean objective value of 1.2665 × 10−2 with an exceptionally small 
standard deviation of 1.8958 × 10−9 . Notably, the minimum and maximum values 
obtained by SHIODEG are identical across all runs, indicating excellent robustness, 
stability, and repeatability in locating the global optimum.

In comparison, SHIO attains a similar optimal value but exhibits a noticeably 
higher standard deviation, reflecting reduced consistency. Other competitive opti-
mizers such as GWO, AHA, ALO, HGSO, and SCA produce acceptable solutions; 
however, their higher variability and broader objective ranges indicate less reliable 
convergence behavior. Algorithms such as CSA and AOA perform poorly, with 
substantially higher mean objective values and large standard deviations, highlight-
ing weak accuracy and instability. Although MFO achieves a relatively competitive 
mean with low variance, it still fails to match the precision and consistency deliv-
ered by SHIODEG. Overall, the results confirm that SHIODEG provides superior 
solution quality and robustness for precision-critical engineering design optimiza-
tion (Fig. 4). 

2.	 The Welded Beam Design Problem: The goal of the welded beam design prob-
lem under discussion is to minimize the overall cost involved in the manufacturing 
process of the beam. This is a multifaceted issue as it is not solely about reducing 
financial expenditure but also about ensuring that the performance and safety of 
the structure remain uncompromised. The constraints imposed on the optimiza-
tion problem revolve around several critical parameters related to the structural 
integrity of the beam, namely, shear stress ( � ), bending stress in the beam ( � ), 
buckling load (Pc), and end deflection of the beam ( � ). These limitations are 
necessary to maintain the beam’s robustness and stability.

Several optimizers were employed to solve the welded beam design problem 
by minimizing the fabrication cost while satisfying all constraints. Table  9 sum-
marizes both the statistical performance over repeated runs and the corresponding 
best design variables obtained by each method. The proposed SHIODEG algorithm 
achieves the lowest cost, reaching a minimum best score of 1.725 with a mean of 
1.726 and a maximum of 1.729, which indicates strong robustness across runs 
(Std = 1.219 × 10−3 ). This performance is superior to the majority of competitors, 

Fig. 3   Helical compression spring subjected to axial load P , indicating the mean coil diameter D and 
wire diameter d
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including GA, BOA, HOA, HLOA, SCA, AHA, and others, which exhibit higher 
mean costs and/or larger variability.

In addition to solution quality, SHIODEG provides consistent and feasible design 
parameters within the allowable ranges, yielding X1 = 2.06 × 10−1 , X2 = 3.48 , 
X3 = 9.04 , and X4 = 2.06 × 10−1 for the best solution. Although several optimizers 
(e.g., COA, GTO, MPA, POA, and RTH) report minima close to 1.725, SHIODEG 
maintains a strong balance between low cost and repeatability, thereby demonstrat-
ing reliable convergence behavior for this constrained engineering design task. 

3.	 Pressure vessel design optimization problem: In this problem, the aim is 
to minimize the cumulative cost, which includes expenses related to material 
acquisition, forming, and welding of a cylindrical pressure vessel. This vessel is 
designed with hemispherical heads capping both ends. The optimization process 
involves careful manipulation of 4 different variables as shown in Fig. 5: the shell 
thickness ( Ts ), the head thickness ( Th ), the inner radius (R), and the cylindrical 
section length (L). However, the mathematical formulation of this problem is 
shown in Equation A22.

Several algorithms were used to optimize the Pressure Vessel Design problem. 
The results reveal that the SHIODEG algorithm emerged as an ideal candidate, 
delivering a minimum cost of 6059.7340. This indicates an impressive performance 
in minimizing the total costs, encompassing the cylindrical pressure vessel’s mate-
rial, forming, and welding expenses. According to the variables value obtained by 
the SHIODEG algorithm, Ts , Th , R, and L have achieved optimal values of 0.812500, 
0.437500, 42.098376, and 176.637588, respectively. This solution adheres to the 
constraints of the optimization problem while achieving the lowest possible cost. 
Comparing SHIODEG’s obtained values with other optimization algorithms, such 
as WOA and DE, revealed close competition, rendering similarly low costs. None-
theless, the SHIODEG algorithm retained a marginal advantage, reinforcing its 
superiority in this context. In contrast, the branch-bound method and GSA reported 
significantly higher costs, indicating suboptimal performance in optimizing the pres-
sure vessel design problem.

Table  10 summarizes the statistical performance and optimal design vari-
ables obtained by all considered algorithms for the pressure vessel design opti-
mization problem. The proposed SHIODEG algorithm clearly outperforms the 

Fig. 4   Welded connection with design parameters and load application (recolored, high-contrast palette)
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competing methods by achieving the lowest fabrication cost, with a minimum value 
of 5885.333, a mean of 5885.343, and a maximum of 5885.397. The extremely 
small standard deviation of 0.022148 highlights the high stability and consistency of 
SHIODEG across repeated runs.

In contrast, algorithms such as AOA and BAT exhibit substantially higher mini-
mum costs and very large variability, as evidenced by their wide objective ranges 
and large standard deviations, indicating unstable convergence behavior. COA 
attains a relatively close minimum value but suffers from significantly higher disper-
sion, which reduces its reliability. Although CSA and EHO demonstrate very low 
variability, their solution quality remains inferior to that of SHIODEG. Other com-
petitive methods, including GWO and FVIM, produce near-optimal solutions but 
still exhibit higher maximum values and greater variability. Overall, the results con-
firm that SHIODEG provides the best balance between solution quality, robustness, 
and repeatability for the pressure vessel design problem, while consistently generat-
ing feasible and well-scaled design variables within the prescribed bounds. 

4.	 Speed reducer design: In this problem, we aim to minimize the total weight of 
the speed reducer, which affects the machine’s cost, efficiency, and operational 
dynamics. Speed reducers are essential components in mechanical systems (see 
Fig. 6), requiring meticulous design to ensure efficient torque transmission and 
mechanical advantage while minimizing weight and material costs. Different vari-
ables have significant impacts on the Speed reducer’s performance and involved 
in optimization process, including the face width ( x1 ), teeth module ( x2 ), teeth 
number on the pinion ( x3 ), first shaft length between bearings ( x4 ), first shaft 
diameter ( x5 ), second shaft length between bearings ( x6 ), and second shaft diam-
eter ( x7).

Table 11 presents the statistical performance and corresponding optimal design 
variables obtained by all algorithms for the speed reducer design problem. The 
proposed SHIODEG algorithm demonstrates superior performance by consistently 
achieving the lowest objective value of 2.99 × 103 across all runs, with identical 

Fig. 5   Pressure vessel with cylindrical shell (length L ) and hemispherical heads. Inner radius R ; shell 
thickness T

s
 ; head thickness T

h
 . Colored rings indicate wall regions; dark disks show the inner cavity at 

the seam planes
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minimum, mean, and maximum values and an exceptionally small standard devia-
tion of 1.29 × 10−7 . This negligible variance confirms the high stability and repeat-
ability of SHIODEG in solving this constrained engineering optimization problem.

In addition to its statistical robustness, SHIODEG identifies a high-quality, fea-
sible design configuration with x1 = 3.50 , x2 = 0.70 , x3 = 17.0 , and x4 = 7.30 , all 
within the prescribed bounds. Several competing optimisers, such as BAT, CSA, 
EHO, and FPA, fail to converge to competitive solutions and exhibit extremely high 
objective values, indicating poor feasibility handling and ineffective search behav-
ior. Other algorithms, including COA, FDA, GTO, and MPA, achieve near-optimal 
solutions but exhibit higher variability or sensitivity in some runs. Overall, the 
results demonstrate that SHIODEG achieves the best balance between solution qual-
ity, robustness, and parameter accuracy, confirming its effectiveness for the speed 
reducer design optimization problem. 

5.	 Three-bar truss design: The three-bar truss design optimization problem 
involves finding the optimal cross-sectional areas of the bars in a truss structure 
to minimize the weight while satisfying stress constraints. The objective is to 
minimize the weight of the truss, subject to constraints on the stress in each bar. 
The optimization problem seeks to minimize the fitness function Fit(x) , which 
combines the objective function f (x) and the penalty term for constraint viola-
tions. The solution must satisfy all constraints, ensuring that the design of the 
three-bar truss is both feasible and optimal. Figure 7 illustrates a three-bar truss 
system consisting of three bars connected at a common point, labeled as point 
P . The system includes three loads applied at points labeled 1 , 2 , and 3 , with 
corresponding areas of cross-section A1 , A2 , and A3 . The distance between the 
horizontal supports and the point P is denoted by D . In the truss, the bars con-
nected to points 1 and 3 are identical, meaning A1 = A3 . The forces in the bars 
cause a vertical reaction at point P , and the system is symmetric with respect to 
the vertical bar connected to point 2.

Table  12 reports the statistical performance and corresponding optimal design 
variables obtained by all optimizers for the three-bar truss design problem. The 
proposed SHIODEG algorithm demonstrates superior accuracy and robustness by 

Fig. 6   Schematic of a speed reducer showing the outer housing, inner block with extension, two shafts, 
and labeled dimensions x1,… , x7
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consistently achieving the lowest objective value of 263.8958, with identical min-
imum, mean, and maximum values and an extremely small standard deviation of 
6.52 × 10−10 . This negligible variance confirms the high numerical precision and 
repeatability of SHIODEG across independent optimization runs.

Compared with closely competing methods such as SHIO, BAT, and GWO, SHI-
ODEG exhibits significantly better stability, as these algorithms show larger disper-
sion and higher maximum values. Although a few optimizers, including CSA, POA, 
and WSO, attain identical objective values with zero variance, such behavior may 
indicate premature convergence or limited exploration capability. In contrast, SHIO-
DEG achieves the same optimal performance while maintaining controlled variabil-
ity, which is desirable for practical engineering applications.

Highly variable optimizers such as GJO, SCA, and particularly RSO perform 
considerably worse, exhibiting large standard deviations and inferior mean values, 
reflecting unreliable convergence behavior. Overall, the results confirm that SHIO-
DEG provides the best balance between solution accuracy, numerical stability, and 
robustness, while consistently identifying high-quality design parameters (X1,X2) 
within the feasible region for the three-bar truss optimization problem. 

6.	 Cantilever beam design: As shown in Fig. 8, this problem is critical in structural 
engineering, affecting different applications where weight reduction is crucial 
without compromising structural integrity. Therefore, it is essential to use opti-
mization algorithms to minimize the weight of the beam while ensuring it meets 
specific performance criteria. Different variables involved in this problem include 
the beam’s cross-section dimensions, such as width b and height h.

Table 13 reports the statistical outcomes and best design variables obtained by 
all optimizers for the cantilever beam problem. The results show that several meth-
ods converge to very close objective values around 1.339956–1.340165. SHIODEG 
achieves a best score of 1.339992 with a mean of 1.340068 and a maximum of 
1.340165, indicating competitive solution quality; however, its standard deviation 
( 6.15 × 10−5 ) is higher than that of the most stable approaches such as CSA, MPA, 
and WSO, which exhibit nearly zero dispersion and identical min/mean/max values. 
This indicates that, for this particular problem instance, a subset of optimizers con-
verges deterministically (or near-deterministically) to the same optimum.

Fig. 7   Three-bar truss system 
with symmetric supports and 
axial areas
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In contrast, optimizers such as HLOA, HOA, SCA, and especially RSO demon-
strate inferior performance and weaker robustness. HLOA and SCA produce noticea-
bly larger mean values and higher variability, while RSO exhibits the worst behavior 
with a wide objective range and a very large standard deviation, reflecting unstable 
convergence. The best design variables reported in Table 13 further show that high-
performing algorithms yield very similar parameter configurations, whereas poorer 
optimizers (e.g., HOA and RSO) deviate substantially in (X1,… ,X5) , which cor-
relates with their higher objective values. Overall, the cantilever beam results con-
firm that SHIODEG remains competitive in solution quality while maintaining fea-
sible designs, although a few algorithms achieve slightly better repeatability on this 
benchmark due to extremely low run-to-run variance.

5 � Discussion

SHIODEG is demonstrated on analytical, constrained continuous benchmarks, but 
real industrial design optimization is typically simulation-driven, noisy, mixed-var-
iable (continuous plus discrete/categorical), and often multi-objective. To deploy 
SHIODEG in practice while preserving its staged flow (DE → Gaussian transfor-
mation → SHIO), it can serve as an outer-loop optimizer that proposes candidate 
designs, calls a black-box simulator to evaluate objectives/constraints, and selects 

Table 12   Three-bar truss design problem: statistical performance and optimal design variables

Optimizer Min Mean Max Std Optimal X
1

X
2

SHIODEG 263.8958 263.8958 263.8958 6.52E−10 263.8970 0.787574 0.411374
SHIO 263.8959 263.8959 263.8962 1.02E−04 263.8959 0.788557 0.408583
BAT 263.8960 263.9000 263.9036 2.68E−03 263.8960 0.788177 0.409659
CSA 263.8958 263.8958 263.8958 0.00E+00 263.8958 0.788675 0.408248
EHO 263.8958 263.8961 263.8965 2.51E−04 263.8958 0.788690 0.408207
FDA 263.8958 263.8958 263.8958 9.60E−07 263.8958 0.788676 0.408246
FPA 263.8958 263.8958 263.8958 1.87E−07 263.8958 0.788669 0.408265
GJO 263.8966 263.8992 263.9043 2.15E−03 263.8966 0.788157 0.409722
GTO 263.8958 263.8958 263.8958 1.63E−08 263.8958 0.788675 0.408248
GWO 263.8962 263.8975 263.9004 1.48E−03 263.8962 0.789310 0.406457
HLOA 263.8958 263.8958 263.8959 1.38E−05 263.8958 0.788675 0.408248
HOA 263.8988 263.9224 263.9549 1.60E−02 263.8988 0.786798 0.413587
MFO 263.8959 263.8971 263.8998 1.37E−03 263.8959 0.788437 0.408924
MGO 263.8959 263.9002 263.9095 3.96E−03 263.8959 0.788480 0.408800
MPA 263.8958 263.8959 263.8960 3.58E−05 263.8958 0.788672 0.408256
MVO 263.8959 263.8961 263.8968 2.72E−04 263.8959 0.788731 0.408090
POA 263.8958 263.8958 263.8958 0.00E+00 263.8958 0.788675 0.408248
RSO 263.9691 266.2094 272.0562 2.7083 263.9691 0.785596 0.417690
SCA 263.8980 263.9404 263.9811 3.28E−02 263.8980 0.788238 0.409507
WSO 263.8958 263.8958 263.8958 0.00E+00 263.8958 0.788675 0.408248
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the best feasible solution under a strict evaluation budget, supported by engineering 
practices such as input validation, boundary handling, logging, and checkpointing. 
For expensive simulations, a surrogate-assisted workflow can reduce cost by training 
predictive models of objectives/constraints on an initial design set, optimizing pri-
marily on these surrogates, and periodically re-evaluating a small batch of promising 
candidates with the high-fidelity simulator to update the dataset and retrain. Practi-
cal constraint handling can go beyond fixed penalties by adapting penalty weights 
based on feasibility statistics or by applying feasibility-first selection to stabilize the 
search in highly constrained regimes. The same framework can be extended to multi-
objective optimization using Pareto-based methods, adapted to mixed-variable prob-
lems through suitable encoding/decoding and hybrid continuous–discrete operators, 
and made robust to uncertainty and noise by optimizing expected or worst-case per-
formance using sampling or multi-fidelity models. Finally, SHIODEG benefits from 
parallel evaluation across a population, and reproducible studies are supported by 
fixed random seeds, complete evaluation logs, and reporting performance under a 
strict simulator-call budget.

To address multi-objective engineering design, a planned extension called MO-
SHIODEG aims to produce a diverse approximation of the Pareto-optimal set rather 
than a single best point by optimizing a vector of objectives subject to inequality and 
equality constraints. Selection is based on Pareto dominance, augmented with a con-
straint-domination rule that prioritizes feasibility, then dominance among feasible 
solutions, and otherwise prefers smaller total constraint violation among infeasible 
ones. MO-SHIODEG retains SHIODEG’s variation operators (DE mutation/crosso-
ver followed by Gaussian transformation) but replaces scalar-fitness selection with 
Pareto-based environmental selection: Parents and offspring are pooled, ranked via 
non-dominated sorting into fronts, and truncated to the population size using diver-
sity preservation (e.g., crowding distance). An external archive stores the best non-
dominated solutions found so far and is pruned when oversized to maintain a well-
spread front approximation. Since multi-objective optimization lacks a single global 
best, SHIO leaders can be selected from the archive to represent diverse trade-off 
regions (often favoring larger crowding distance), and success-history learning 

Fig. 8   Stepped cantilever beam discretized into ten segments with varying heights, clamped at the left 
boundary and subjected to a tip load P. The total beam length is L, and the rectangular cross-section is 
defined by width W and height H 
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can be generalized by defining “successful” offspring as those that improve a par-
ent under constraint-domination (e.g., becoming feasible, dominating, or improving 
rank/diversity). Pareto dominance plus diversity preservation is the primary strat-
egy due to its natural fit with population-based variation and leader guidance, while 
decomposition-based or indicator-based selection can be considered for many-objec-
tive settings where dominance relations become weak.

The limitations of the SHIO can be summarized as follows. Despite its effec-
tiveness, the success-history intelligent optimizer (SHIO) can exhibit several limita-
tions that become pronounced in specific problem settings. Because SHIO updates 
agents using success-history leaders (typically the best three solutions), the popula-
tion may contract rapidly, causing diversity loss and premature convergence, par-
ticularly on highly multimodal, hybrid, or deceptive landscapes where early leaders 
may lie in suboptimal basins. In addition, when the top leaders belong to different 
attraction basins, their combined/averaged guidance can drive agents toward low-
quality intermediate regions (a centroid-trap effect), weakening progress. SHIO is 
also path-dependent: early, potentially misleading improvements can bias the stored 
history and lock the search into a narrow region, an issue that is exacerbated by 
small populations, limited evaluation budgets, or poor initialization. Under noisy 
or stochastic objectives, the notion of “success” may be corrupted by random fluc-
tuations, leading to reinforcement of false positives and unstable convergence. Fur-
thermore, scalability can degrade in high-dimensional spaces due to the need for 
much larger diversity to adequately cover the search region, while leader-attraction 
can intensify dimensionality-related stagnation. Finally, SHIO does not inherently 
provide specialized mechanisms for constraint satisfaction, mixed/discrete decision 
variables, or multi-objective dominance archiving; hence, performance may become 
sensitive to external penalty/repair strategies and encoding choices, especially when 
feasible regions are small or disconnected, or when the problem is combinatorial or 
Pareto-based.

6 � Conclusion and future work

This research proposed a SHIODEG algorithm that leverages the power of combin-
ing different methods (i.e. SHIO, GT, and DE ) in a hybrid way, allowing for effec-
tive exploration of the search space and preventing premature convergence, leading 
to high-quality solutions, as well as mitigating their drawbacks and enhancing both 
the optimizer’s robustness and performance. The proposed approach has been vali-
dated on 65 well-known benchmark functions against state-of-the-art algorithms, 
demonstrating significant improvements in algorithm performance.

Furthermore, SHIODEG has been validated across six real-world complex 
engineering design problems, including optimizing tension/compression springs, 
welded beams, pressure vessels, speed reducers, three-bar trusses, and cantilever 
beams. Each problem involves constraints and objective functions that challenge 
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optimization algorithms’ flexibility and efficiency. SHIODEG excels by effectively 
navigating complex, multi-dimensional search spaces to balance multiple objectives, 
such as minimizing weight, cost, and power loss while maximizing efficiency and 
reliability. Its ability to meet stringent safety standards and handle nonlinear con-
straints demonstrates its robustness and adaptability. The algorithm’s success in 
these diverse engineering problems highlights its potential as a valuable tool for 
sophisticated design optimization in various engineering disciplines.

As a future work, we will extend the SHIODEG algorithm’s capabilities to han-
dle multi-objective optimization, aiming to balance conflicting objectives across 
various engineering design problems. Also, exploring integrating feature selection 
techniques to enhance the algorithm’s efficiency and accuracy in identifying the 
most significant variables will streamline the optimization process and boost solu-
tion quality.
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Engineering design benchmarks function definitions, constraint 
formulations, variable bounds

To ensure full reproducibility, each benchmark is stated in its standard form. All 
inequality constraints are written as gi(x) ≤ 0 , and the bound constraints are explic-
itly provided.

Tension/compression spring design (TCSD)

Let x = [x1, x2, x3]
⊤ = [d,D,N]⊤ , where d is the wire diameter, D is the mean coil 

diameter, and N is the number of active coils. The objective is to minimize the 
spring weight:

Subject to:

The variable bounds are:

Welded beam design (WBD)

Let x = [x1, x2, x3, x4]
⊤ = [h,�, t, b]⊤ denote the weld thickness h, weld length � , 

beam height t, and beam thickness b. The fabrication cost is minimized:

We use the standard constants: P = 6000 lb , L = 14 in , E = 30 × 106 psi , 
G = 12 × 106 psi , �max = 13600 psi , �max = 30000 psi , and �max = 0.25 in . Define 
the engineering relations:

(A1)min
x

fTCSD(x) = x2
1
x2 (x3 + 2).

(A2)g1(x) = 1 −
x3
2
x3

71785 x4
1

≤ 0,

(A3)g2(x) =
4x2

2
− x1x2

12566 (x2x
3
1
− x4

1
)
+

1

5108 x2
1

− 1 ≤ 0,

(A4)g3(x) = 1 −
140.45 x1

x2
2
x3

≤ 0,

(A5)g4(x) =
x1 + x2

1.5
− 1 ≤ 0.

(A6)0.05 ≤ x1 ≤ 2.0, 0.25 ≤ x2 ≤ 1.30, 2 ≤ x3 ≤ 15.

(A7)min
x

fWBD(x) = 1.10471 x2
1
x2 + 0.04811 x3x4 (14 + x2).
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The inequality constraints are:

The variable bounds are:

(A8)�(x) =

√

��2 + 2�����
x2

2R
+ ���2,

(A9)�� =
P

√
2 x1x2

, M = P
�
L +

x2

2

�
, R =

�
x2
2

4
+

(x1 + x3)
2

4
,

(A10)J = 2
√
2 x1x2

�
x2
2

12
+

(x1 + x3)
2

4

�

, ��� =
MR

J
,

(A11)�(x) =
6PL

x4x
2
3

,

(A12)�(x) =
4PL3

E x4x
3
3

,

(A13)Pc(x) =
4.013E

L2

x3x
3
4

6

(

1 −
x3

2L

√
E

4G

)

.

(A14)g1(x) = �(x) − �max ≤ 0,

(A15)g2(x) = �(x) − �max ≤ 0,

(A16)g3(x) = �(x) − �max ≤ 0,

(A17)g4(x) = x1 − x4 ≤ 0,

(A18)g5(x) = P − Pc(x) ≤ 0,

(A19)g6(x) = 0.125 − x1 ≤ 0,

(A20)g7(x) = fWBD(x) − 5 ≤ 0.

(A21)0.1 ≤ x1 ≤ 2.0, 0.1 ≤ x2 ≤ 10, 0.1 ≤ x3 ≤ 10, 0.1 ≤ x4 ≤ 2.0.
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Pressure vessel design (PVD)

Let x = [x1, x2, x3, x4]
⊤ = [d1, d2, r,�]

⊤ denote the shell thickness d1 , head thick-
ness d2 , inner radius r, and cylindrical section length � . The manufacturing cost is 
minimized:

Subject to:

The bounds are:

Remark: In the classical mixed-discrete variant, d1 and d2 must be integer multiples 
of 0.0625 in; if a continuous relaxation is adopted, d1 and d2 are treated as continu-
ous within the same bounds.

Wilcoxon sum‑rank test table results

See Tables 14, 15, 16. 
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(A22)min
x

fPVD(x) = 0.6224 d1r� + 1.7781 d2r
2 + 3.1661 d2

1
� + 19.84 d2

1
r.

(A23)g1(x) = −d1 + 0.0193 r ≤ 0,

(A24)g2(x) = −d2 + 0.00954 r ≤ 0,

(A25)g3(x) = −�r2� −
4�

3
r3 + 1296000 ≤ 0,

(A26)g4(x) = � − 240 ≤ 0.

(A27)0.0625 ≤ d1, d2 ≤ 99 × 0.0625, 10 ≤ r,� ≤ 200.



	 S. Alawadi et al.  282   Page 50 of 60

Ta
bl

e 
14

  
W

ilc
ox

on
 su

m
-r

an
k 

te
st 

re
su

lts

Fu
nc

tio
n

SH
IO

FL
O

ST
O

A
SO

A
FV

IM
SP

BO
A

O
SS

O
A

TT
H

H
O

C
hi

m
p

F1
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
+

+
+

+
+

+
+

+
+

+
F2

0.
00

83
15

3.
02

E−
11

1.
07

E−
07

2.
39

E−
08

0.
57

92
94

3.
02

E−
11

3.
35

E−
08

3.
02

E−
11

0.
00

50
84

3.
02

E−
11

U
: 7

36
.0

00
0

U
: 4

65
.0

00
0

U
: 5

55
.0

00
0

U
: 5

37
.0

00
0

U
: 8

77
.0

00
0

U
: 4

65
.0

00
0

U
: 5

41
.0

00
0

U
: 4

65
.0

00
0

U
: 7

25
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

=
+

+
+

+
+

F3
3.

69
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
4.

5E
−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
U

: 4
67

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
69

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
+

+
+

+
+

+
+

+
+

+
F4

0.
00

44
27

8.
99

E−
11

4.
74

E−
06

7.
04

E−
07

0.
00

12
36

3.
02

E−
11

1.
09

E−
05

3.
02

E−
11

7.
22

E−
06

1.
46

E−
10

U
: 7

22
.0

00
0

U
: 4

76
.0

00
0

U
: 6

05
.0

00
0

U
: 5

79
.0

00
0

U
: 6

96
.0

00
0

U
: 4

65
.0

00
0

U
: 6

17
.0

00
0

U
: 4

65
.0

00
0

U
: 6

11
.0

00
0

U
: 4

81
.0

00
0

+
+

+
+

+
+

+
+

+
+

F5
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
+

+
+

+
+

+
+

+
+

+
F6

3.
47

E−
10

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

1.
96

E−
10

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

3.
82

E−
10

3.
02

E−
11

U
: 4

90
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

84
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

91
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
+

+
+

+
+

F7
5.

57
E−

10
3.

02
E−

11
7.

39
E−

11
4.

08
E−

11
7.

38
E−

10
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
7.

39
E−

11
3.

02
E−

11
U

: 4
95

.0
00

0
U

: 4
65

.0
00

0
U

: 4
74

.0
00

0
U

: 4
68

.0
00

0
U

: 4
98

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
74

.0
00

0
U

: 4
65

.0
00

0
+

+
+

+
+

+
+

+
+

+
F8

3.
69

E−
11

3.
02

E−
11

4.
5E

−
11

3.
34

E−
11

1.
33

E−
10

3.
02

E−
11

4.
5E

−
11

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

U
: 4

67
.0

00
0

U
: 4

65
.0

00
0

U
: 4

69
.0

00
0

U
: 4

66
.0

00
0

U
: 4

80
.0

00
0

U
: 4

65
.0

00
0

U
: 4

69
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
+

+
+

+
+

F9
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
8.

48
E−

09
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11



SHIODEG: a hybrid success‑history intelligent optimization… Page 51 of 60    282 

Ta
bl

e 
14

  (
co

nt
in

ue
d)

Fu
nc

tio
n

SH
IO

FL
O

ST
O

A
SO

A
FV

IM
SP

BO
A

O
SS

O
A

TT
H

H
O

C
hi

m
p

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 1

30
5.

00
00

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

−
+

+
+

+
+

F1
0

9.
26

E−
09

8.
48

E−
09

2.
38

E−
07

8.
2E

−
07

3.
26

E−
07

6.
53

E−
07

1.
01

E−
08

1.
41

E−
09

4.
18

E−
09

3.
26

E−
07

U
: 5

26
.0

00
0

U
: 5

25
.0

00
0

U
: 5

65
.0

00
0

U
: 5

81
.0

00
0

U
: 5

69
.0

00
0

U
: 5

78
.0

00
0

U
: 5

27
.0

00
0

U
: 5

05
.0

00
0

U
: 5

17
.0

00
0

U
: 5

69
.0

00
0

+
+

+
−

+
+

+
+

+
+

F1
1

2.
15

E−
10

3.
02

E−
11

1.
61

E−
10

1.
96

E−
10

2.
87

E−
10

3.
02

E−
11

1.
09

E−
10

3.
02

E−
11

8.
15

E−
11

3.
02

E−
11

U
: 4

85
.0

00
0

U
: 4

65
.0

00
0

U
: 4

82
.0

00
0

U
: 4

84
.0

00
0

U
: 4

88
.0

00
0

U
: 4

65
.0

00
0

U
: 4

78
.0

00
0

U
: 4

65
.0

00
0

U
: 4

75
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
+

+
+

+
+

F1
2

3.
5E

−
09

3.
02

E−
11

0.
29

04
72

0.
52

01
45

0.
00

03
99

3.
02

E−
11

7.
77

E−
09

3.
02

E−
11

3.
02

E−
11

9.
92

E−
11

U
: 5

15
.0

00
0

U
: 4

65
.0

00
0

U
: 8

43
.0

00
0

U
: 8

71
.0

00
0

U
: 1

15
5.

00
00

U
: 4

65
.0

00
0

U
: 5

24
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

77
.0

00
0

To
ta

l
+

:1
2,

 −
:0

, 
=

:0
+

:1
2,

 −
:0

, 
=

:0
+

:1
1,

 −
:0

, 
=

:1
+

:1
0,

 −
:1

, 
=

:1
+

:9
, −

:2
, =

:1
+

:1
2,

 −
:0

, 
=

:0
+

:1
2,

 −
:0

, 
=

:0
+

:1
2,

 −
:0

, 
=

:0
+

:1
2,

 −
:0

, 
=

:0
+

:1
2,

 −
:0

, =
:0



	 S. Alawadi et al.  282   Page 52 of 60

Ta
bl

e 
15

  
W

ilc
ox

on
 su

m
-r

an
k 

te
st 

re
su

lts

Fu
nc

tio
n

SO
C

PO
RO

A
CO

A
G

W
O

W
O

A
M

FO
ZO

A
M

TD
E

SC
A

F1
1.

41
E−

11
4.

2E
−

10
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
0.

18
57

61
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
U

: 13
65

.0
00

0
U

: 4
92

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 8
25

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0

−
+

+
+

+
+

=
+

+
+

F2
1.

16
E−

07
0.

58
94

51
3.

02
E−

11
0.

52
01

45
8.

29
E−

06
1.

39
E−

06
0.

18
43

28
0.

00
83

15
3.

02
E−

11
3.

02
E−

11
U

: 12
74

.0
00

0
U

: 9
52

.0
00

0
U

: 4
65

.0
00

0
U

: 9
59

.0
00

0
U

: 6
13

.0
00

0
U

: 5
88

.0
00

0
U

: 8
25

.0
00

0
U

: 7
36

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0

−
=

+
=

+
+

=
+

+
+

F3
5.

57
E−

10
3.

02
E−

11
3.

02
E−

11
5.

19
E−

07
9.

06
E−

08
3.

02
E−

11
0.

02
50

81
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
U

: 4
95

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 5
75

.0
00

0
U

: 5
53

.0
00

0
U

: 4
65

.0
00

0
U

: 7
63

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
+

+
+

+
+

+
+

+
+

+
F4

0.
00

21
56

5.
49

E−
11

9.
92

E−
11

4.
52

E−
10

0.
18

09
4.

57
E−

09
4.

69
E−

08
0.

37
10

77
3.

02
E−

11
3.

02
E−

11
U

: 7
07

.0
00

0
U

: 4
71

.0
00

0
U

: 4
77

.0
00

0
U

: 4
93

.0
00

0
U

: 8
24

.0
00

0
U

: 5
18

.0
00

0
U

: 5
45

.0
00

0
U

: 8
54

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
+

+
+

+
=

+
+

=
+

+
F5

5.
96

E−
05

3.
02

E−
11

3.
02

E−
11

5.
57

E−
10

3.
02

E−
11

3.
02

E−
11

0.
00

03
98

3.
02

E−
11

3.
01

E−
11

3.
02

E−
11

U
: 11

85
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

95
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 6

75
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
+

+
+

+
+

F6
0.

00
58

28
9.

26
E−

09
3.

02
E−

11
3.

69
E−

11
1.

21
E−

10
4.

5E
−

11
1.

61
E−

10
6.

52
E−

09
3.

01
E−

11
3.

02
E−

11
U

: 7
28

.0
00

0
U

: 5
26

.0
00

0
U

: 4
65

.0
00

0
U

: 4
67

.0
00

0
U

: 4
79

.0
00

0
U

: 4
69

.0
00

0
U

: 4
82

.0
00

0
U

: 5
22

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
+

+
+

+
+

+
+

+
+

+
F7

6.
53

E−
08

3.
02

E−
11

3.
02

E−
11

0.
00

08
12

1.
85

E−
08

3.
02

E−
11

1.
29

E−
09

3.
02

E−
11

3.
01

E−
11

3.
02

E−
11

U
: 5

49
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 6

88
.0

00
0

U
: 5

34
.0

00
0

U
: 4

65
.0

00
0

U
: 5

04
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
+

+
+

+
+

F8
8.

2E
−

07
5.

49
E−

11
3.

02
E−

11
1.

61
E−

10
2.

15
E−

10
3.

69
E−

11
2.

87
E−

10
6.

07
E−

11
3.

02
E−

11
3.

69
E−

11



SHIODEG: a hybrid success‑history intelligent optimization… Page 53 of 60    282 

Ta
bl

e 
15

  (
co

nt
in

ue
d)

Fu
nc

tio
n

SO
C

PO
RO

A
CO

A
G

W
O

W
O

A
M

FO
ZO

A
M

TD
E

SC
A

U
: 5

81
.0

00
0

U
: 4

71
.0

00
0

U
: 4

65
.0

00
0

U
: 4

82
.0

00
0

U
: 4

85
.0

00
0

U
: 4

67
.0

00
0

U
: 4

88
.0

00
0

U
: 4

72
.0

00
0

U
: 4

65
.0

00
0

U
: 4

67
.0

00
0

+
+

+
+

+
+

+
+

+
+

F9
2.

89
E−

11
3.

02
E−

11
3.

02
E−

11
6.

72
E−

10
3.

02
E−

11
3.

02
E−

11
0.

17
90

42
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
U

: 13
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 1
33

3.
00

00
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 1
00

5.
00

00
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0
U

: 4
65

.0
00

0

−
+

+
+

+
+

=
+

+
+

F1
0

6.
74

E−
06

2.
92

E−
09

1.
41

E−
09

2.
6E

−
08

7.
6E

−
07

2.
39

E−
08

4.
44

E−
07

1.
11

E−
06

6.
04

E−
07

8.
2E

−
07

U
: 6

10
.0

00
0

U
: 5

13
.0

00
0

U
: 5

05
.0

00
0

U
: 5

38
.0

00
0

U
: 5

80
.0

00
0

U
: 5

37
.0

00
0

U
: 5

73
.0

00
0

U
: 5

85
.0

00
0

U
: 5

77
.0

00
0

U
: 5

81
.0

00
0

+
+

+
+

+
+

+
+

+
−

F1
1

0.
37

32
57

0.
67

34
95

3.
02

E−
11

0.
08

23
57

3.
16

E−
10

7.
39

E−
11

0.
20

54
42

1.
61

E−
10

3.
02

E−
11

3.
69

E−
11

U
: 9

75
.0

00
0

U
: 8

86
.0

00
0

U
: 4

65
.0

00
0

U
: 7

97
.0

00
0

U
: 4

89
.0

00
0

U
: 4

74
.0

00
0

U
: 8

29
.0

00
0

U
: 4

82
.0

00
0

U
: 4

65
.0

00
0

U
: 4

67
.0

00
0

=
=

+
=

+
+

=
+

+
+

F1
2

0.
40

35
38

3.
02

E−
11

3.
02

E−
11

0.
00

02
53

0.
10

54
7

1.
17

E−
09

0.
04

35
05

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

U
: 9

72
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 6

67
.0

00
0

U
: 8

05
.0

00
0

U
: 5

03
.0

00
0

U
: 1

05
2.

00
00

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

To
ta

l
+

:7
, −

:3
, =

:2
+

:1
0,

 −
:0

, 
=

:2
+

:1
2,

 −
:0

, 
=

:0
+

:1
0,

 −
:0

, 
=

:2
+

:1
0,

 −
:0

, 
=

:2
+

:1
2,

 −
:0

, 
=

:0
+

:7
, −

:1
, =

:4
+

:1
1,

 −
:0

, 
=

:1
+

:1
2,

 −
:0

, 
=

:0
+

:1
1,

 −
:1

, =
:0



	 S. Alawadi et al.  282   Page 54 of 60

Ta
bl

e 
16

  
W

ilc
ox

on
 su

m
-r

an
k 

te
st 

re
su

lts

Fu
nc

tio
n

D
O

A
H

H
O

SC
SO

G
A

SA
AV

O
A

W
SO

B
BO

R
IM

E
FO

X
O

H
O

F1
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
3.

02
E−

11
0.

08
5

4.
5E

−
11

3.
02

E−
11

3.
02

E−
11

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 13

65
.0

00
0

U
: 13

65
.0

00
0

U
: 7

98
.0

00
0

U
: 4

69
.0

00
0

U
: 13

65
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
−

−
=

+
−

+
F2

7.
69

E−
08

0.
23

39
89

0.
00

60
97

3.
02

E−
11

9.
76

E−
10

0.
06

77
85

2.
67

E−
09

0.
00

13
02

0.
18

57
67

0.
01

69
55

3.
02

E−
11

U
: 5

51
.0

00
0

U
: 8

34
.0

00
0

U
: 7

29
.0

00
0

U
: 4

65
.0

00
0

U
: 5

01
.0

00
0

U
: 10

39
.0

00
0

U
: 13

18
.0

00
0

U
: 11

33
.0

00
0

U
: 10

05
.0

00
0

U
: 10

77
.0

00
0

U
: 4

65
.0

00
0

+
=

+
+

+
=

−
−

=
+

+
F3

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

0.
00

03
99

3.
02

E−
11

0.
09

04
9

3.
02

E−
11

3.
02

E−
11

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 11

55
.0

00
0

U
: 13

65
.0

00
0

U
: 8

00
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
+

+
−

=
+

+
F4

2.
78

E−
07

1.
75

E−
05

1.
6E

−
07

3.
02

E−
11

2.
61

E−
10

1.
31

E−
08

0.
00

24
99

0.
07

48
27

0.
00

03
99

1.
96

E−
10

3.
02

E−
11

U
: 5

67
.0

00
0

U
: 6

24
.0

00
0

U
: 5

60
.0

00
0

U
: 4

65
.0

00
0

U
: 4

87
.0

00
0

U
: 5

30
.0

00
0

U
: 11

20
.0

00
0

U
: 7

94
.0

00
0

U
: 6

75
.0

00
0

U
: 4

84
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
+

−
=

+
+

+
F5

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

0.
18

47
51

0.
00

69
72

9.
26

E−
09

3.
02

E−
11

3.
02

E−
11

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 10

05
.0

00
0

U
: 7

32
.0

00
0

U
: 5

26
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
+

=
+

+
+

+
F6

0.
35

54
72

3.
34

E−
11

6.
72

E−
10

3.
02

E−
11

3.
02

E−
11

4.
18

E−
09

3.
02

E−
11

0.
01

12
28

2.
6E

−
08

1.
43

E−
08

3.
02

E−
11

U
: 9

78
.0

00
0

U
: 4

66
.0

00
0

U
: 4

97
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 5

17
.0

00
0

U
: 13

65
.0

00
0

U
: 7

43
.0

00
0

U
: 5

38
.0

00
0

U
: 5

31
.0

00
0

U
: 4

65
.0

00
0

=
+

+
+

+
+

−
+

+
+

+
F7

4.
08

E−
11

3.
02

E−
11

1.
33

E−
10

3.
02

E−
11

5.
57

E−
10

5.
49

E−
11

0.
00

07
3

3.
16

E−
05

0.
03

91
67

3.
02

E−
11

3.
02

E−
11

U
: 4

68
.0

00
0

U
: 4

65
.0

00
0

U
: 4

80
.0

00
0

U
: 4

65
.0

00
0

U
: 4

95
.0

00
0

U
: 4

71
.0

00
0

U
: 6

86
.0

00
0

U
: 6

33
.0

00
0

U
: 7

75
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0



SHIODEG: a hybrid success‑history intelligent optimization… Page 55 of 60    282 

Ta
bl

e 
16

  (
co

nt
in

ue
d)

Fu
nc

tio
n

D
O

A
H

H
O

SC
SO

G
A

SA
AV

O
A

W
SO

B
BO

R
IM

E
FO

X
O

H
O

+
+

+
+

+
+

+
+

+
+

+
F8

4.
08

E−
11

3.
34

E−
11

3.
69

E−
11

3.
02

E−
11

6.
72

E−
10

2.
37

E−
10

1.
17

E−
09

1.
43

E−
05

0.
00

02
25

3.
02

E−
11

3.
02

E−
11

U
: 4

68
.0

00
0

U
: 4

66
.0

00
0

U
: 4

67
.0

00
0

U
: 4

65
.0

00
0

U
: 4

97
.0

00
0

U
: 4

86
.0

00
0

U
: 5

03
.0

00
0

U
: 6

21
.0

00
0

U
: 6

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
+

+
+

+
+

+
F9

1.
06

E−
07

3.
02

E−
11

3.
02

E−
11

3.
02

E−
11

5.
57

E−
10

5.
15

E−
10

1.
2E

−
08

3.
02

E−
11

0.
05

18
77

5.
46

E−
09

3.
02

E−
11

U
: 5

55
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

U
: 4

95
.0

00
0

U
: 13

35
.0

00
0

U
: 13

01
.0

00
0

U
: 13

65
.0

00
0

U
: 10

47
.0

00
0

U
: 5

20
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

−
+

−
−

=
+

+
F1

0
1.

43
E−

08
2.

39
E−

08
2.

19
E−

08
2.

39
E−

08
0.

00
08

56
1.

7E
−

08
0.

00
21

57
3.

01
E−

07
2.

77
E−

05
1.

2E
−

08
9.

92
E−

11
U

: 5
31

.0
00

0
U

: 5
37

.0
00

0
U

: 5
36

.0
00

0
U

: 5
37

.0
00

0
U

: 6
89

.0
00

0
U

: 5
33

.0
00

0
U

: 7
07

.0
00

0
U

: 5
68

.0
00

0
U

: 6
31

.0
00

0
U

: 5
29

.0
00

0
U

: 4
77

.0
00

0
+

+
+

+
−

+
+

+
+

+
+

F1
1

5.
49

E−
11

8.
99

E−
11

4.
57

E−
09

3.
02

E−
11

5.
49

E−
11

0.
69

52
15

0.
00

03
77

0.
00

03
56

0.
34

02
88

1.
02

E−
05

3.
02

E−
11

U
: 4

71
.0

00
0

U
: 4

76
.0

00
0

U
: 5

18
.0

00
0

U
: 4

65
.0

00
0

U
: 4

71
.0

00
0

U
: 8

88
.0

00
0

U
: 11

56
.0

00
0

U
: 11

57
.0

00
0

U
: 8

50
.0

00
0

U
: 6

16
.0

00
0

U
: 4

65
.0

00
0

+
+

+
+

+
=

+
+

=
+

+
F1

2
3.

02
E−

11
4.

5E
−

11
2.

13
E−

05
3.

02
E−

11
2.

92
E−

09
8.

2E
−

07
5E

−
09

3.
02

E−
11

0.
00

01
32

3.
02

E−
11

3.
02

E−
11

U
: 4

65
.0

00
0

U
: 4

69
.0

00
0

U
: 6

27
.0

00
0

U
: 4

65
.0

00
0

U
: 5

13
.0

00
0

U
: 5

81
.0

00
0

U
: 5

19
.0

00
0

U
: 4

65
.0

00
0

U
: 6

56
.0

00
0

U
: 4

65
.0

00
0

U
: 4

65
.0

00
0

To
ta

l
+

:1
1,

 −
:0

, 
=

:1
+

:1
1,

 −
:0

, 
=

:1
+

:1
2,

 −
:0

, 
=

:0
+

:1
2,

 −
:0

, 
=

:0
+

:1
0,

 −
:2

, 
=

:0
+

:9
, −

:1
, 

=
:2

+
:6

, −
:5

, 
=

:1
+

:7
, −

:3
, 

=
:2

+
:8

, −
:0

, 
=

:4
+

:1
1,

 −
:1

, 
=

:0
+

:1
2,

 −
:0

, 
=

:0



	 S. Alawadi et al.  282   Page 56 of 60

The use of AI  The authors declare that ChatGPT was used to improve the language, grammar, and clarity 
of the manuscript. The authors take full responsibility for the content of this work. The discussed meth-
odology and results are all presented in the paper. Moreover, the proposed approach open source code 
implementation is available under https://​www.​mathw​orks.​com/​matla​bcent​ral/​filee​xchan​ge/​168366-​shiod​
eg-a-​hybrid-​succe​ss-​histo​ry-​intel​ligent-​optim​izati​on

Competing interests  The authors declare no competing interests.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative 
Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permis-
sion directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

References

	 1.	 Engelbrecht AP (2006) Fundamentals of computational swarm intelligence. Wiley, New York
	 2.	 Fakhouri HN, Hudaib A, Sleit A (2020) Hybrid particle swarm optimization with sine cosine 

algorithm and Nelder-Mead simplex for solving engineering design problems. Arab J Sci Eng 
45:3091–3109

	 3.	 Kennedy J, Eberhart R (1942) Particle swarm optimization. In: Proceedings of IEEE International 
Conference on Neural Networks. Perth, Australia 1948, 1995

	 4.	 Deb K, Pratap A, Agarwal S, Meyarivan T (2002) A fast and elitist multiobjective genetic algo-
rithm: NSGA-II. IEEE Trans Evol Comput 6(2):182–197

	 5.	 Fakhouri HN, Awaysheh FM, Alawadi S, Alkhalaileh M, Hamad F (2024) Four vector intelligent 
metaheuristic for data optimization. Computing 106(7):1–39

	 6.	 Karaboga D, Basturk B (2007) A powerful and efficient algorithm for numerical function optimiza-
tion: artificial bee colony (ABC) algorithm. J Global Optim 39:459–471

	 7.	 Clerc M, Kennedy J (2002) The particle swarm-explosion, stability, and convergence in a multidi-
mensional complex space. IEEE Trans Evol Comput 6(1):58–73

	 8.	 Wei J, Gu Y, Law KLE et  al (2024) Adaptive position updating particle swarm optimization for 
UAV path planning. In: WiOpt

	 9.	 Lu B, Xie Z, Wei J et al (2025) MRBMO: an enhanced red-billed blue magpie optimization algo-
rithm. Symmetry 17(8):1295. https://​doi.​org/​10.​3390/​sym17​081295

	10.	 Wei J, Gu Y, Xie Z, Yan Y, Lu B, Li Z, Cheong N (2025) LSWOA: an enhanced whale optimization 
algorithm with Lévy flight and spiral flight for numerical and engineering design optimization prob-
lems. PLoS ONE 20(9):0322058. https://​doi.​org/​10.​1371/​journ​al.​pone.​03220​58

	11.	 Wolpert DH, Macready WG (1997) No free lunch theorems for optimization. IEEE Trans Evol 
Comput 1(1):67–82

	12.	 Fakhouri HN, Alawadi S, Awaysheh FM, Hamad F (2023) Novel hybrid success history intelligent 
optimizer with gaussian transformation: application in CNN hyperparameter tuning. Clust Comput 
27:3717–3739

	13.	 Yang X-S (2020) Nature-Inspired Optimization Algorithms. Academic Press, London
	14.	 Reynolds RG (1994) An introduction to cultural algorithms. In: Proceedings of the Third Annual 

Conference on Evolutionary Programming, World Scientific, vol 24, pp 131–139
	15.	 Ahmadi S-A (2017) Human behavior-based optimization: a novel metaheuristic approach to solve 

complex optimization problems. Neural Comput Appl 28:233–244
	16.	 Askari Q, Younas I, Saeed M (2020) Political optimizer: a novel socio-inspired meta-heuristic for 

global optimization. Knowl Based Syst 195:105709
	17.	 Rao RV, Savsani VJ, Vakharia DP (2011) Teaching-learning-based optimization: a novel method for 

constrained mechanical design optimization problems. Comput Aided Design 43:303–315

https://www.mathworks.com/matlabcentral/fileexchange/168366-shiodeg-a-hybrid-success-history-intelligent-optimization
https://www.mathworks.com/matlabcentral/fileexchange/168366-shiodeg-a-hybrid-success-history-intelligent-optimization
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/sym17081295
https://doi.org/10.1371/journal.pone.0322058


SHIODEG: a hybrid success‑history intelligent optimization… Page 57 of 60    282 

	18.	 Trojovská E, Dehghani M (2022) A new human-based metahurestic optimization method based on 
mimicking cooking training. Sci Rep 12:14861

	19.	 Wang X, Xu J, Huang C (2023) Fans optimizer: a human-inspired optimizer for mechanical design 
problems optimization. Expert Syst Appl 228:120242

	20.	 Matoušová I, Trojovský P, Dehghani M, Trojovská E, Kostra J (2023) Mother optimization algo-
rithm: a new human-based metaheuristic approach for solving engineering optimization. Sci Rep 
13:10312

	21.	 Abualigah L, Diabat A, Mirjalili S, Abd Elaziz M, Gandomi AH (2021) The arithmetic optimization 
algorithm. Comput Methods Appl Mech Eng 376:113609

	22.	 Talatahari S, Azizi M (2021) Chaos game optimization: a novel metaheuristic algorithm. Artif Intell 
Rev 54:917–1004

	23.	 Zhao W, Wang L, Zhang Z (2019) Supply-demand-based optimization: a novel economics-inspired 
algorithm for global optimization. IEEE Access 7:73182–73206

	24.	 Kang F, Li J, Ma Z (2011) Rosenbrock artificial bee colony algorithm for accurate global optimiza-
tion of numerical functions. Inf Sci 181:3508–3531

	25.	 Dorigo M, Birattari M, Stutzle T (2006) Ant colony optimization. IEEE Comput Intell Mag 1:28–39
	26.	 Kennedy J, Eberhart R (1995) Particle swarm optimization. In: Proceedings of ICNN’95—Interna-

tional Conference on Neural Networks, 4, pp 1942–1948
	27.	 Mirjalili S, Mirjalili SM, Lewis A (2014) Grey wolf optimizer. Adv Eng Softw 69:46–61
	28.	 Wei J, Gu Y, Lu B, Cheong N (2025) RWOA: a novel enhanced whale optimization algorithm for 

numerical optimization and engineering design problems. PLoS ONE 20(4):0320913. https://​doi.​
org/​10.​1371/​journ​al.​pone.​03209​13

	29.	 Gu Y, Wei J, Li Z, Lu B, Pan S, Cheong N (2025) GWOA: a multi-strategy enhanced whale optimi-
zation algorithm for engineering design optimization. PLoS ONE 20(9):0322494. https://​doi.​org/​10.​
1371/​journ​al.​pone.​03224​94

	30.	 Wei J, Gu Y, Yan Y, Li Z, Lu B, Pan S, Cheong N (2025) LSEWOA: an enhanced WOA with multi-
strategy for numerical and engineering optimization. Sensors 25(7):2054. https://​doi.​org/​10.​3390/​
s2507​2054

	31.	 Qawaqneh H, Alomari KM, Alomari SA, Bektemyssova GU, Smerat A, Montazeri Z, Dehghani 
MJ, Malik OP, Eguchi K (2025) Kakapo optimization algorithm (KOA): a novel bio-inspired 
metaheuristic for optimization applications. Int J Intell Eng Syst 18(11):913–929. https://​doi.​org/​10.​
22266/​ijies​2025.​1231.​56

	32.	 Qawaqneh H, Alomari KM, Alomari SA, Bektemyssova GU, Smerat A, Montazeri Z, Dehghani 
MJ, Malik OP, Eguchi K (2025) Black-breasted lapwing algorithm (BBLA): a novel nature-inspired 
metaheuristic for solving constrained engineering optimization. Int J Intell Eng Syst 18(11):581–
597. https://​doi.​org/​10.​22266/​ijies​2025.​1231.​36

	33.	 Wang X, Yao L (2025) Cape lynx optimizer: a novel metaheuristic algorithm for enhancing wireless 
sensor network coverage. Measurement 256:118361. https://​doi.​org/​10.​1016/j.​measu​rement.​2025.​
118361

	34.	 Chen S, Yang G, Cui G, Dong X (2025) Raindrop optimizer: a novel nature-inspired metaheuris-
tic algorithm for artificial intelligence and engineering optimization 15(1) https://​doi.​org/​10.​1038/​
s41598-​025-​15832-w . All Open Access; Gold Open Access; Green Accepted Open Access; Green 
Open Access

	35.	 Lang Y, Gao Y, Chen T, Wang H (2026) Centered collision optimizer: a novel and efficient physics-
based metaheuristic optimization algorithm for solving complex real-world engineering optimiza-
tion problems. Comput Methods Appl Mech Eng 448:118491. https://​doi.​org/​10.​1016/j.​cma.​2025.​
118491

	36.	 Fakhouri HN, Hudaib AA, Fakhouri SN, Hamad FF, Alkhalaileh MS (2025) Aurora intelligent 
metaheuristic: a novel space-inspired optimizer. SN Comput Sci 6:8. https://​doi.​org/​10.​1007/​
s42979-​025-​04512-1

	37.	 Rodan A, Sanjalawe YK, Tino P (2025) Three-body deterministic optimizer (TBD): a novel non-
random, nature-inspired metaheuristic for engineering design and hyperparameter optimization. 
Evolut Intell. https://​doi.​org/​10.​1007/​s12065-​025-​01107-w

	38.	 Wang J, Shang Z (2026) Traffic jam optimizer: a novel swarm-based metaheuristic algorithm for 
solving global optimization problems. Appl Math Modell 150:116410. https://​doi.​org/​10.​1016/j.​
apm.​2025.​116410

	39.	 Xia Y, Ji Y (2025) Application of a novel metaheuristic algorithm inspired by Adam gradi-
ent descent in distributed permutation flow shop scheduling problem and continuous engineering 

https://doi.org/10.1371/journal.pone.0320913
https://doi.org/10.1371/journal.pone.0320913
https://doi.org/10.1371/journal.pone.0322494
https://doi.org/10.1371/journal.pone.0322494
https://doi.org/10.3390/s25072054
https://doi.org/10.3390/s25072054
https://doi.org/10.22266/ijies2025.1231.56
https://doi.org/10.22266/ijies2025.1231.56
https://doi.org/10.22266/ijies2025.1231.36
https://doi.org/10.1016/j.measurement.2025.118361
https://doi.org/10.1016/j.measurement.2025.118361
https://doi.org/10.1038/s41598-025-15832-w
https://doi.org/10.1038/s41598-025-15832-w
https://doi.org/10.1016/j.cma.2025.118491
https://doi.org/10.1016/j.cma.2025.118491
https://doi.org/10.1007/s42979-025-04512-1
https://doi.org/10.1007/s42979-025-04512-1
https://doi.org/10.1007/s12065-025-01107-w
https://doi.org/10.1016/j.apm.2025.116410
https://doi.org/10.1016/j.apm.2025.116410


	 S. Alawadi et al.  282   Page 58 of 60

problems 15(1) https://​doi.​org/​10.​1038/​s41598-​025-​01678-9. All Open Access; Gold Open Access; 
Green Accepted Open Access; Green Open Access

	40.	 Khaire UM, Hiremath SR, Londhe K, Manjusha CB, Mahapatra AS (2026) Hybrid butter-flower 
algorithm: Novel metaheuristic optimization algorithm, vol 477. https://​doi.​org/​10.​1016/j.​cam.​2025.​
117148

	41.	 Micev M, Calasan MP, Tokic A (2026) Novel approach for estimation of light-emitting diode lamp 
parameters based on hybrid metaheuristic algorithms. J Comput Electron 25:14

	42.	 Ding S, Lin J, Zhou W, Zhang J, Chen H (2025) A novel assembly sequence evaluation and plan-
ning method in high-speed winding spindle assembly using hybrid metaheuristic algorithm. Proc 
Inst Mech Eng Part B J Eng Manuf 239(14):2057–2071. https://​doi.​org/​10.​1177/​09544​05424​13086​
64

	43.	 Tian D (2025) A novel quality of service-aware service composition method for cloud computing 
using enhanced prairie dog metaheuristic optimization algorithm. J Eng Appl Sci. https://​doi.​org/​10.​
1186/​s44147-​025-​00717-6

	44.	 Mohamed MI, Yousef AM, Hafez AA (2025) A novel metaheuristic optimizer GPSED via artificial 
intelligence for reliable economic dispatch 15(1) https://​doi.​org/​10.​1038/​s41598-​025-​06648-9 . All 
Open Access; Gold Open Access; Green Accepted Open Access; Green Open Access

	45.	 Su R, Lin M, Chen G, Chen Y, Hu N, Wang J, Ye Z (2026) Mixture optimization of mechanical, 
economical, and environmental objectives for a novel industrial waste-based geopolymer: Combin-
ing ensemble learning with metaheuristic algorithms. J Mater Civ Eng. https://​doi.​org/​10.​1061/​
JMCEE7.​MTENG-​20626

	46.	 Zhou J, Xu M, Li C (2025) Prediction of dam failure peak outflow using a novel explainable random 
forest based on metaheuristic algorithms. J Hydrol 662:133767. https://​doi.​org/​10.​1016/j.​jhydr​ol.​
2025.​133767

	47.	 Xu S, Tang Y (2025) Short-term wind power forecasting: a novel enhanced gate-based deep-learn-
ing model containing a metaheuristic algorithm with an intelligent position navigation optimization 
strategy. J Energy Eng. https://​doi.​org/​10.​1061/​JLEED9.​EYENG-​6163

	48.	 Badana M, Beesetti KK, Sundari MR, Ramya P, Rao GS (2025). A novel hybrid deep learning 
framework with metaheuristic optimization for accurate software effort estimation. https://​doi.​org/​
10.​1007/​s42979-​025-​04459-3

	49.	 Guler NU, Bakır H, Yumurtaci Z, Ağbulut Ü (2025) Syngas production through forest waste gas-
ification and prediction of its species using advanced novel metaheuristic driven hybrid machine 
learning algorithms. Int J Hydrogen Energy 196:152529

	50.	 Sabry M, Elbaz M, Alzabni WO (2025) Novel metaheuristic optimized latent diffusion framework 
for automated oral disease detection in public health screening. Sci Rep. https://​doi.​org/​10.​1038/​
s41598-​025-​25739-1

	51.	 Wei J, Gu Y, Law KLE, Cheong N (2024) Adaptive position updating particle swarm optimization 
for UAV path planning. In: Proceedings of the 22nd IEEE International Symposium on Modeling 
and Optimization in Mobile, Ad Hoc, and Wireless Networks (WiOpt), pp 124–131

	52.	 Talbi E-G (2009) Metaheuristics: from design to implementation. Wiley, New York
	53.	 Blum C, Puchinger J, Raidl GR, Roli A (2011) Hybrid metaheuristics in combinatorial optimiza-

tion: a survey. Appl Soft Comput 11(6):4135–4151
	54.	 Fakhouri HN, Hamad F, Alawamrah A (2021) Success history intelligent optimizer. J Supercomput 

78(5):6461–6502. https://​doi.​org/​10.​1007/​s11227-​021-​04093-9
	55.	 Falahah IA, Al-Baik O, Alomari S, Bektemyssova G, Gochhait S et al (2024) Frilled lizard optimi-

zation: A novel bio-inspired optimizer for solving engineering applications. Comput Mater Contin 
79(3):3631–3678. https://​doi.​org/​10.​32604/​cmc.​2024.​053189

	56.	 Dhiman G, Kaur A (2019) STOA: a bio-inspired based optimization algorithm for industrial engi-
neering problems. Eng Appl Artif Intell 82:148–174. https://​doi.​org/​10.​1016/j.​engap​pai.​2019.​04.​
024

	57.	 Dhiman G, Kumar V (2019) Seagull optimization algorithm: theory and its applications for large-
scale industrial engineering problems. Knowl-Based Syst 165:169–196. https://​doi.​org/​10.​1016/j.​
knosys.​2018.​12.​032

	58.	 Fakhouri HN, Awaysheh FM, Alawadi S, Alkhalaileh M, Hamad F (2024) Four vector intel-
ligent metaheuristic for data optimization. Computing 106:2321–2359. https://​doi.​org/​10.​1007/​
s00607-​024-​01287-w

https://doi.org/10.1038/s41598-025-01678-9
https://doi.org/10.1016/j.cam.2025.117148
https://doi.org/10.1016/j.cam.2025.117148
https://doi.org/10.1177/09544054241308664
https://doi.org/10.1177/09544054241308664
https://doi.org/10.1186/s44147-025-00717-6
https://doi.org/10.1186/s44147-025-00717-6
https://doi.org/10.1038/s41598-025-06648-9
https://doi.org/10.1061/JMCEE7.MTENG-20626
https://doi.org/10.1061/JMCEE7.MTENG-20626
https://doi.org/10.1016/j.jhydrol.2025.133767
https://doi.org/10.1016/j.jhydrol.2025.133767
https://doi.org/10.1061/JLEED9.EYENG-6163
https://doi.org/10.1007/s42979-025-04459-3
https://doi.org/10.1007/s42979-025-04459-3
https://doi.org/10.1038/s41598-025-25739-1
https://doi.org/10.1038/s41598-025-25739-1
https://doi.org/10.1007/s11227-021-04093-9
https://doi.org/10.32604/cmc.2024.053189
https://doi.org/10.1016/j.engappai.2019.04.024
https://doi.org/10.1016/j.engappai.2019.04.024
https://doi.org/10.1016/j.knosys.2018.12.032
https://doi.org/10.1016/j.knosys.2018.12.032
https://doi.org/10.1007/s00607-024-01287-w
https://doi.org/10.1007/s00607-024-01287-w


SHIODEG: a hybrid success‑history intelligent optimization… Page 59 of 60    282 

	59.	 Das B, Mukherjee V, Das D (2020) Student psychology based optimization algorithm: a new popu-
lation based optimization algorithm for solving optimization problems. Adv Eng Softw 146:102804. 
https://​doi.​org/​10.​1016/j.​adven​gsoft.​2020.​102804

	60.	 Abualigah L, Yousri D, Elaziz MA, Ewees AA, Al-qaness MA, Gandomi AH (2021) Aquila opti-
mizer: a novel meta-heuristic optimization algorithm. Comput Ind Eng 157:107250. https://​doi.​org/​
10.​1016/j.​cie.​2021.​107250

	61.	 Kaveh A, Zaerreza A (2020) Shuffled shepherd optimization method simplified for reducing the 
parameter dependency. Iran J Sci Technol Trans Civil Eng 44:1205–1218. https://​doi.​org/​10.​1007/​
s40996-​020-​00428-3

	62.	 Abdulrab H, Hussin FA, Ismail I, Assad M, Awang A, Shutari H, Arun D (2024) Energy efficient 
optimal deployment of industrial wireless mesh networks using transient trigonometric Harris 
hawks optimizer. Heliyon 10(7):08513. https://​doi.​org/​10.​1016/j.​heliy​on.​2023.​e08513

	63.	 Khishe M, Mosavi MR (2020) Chimp optimization algorithm: a new metaheuristic optimizer for 
solving optimization problems. Expert Syst Appl 149:113338. https://​doi.​org/​10.​1016/j.​eswa.​2020.​
113338

	64.	 Hashim FA, Hussien AG et al (2022) Snake optimizer: a novel meta-heuristic optimization algo-
rithm. Knowl Based Syst 242:108320. https://​doi.​org/​10.​1016/j.​knosys.​2022.​108320

	65.	 Abdel-Basset M al* (2024) Crested porcupine optimizer: a new nature-inspired metaheuristic algo-
rithm. Article in press (Introduced in 2024 by Abdel-Basset et al.)

	66.	 Jia H, Peng X, Lang C (2021) Remora optimization algorithm. Expert Syst Appl 185:115665. 
https://​doi.​org/​10.​1016/j.​eswa.​2021.​115665

	67.	 Pierezan J, S Coelho L (2018) Coyote optimization algorithm: a new metaheuristic for global opti-
mization problems. In: Proceedings of IEEE Congress on Evolutionary Computation (CEC), pp 
2633–2640. https://​doi.​org/​10.​1109/​CEC.​2018.​84777​69

	68.	 Mirjalili S, Mirjalili SM, Lewis A (2014) Grey wolf optimizer. Adv Eng Softw 69:46–61. https://​
doi.​org/​10.​1016/j.​adven​gsoft.​2013.​12.​007

	69.	 Mirjalili S, Lewis A (2016) The Whale Optimization Algorithm. Adv Eng Softw 95:51–67. https://​
doi.​org/​10.​1016/j.​adven​gsoft.​2016.​01.​008

	70.	 Mirjalili S (2015) Moth-flame optimization algorithm: a novel nature-inspired heuristic paradigm. 
Knowl-Based Syst 89:228–249. https://​doi.​org/​10.​1016/j.​knosys.​2015.​07.​006

	71.	 Trojovská E, Dehghani M, Trojovský P (2022) Zebra optimization algorithm: a new bio-inspired 
optimization algorithm for solving optimization problems. IEEE Access 10:49445–49473. https://​
doi.​org/​10.​1109/​ACCESS.​2022.​31722​78

	72.	 Nadimi-Shahraki MH, Taghian S, Mirjalili S, Faris H (2020) MTDE: an effective multi-trial vector-
based differential evolution algorithm and its applications for engineering design problems. Appl 
Soft Comput 97:106761. https://​doi.​org/​10.​1016/j.​asoc.​2020.​106761

	73.	 Mirjalili S (2016) SCA: a sine cosine algorithm for solving optimization problems. Knowl-Based 
Syst 96:120–133. https://​doi.​org/​10.​1016/j.​knosys.​2015.​12.​022

	74.	 Zhao S, Zhang T, Wang X, Chen Z (2022) Dandelion optimizer: a nature-inspired metaheuristic 
algorithm for engineering applications. Eng Appl Artif Intell 114:105075. https://​doi.​org/​10.​1016/j.​
engap​pai.​2022.​105075

	75.	 Heidari AA, Mirjalili S, Faris H, Aljarah I, Mafarja M, Chen H (2019) Harris hawks optimization: 
algorithm and applications. Futur Gener Comput Syst 97:849–872. https://​doi.​org/​10.​1016/j.​future.​
2019.​02.​028

	76.	 Seyyedabbasi A, Kiani F (2023) Sand cat swarm optimization: a nature-inspired algorithm to 
solve global optimization problems. Eng Comput 39(4):3755–3777. https://​doi.​org/​10.​1007/​
s00366-​022-​01685-7

	77.	 Holland JH (1975) Adaptation in natural and artificial systems. University of Michigan Press, Ann 
Arbor

	78.	 Kirkpatrick S, Gelatt CD, Vecchi MP (1983) Optimization by simulated annealing. Science 
220(4598):671–680. https://​doi.​org/​10.​1126/​scien​ce.​220.​4598.​671

	79.	 Abdollahzadeh B, Gharehchopogh FS, Mirjalili S (2021) African vultures optimization algorithm: 
a new nature-inspired metaheuristic algorithm for global optimization problems. Comput Ind Eng 
158:107408. https://​doi.​org/​10.​1016/j.​cie.​2021.​107408

	80.	 Simon D (2008) Biogeography-based optimization. IEEE Trans Evol Comput 12(6):702–713. 
https://​doi.​org/​10.​1109/​TEVC.​2008.​919004

	81.	 Su W, Chen H al* (2023) RIME: a physics-based optimization algorithm inspired by rime ice 
growth (2023). Presented as a novel algorithm in (Su et al.)

https://doi.org/10.1016/j.advengsoft.2020.102804
https://doi.org/10.1016/j.cie.2021.107250
https://doi.org/10.1016/j.cie.2021.107250
https://doi.org/10.1007/s40996-020-00428-3
https://doi.org/10.1007/s40996-020-00428-3
https://doi.org/10.1016/j.heliyon.2023.e08513
https://doi.org/10.1016/j.eswa.2020.113338
https://doi.org/10.1016/j.eswa.2020.113338
https://doi.org/10.1016/j.knosys.2022.108320
https://doi.org/10.1016/j.eswa.2021.115665
https://doi.org/10.1109/CEC.2018.8477769
https://doi.org/10.1016/j.advengsoft.2013.12.007
https://doi.org/10.1016/j.advengsoft.2013.12.007
https://doi.org/10.1016/j.advengsoft.2016.01.008
https://doi.org/10.1016/j.advengsoft.2016.01.008
https://doi.org/10.1016/j.knosys.2015.07.006
https://doi.org/10.1109/ACCESS.2022.3172278
https://doi.org/10.1109/ACCESS.2022.3172278
https://doi.org/10.1016/j.asoc.2020.106761
https://doi.org/10.1016/j.knosys.2015.12.022
https://doi.org/10.1016/j.engappai.2022.105075
https://doi.org/10.1016/j.engappai.2022.105075
https://doi.org/10.1016/j.future.2019.02.028
https://doi.org/10.1016/j.future.2019.02.028
https://doi.org/10.1007/s00366-022-01685-7
https://doi.org/10.1007/s00366-022-01685-7
https://doi.org/10.1126/science.220.4598.671
https://doi.org/10.1016/j.cie.2021.107408
https://doi.org/10.1109/TEVC.2008.919004


	 S. Alawadi et al.  282   Page 60 of 60

	82.	 Mohammed H, Rashid T (2023) Fox: a fox-inspired optimization algorithm. Appl Intell 53:1030–
1050. https://​doi.​org/​10.​1007/​s10489-​022-​03533-0

	83.	 Zhang J (2025) Oriolus-inspired heuristic optimization algorithm based on foraging behavior. Pre-
print (ResearchGate). https://​doi.​org/​10.​13140/​RG.2.​2.​12504.​35844

	84.	 Derrac J, García S, Molina D, Herrera F (2011) A practical tutorial on the use of nonparametric 
statistical tests as a methodology for comparing evolutionary and swarm intelligence algorithms. 
Swarm Evol Comput 1(1):3–18. https://​doi.​org/​10.​1016/j.​swevo.​2011.​02.​002

	85.	 Demšar J (2006) Statistical comparisons of classifiers over multiple data sets. J Mach Learn Res 
7:1–30

	86.	 Carrasco J, García S, Rueda M, Herrera F (2020) Recent trends in the use of statistical tests for com-
paring metaheuristics. Swarm Evolut Comput. Preprint available at arXiv:​2002.​09227

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps 
and institutional affiliations.

Authors and Affiliations

Sadi Alawadi1 · Hussam N. Fakhouri2 · Fahed Alkhabbas3 · Victor R. Kebande1 · 
Feras M. Awaysheh4 · Abbas Cheddad4

 *	 Sadi Alawadi 
	 sadi.alawadi@bth.se

	 Hussam N. Fakhouri 
	 hussam.fakhouri@uop.edu.jo

	 Fahed Alkhabbas 
	 fahed.alkhabbas@mau.se

	 Victor R. Kebande 
	 victor.kebande@bth.se

	 Feras M. Awaysheh 
	 feras.awaysheh@ut.ee

	 Abbas Cheddad 
	 abbas.cheddad@ut.ee

1	 School of Computer Science, Blekinge Tekniska Högskola, 37179 Karlskrona, Blekinge, 
Sweden

2	 Data Science and Artificial Intelligence Department, Faculty of Information Technology, 
University of Petra, Amman, Jordan

3	 Sustainable Digitalisation Research Centre, Malmö University, Malmö, Sweden
4	 Institute of Computer Science, Delta Research Centre, University of Tartu, Tartu, Estonia

https://doi.org/10.1007/s10489-022-03533-0
https://doi.org/10.13140/RG.2.2.12504.35844
https://doi.org/10.1016/j.swevo.2011.02.002
http://arxiv.org/abs/2002.09227

	SHIODEG: a hybrid success-history intelligent optimization algorithm for engineering design problems
	Abstract
	1 Introduction
	2 Related work
	3 SHIODEG: our proposed hybrid algorithm
	3.1 Novelty and relation to prior hybrids
	3.2 Control parameters
	3.3 Algorithmic workflow
	3.4 Mathematical formulation
	3.4.1 Notation and symbols
	3.4.2 1) Initialization
	3.4.3 2) DE Variation with Gaussian Perturbation (GT)
	3.4.4 3) SHIO Refinement Stage
	3.4.5 4) Termination

	3.5 Pseudocode
	3.6 Exploration–exploitation discussion

	4 Validation
	4.1 Benchmark functions and validation
	4.2 Compared optimizers
	4.3 Results
	4.3.1 Wilcoxon sum-rank test results

	4.4 SHIODEG in action

	5 Discussion
	6 Conclusion and future work
	Engineering design benchmarks function definitions, constraint formulations, variable bounds
	Tensioncompression spring design (TCSD)
	Welded beam design (WBD)
	Pressure vessel design (PVD)

	Wilcoxon sum-rank test table results
	References


