Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Dual-Stage Guided Artificial Lemming Algorithm
(DALA) For Solving Engineering Application
Optimization Problems

Jiayi Gao
Northeast Forestry University
Yu Zhang

ZhangyuQ902R163, com

Northeast Forestry University

Research Article

Keywords: Artificial Lemming Algorithm, Swarm intelligence, Multi-strategy, Engineering problems
Posted Date: July 17th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10257444/v1

License: €© @ This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-10257444/v1
https://doi.org/10.21203/rs.3.rs-10257444/v1
https://doi.org/10.21203/rs.3.rs-10257444/v1
https://creativecommons.org/licenses/by/4.0/

Dual-Stage Guided Artificial Lemming Algorithm (DALA)
For Solving Engineering Application Optimization Problems

Jiayi Gao®*, Yu Zhang™*

®Northeast Forestry University, , Harbin, 150000, , China

Abstract

The Artificial Lemming Algorithm (ALA) is a metaheuristic optimization algorithm
inspired by four typical behaviors of lemmings. The traditional ALA often suf-
fers from confined local search and limited global exploration when solving high-
dimensional complex problems, primarily due to a lack of solution diversity and
individual cooperation. This paper proposes a two-stage guided artificial lemming al-
gorithm (DALA) aimed at efficiently solving single-objective, high-dimensional com-
plex optimization problems. The core contribution of the research lies in a triple
innovation mechanism: designing an adaptive probability mechanism based on rank-
ing, integrating it into strategy selection; integrating a two-stage greedy strategy
that combines adversarial learning and topological neighborhood learning to deeply
explore the optimal solution; finally, integrating the mutation operation of JADE
differential evolution, significantly enhancing the algorithm’s ability to escape local
optima. Using classical test functions from CEC 2017 and CEC 2020, we evalu-
ated DALA’s optimization performance through comparative experiments with eight
other optimization algorithms, demonstrating enhanced optimization capability and
superior global search performance. Additional tests on five constrained optimiza-
tion problems with practical engineering significance confirm its broad applicability
and engineering potential. This study further investigates the application of DALA
in optimizing the hyperparameters of a multi-layer LSTM network for power load
forecasting, thereby providing additional validation of its potential in practical engi-
neering applications characterized by high dimensionality and complexity.

Keywords:
Artificial Lemming Algorithm, Swarm intelligence, Multi-strategy, Engineering
problems

*Corresponding author
Email address: zhangyu0902@163.com (Yu Zhang)



1. Introduction

With the rapid development of modern science and technology, many complex
engineering problems urgently need to be solved. In the past, such problems were
mainly addressed using exact optimization algorithms. However, these algorithms
require the problem to satisfy strict mathematical properties, and once the problem
becomes nonlinear, non-convex, multimodal, discrete, or high-dimensional, the com-
putational complexity of exact algorithms increases exponentially[l|. Metaheuristic
algorithms are an efficient class of algorithmic frameworks designed to solve complex
optimization problems. Their core idea lies in mimicking various efficient evolution-
ary processes found in nature, such as biological evolution, group cooperative behav-
ior, or dynamic changes in physical systems. These algorithms can effectively handle
complex problems where information is incomplete or computational resources are
limited [2, 3, 4].

A single metaheuristic optimization algorithm may suffer from drawbacks such as
being easily trapped in local optima, premature convergence, or a lack of robustness
in high-dimensional and non-convex search spaces. Researchers have attempted to
address novel and complex engineering problems by incorporating different strategies
into metaheuristic algorithms or combining multiple algorithms|5|. The Improved
Whale Optimization Algorithm (IWOA)[6] , for instance, enhances the algorithm’s
exploration and exploitation capabilities through new strategies, and has been ap-
plied to optimal power flow problems in power systems to minimize objectives such
as generation cost and power loss. Based on the hybrid particle swarm optimiza-
tion and sparrow search algorithm (PSO-SSA)[7], it mainly focuses on using the
hybrid swarm intelligence algorithm to optimize deep learning models, thereby im-
proving the accuracy and efficiency of software defect prediction. The Adaptive
Gorilla Troops Optimizer (AGTO)[8| introduces adaptive mechanisms to improve
search efficiency and demonstrates excellent performance in structural optimization
problems, enabling the discovery of lighter and more stable structural designs. The
Modified Butterfly Optimization Algorithm (MBOA)[9] improved algorithm incor-
porates an adaptive mechanism to adjust its key parameters. The enhanced MBOA,
when combined with the support vector machine, utilizes the powerful optimization
ability of MBOA to optimize the hyperparameters of SVM, thereby enhancing the
performance of the classification model. The improved dung beetle optimization
algorithm|10[introduces a novel hybrid model that integrates multiple algorithms
and a bidirectional long short-term memory network with an attention mechanism

(BILSTM-A).



In recent years, meta-heuristic algorithms have been extensively deployed to ad-
dress complex engineering problems characterized by high nonlinearity, stringent
constraints, and non-convexity, emerging as a pivotal tool for solving optimization
challenges in physical systems. In the field of renewable energy systems, these algo-
rithms have been successfully applied to Maximum Power Point Tracking for wind
turbines and the hydrodynamic performance optimization of wave energy converter
arrays, significantly enhancing energy conversion efficiency. Within structural opti-
mization, they have enabled precise control over the weight and layout of complex
mechanisms, such as bridge trusses and aerospace thin-walled components, while
strictly adhering to mechanical strength requirements. Furthermore, in addressing
large-scale combinatorial optimization tasks—including urban traffic route planning
and Optimal Power Flow calculations in power systems—these algorithms effectively
overcome the engineering bottlenecks associated with the tedious parameter tuning
of traditional gradient-based methods|11|. The demand for optimization algorithms
is widely present in numerous cutting-edge areas of machine learning and control.
In the field of deep neural network hyperparameter optimization, the emergence of
complex variants of Transformer architectures and graph neural networks has led to a
dramatic increase in the dimensionality of hyperparameter space, posing significant
challenges to the performance of optimization algorithms|12|. For high-degree-of-
freedom robot trajectory planning problems, optimization algorithms must satisfy
dynamic constraints and obstacle avoidance requirements while solving for smooth,
energy-optimal motion trajectories, creating a search space characterized by strong
constraints, non-convexity, and multiple local optima|13|. In multi-agent cooperative
control systems, optimization algorithms need to address task allocation, path plan-
ning, and formation control under distributed constraints, with the decision space
growing exponentially with the number of agents|[14]. These emerging problems share
common challenges of high dimensionality, non-convexity, strong constraints, and
multi-scale complexity, placing extremely high demands on the convergence speed,
solution quality, and robustness of optimization algorithms. It is applied to optimize
the hyperparameters of deep learning models, aiming to minimize prediction error
and enhance model stability.

Inspired by the swarm intelligence behavior of lemmings in nature, the Artificial
Lemmings Algorithm (ALA) has been proposed to enrich the algorithmic toolbox.
The Artificial Lemmings Algorithm emulates four typical behaviors of lemmings in
their natural environment: long-distance migration, burrowing, foraging, and evad-
ing predators[15]. To improve the performance of the algorithm, researchers have
proposed various enhancements to ALA. For example, Zhu et al. proposed an
Enhanced ALA (EALA)[16], which integrates Kent chaotic mapping, an adaptive



perturbation mechanism, and a differential mutation operator. This approach was
applied to unmanned aerial vehicle (UAV) path planning problems and significantly
improved both search accuracy and robustness. In addition, a multi-strategy im-
proved algorithm,(MsIALA)[17], was proposed, which incorporates chaotic mecha-
nisms, guided search strategies, and multiple individual update methods to further
enhance the algorithm’s ability to escape local optima. The motivations of this study
are as follows:

e Optimization problems are foundational to science and engineering, particu-
larly with the increasing complexity of machine learning and artificial intelli-
gence. Guided by the No Free Lunch (NFL) theorem [18, 19], it is recognized
that no single algorithm excels across all scenarios. Empirical observations
indicate that for high-dimensional complex functions, the performance of the
original ALA algorithm deteriorates significantly, as the gap between its average
fitness and the theoretical global optimum widens as dimensionality increases.

e In meta-heuristic algorithms, the balance between exploration and exploitation
is critical to the overall optimization performance. The original ALA algorithm
primarily relies on preset, decreasing weights and lacks adaptive feedback reg-
ulation based on the search process. This fixed parameter update mechanism
often limits the algorithm’s flexibility, resulting in insufficient local exploitation
precision during the later stages of the search.

To address the aforementioned issues, this paper proposes a Dual-phase Artifi-
cial Lemmings Algorithm (DALA) with a guided mechanism. The proposed DALA
aims to efficiently solve complex optimization problems that are single-objective,
high-dimensional, and multimodal. Such problems are prevalent in fields such as
engineering design and machine learning, posing significant challenges to the global
exploration and local exploitation capabilities of optimization algorithms.

In DALA, this paper proposes and designs an adaptive probability mechanism
based on ranking, which is integrated into the strategy selection process by utilizing
a quadratic curve function to replace the original strategy selection controlled by
fixed parameters. This mechanism dynamically adjusts the operation probabilities
through fitness ranking, adaptively allocating and employing different strategies for
both elite and bottom-level individuals.|[20, 21, 22|. A U-shaped trigger probability
mechanism is designed to screen certain individuals and incorporate a greedy mecha-
nism that includes Opposition-Based Learning|23, 24| and topological neighborhood
learning|25, 26, 27|, simulating the learning and thinking processes performed by
each individual based on the population-led foraging or burrowing in the original



lemming algorithm.The inclusion of the greedy mechanism balances global explo-
ration and local exploitation capabilities, utilizing the communicative and learn-
ing behaviors among lemming individuals to achieve collective optimization. JADE
(Adaptive Differential Evolution with Optional External Archive) [28, 29, 30] is a
stochastic optimization algorithm based on evolutionary mechanisms, which gener-
ates offspring through mutation and crossover operators and retains superior solu-
tions using selection pressure based on fitness comparison. Simulated the behavior
of certain individual lemmings deviating from the established evolutionary path, im-
proving the algorithm’s ability to avoid local optima.The contribution of this study
lies not in the introduction of individual components, but in the implementation of a
coordinated feedback architecture. Within this framework, a ranking-based probabil-
ity mechanism dynamically allocates search tasks based on individual performance,
and integrates strategies such as differential evolution to increase solution diversity,
providing a more robust solution for complex engineering optimization.

To evaluate the optimization performance of the proposed DALA, comprehen-
sive experiments are conducted on the IEEE CEC2017 and CEC2020 benchmark
suites, which encompass a diverse range of test functions including unimodal, mul-
timodal, hybrid, and composition functions. The efficacy of the integrated improve-
ment strategies is rigorously validated through both parameter sensitivity analysis
and ablation studies. To establish a robust performance baseline, DALA is bench-
marked against the original ALA, recently developed high-performing variants, and
well-established classical metaheuristic algorithms, with the statistical significance of
the results assessed via the Friedman test and Wilcoxon signed-rank test. Further-
more, the practical utility of the algorithm is demonstrated through five constrained
engineering design problems—comprising pressure vessel design, three-bar truss de-
sign, welded beam design, and gear train design—as well as a real-world application
involving the hyperparameter optimization of a multi-layer LSTM network for power
load forecasting.



2. Artificial Lemming Algorithm (ALA)

Lemmings are small rodents that are primarily distributed in Arctic regions, in-
cluding tundra, forest-tundra, and mountainous tundra habitats. Lemmings possess
one of the highest reproductive capacities among known mammalian species, which
implies that their population expansion demands more food and living space. When
their population increases, some lemmings begin to search for and migrate to new
resource-rich territories. Due to their position at the bottom of the food chain,
lemmings have evolved excellent burrowing abilities to evade predators. They also
rely on their acute sense of smell and hearing to locate food and often forage and
store food underground. The Artificial Lemming Algorithm (ALA) abstracts four
primary behavioral traits of lemmings, long-distance migration, burrowing, foraging,
and predator avoidance, and models these behaviors mathematically to construct the
optimization process|15].

2.1. Population Initialization

The Lemming Algorithm (ALA) is a population-based algorithm. Before entering
the iterative process, it is necessary to initialize the positions of all search agents
(i.e., lemming individuals). The set of all initial candidate solutions forms a matrix
Z consisting of N (population size) rows and Dim columns (problem dimensions),
with values distributed between the lower and upper bounds of the given problem,
as shown in Equation (1). In each iteration, the best position obtained so far is
considered the optimal solution or an approximation thereof. The decision variable
2; j in each dimension is calculated according to Equation (2).

211 21,2 te 21,Dim—1 21,Dim
22,1 22,2 te 22 Dim—1 22 Dim
ZN-1,1 <AN-12 *''* ZN-1Dim—-1 <ZN-1Dim
ZN,1 ZN,2 ***  ZNDim-1 ZN,Dim

zZJ:LBJ—i—randX(UBJ—LBJ), 22172,,N,j:1,2,,D1m (2)

where rand represents a random value in the range [0,1], LB; denotes the lower
bound of the dimension, and UB; denotes the upper bound of the dimension.

2.2. Long-Distance Migration

In the first behavioral pattern, when food becomes scarce due to overpopulation,
lemmings engage in random long-distance migration. In this phase, lemmings explore
the search space based on their current position and the position of a randomly



selected individual within the population, in search of habitats with abundant food
resources to achieve better living conditions and resource access. It is important
to note that due to various factors such as ecological conditions, the direction and
distance of lemming migration are not fixed. To simulate this behavior, Equation (3)
is proposed as follows:

. Zbest<t) + F x BM x (R X (Zbest(t) — Zl(t)))
A= 70 - 2.0) ¥
where Z;(t+ 1) denotes the position of the (¢ + 1)-th time search agent at iteration ¢,
Zhest (t) represents the current best solution, and F' functions as a direction regulator
for dynamically changing an individual’s movement relative to the target. BM
models biological Brownian motion to incorporate random walk properties into the
algorithm. R is a vector of size 1 x Dim with elements that are random numbers
uniformly distributed in the interval [—1,1]. Z;(t) represents the current position of
the i-th search agent, and Z,(t) denotes a search agent randomly selected from the
population, where a is an integer index ranging from 1 to V.

2.3. Burrowing

The second behavioral pattern of lemmings is burrowing in their habitats to form
complex tunnels, which provide safe shelters and spaces for food storage. Lemmings
dig new burrows randomly based on the position of their current burrow and the
position of a randomly selected individual from the population. This behavior is
mathematically expressed by Equation (4):

Zi(t+1)=Z(t) + F X L X (Zpest(t) — Zp(t)) (4)

where L is a random number related to the current iteration, Z;, represents a search
agent randomly selected from the population, where b is a random integer index
ranging from 1 to N. L and Z, are used to describe the interaction between lemming
individuals during the excavation of new burrows.

2.4. Foraging

In the third behavioral pattern, lemmings move extensively and randomly within
the burrows of their habitat, relying on their acute sense of smell and hearing to
locate food sources. Lemmings typically establish a relatively small foraging area
within their habitat. In order to consume as much food as possible, they wander
randomly within this area, simulating the random foraging behavior of lemmings. A



spiral mechanism is used to model this phase, which is mathematically expressed by
Equation (5) as follows:

Zi(t +1) = Zpest(t) + F x spiral x rand x Z;(¢) (5)

where spiral denotes the spiral shape of the random search during foraging, calculated
by Egs. (12 and 13).

spiral = radius X (sin(2 X m X rand) + cos(2 X m X rand)) (6)
Dim

radius = | > (2hest,j(t) — 2i5(t))? (7)
j=1

where radius means the radius of the foraging scope, which is the Euclidean distance
between the current position and the optimal solution.

2.5. Predator Avoidance

In the final phase, the modeling focuses on the lemmings” avoidance and protective
behaviors when facing danger. The burrow serves as a refuge for lemmings. Upon
detecting a predator, lemmings use their exceptional running ability to escape back
to their burrows. At the same time, they may also perform deceptive maneuvers to
evade pursuit by predators. The corresponding mathematical expression is given in
Equation (8).

Zi(t +1) = Zuest(t) + F x G x Levy(Dim) X (Zpest (1) — Zi(1)) (8)

=2 (1 B Trﬁ) ®)

Where G is the lemming escape coefficient, representing the ability to escape, which
decreases as the number of iterations increases. Tpyax denotes the maximum number
of iterations. Levy(Dim) is the Lévy flight function, used to simulate the deceptive
movements of lemmings during the escape process.

2.6. Implementation of the ALA Algorithm

In the initialization phase of ALA, control parameters are set, such as population
size N, maximum number of iterations 7', and problem dimension Dim. Meanwhile,
the position of each search agent is generated using a uniform random distribution
within the search space. In the subsequent iterations, ALA introduces an energy
factor F, whose value gradually decreases with the increasing number of iterations.



This mechanism allows the search agents to transition smoothly from exploration to
exploitation. The threshold of the energy factor is set to 1: when £ > 1, lemmings
perform exploration behaviors (migration or burrowing); when E < 1, lemmings
engage in exploitation behaviors (foraging and predator avoidance). Once the termi-
nation condition is met, the process ends and the global optimal solution is returned.
The energy factor is calculated using Equation (10) as follows:

t 1
E(t) =4 x arctan <1 — Tmax> X In (m) (10)

The pseudocode of the ALA algorithm is presented as follows:

Input: Maximum iteration number 7,,,,, population size N, and dimension
size Dim
Output: Global optimal solution Zyes(t) and its fitness value

1 Randomly initialize positions Z;, evaluate fitness, and record optimal solu-
tion Zbest (t)
t=1
while t < 7T,,,. do

Calculate the value of E using Equation (10)

for each search individual Z; do

if £ > 1 then (Exploration phase)
Update location using Equation (3) if rand < 0.3, else use Equa-

tion (4)

N O O W N

8 else (Exploitation phase)

9 Update location using Equation (5) if rand < 0.5, else use Equa-
tion (8)

10 end

11 end

12 Recalculate fitness values and update the optimal solution Zpes(t)

13 t=t+1

14 end

Algorithm 1: Pseudocode of the Artificial Lemming Algorithm (ALA)



3. Dual-Stage Guided Artificial Lemming Algorithm

3.1. Rank-based Adaptive Probability Mechanism

In the original ALA, individuals within the lemming population are randomly se-
lected to perform different exploration or exploitation actions. Inspired by the hier-
archical survival structure in lemming colonies, we introduce a Rank-based Adaptive
Probability strategy.

Specifically, the rank-based adaptive probability P; is employed to replace the
fixed parameters (such as rand < 0.3 or 0.5) in the original main loop. First, all

individuals in the population X = {X;, Xs,..., Xy} are sorted in ascending order
based on their fitness values f(X), as defined in Equation (11) :
SOI"t(X) : f(Xbest) S f(XQ) S e S f(Xworst) (11)

This sorting ensures that superior individuals maintain lower P; values, whereas
poorly performing individuals are assigned higher P; values. Subsequently, explo-
ration or exploitation strategies are adaptively allocated to each individual X; ac-
cording to the probability P; calculated as:

P (R;’“) (12)

where N is the population size, and Rank; represents the rank position of individual
X; in the sorted sequence.

Individuals with higher ranks are typically positioned within potential optimal
regions. By assigning them a significantly low P; value, the probability of triggering
exploitation strategies is increased, effectively reducing the search radius to facili-
tate intensive refinement within their current local vicinity. Conversely, maintaining
a high fixed exploration probability would introduce excessive stochastic perturba-
tions, potentially causing these individuals to diverge from the identified superior
solutions.For underperforming individuals, higher P; values are assigned because
their current fitness indicates minimal potential for high-quality solutions in their
original regions. Granting these individuals a high exploration probability aims to
drive them toward large-scale global search actions. The adoption of a quadratic
mapping, rather than a linear one, is justified by the fact that the quadratic function
grows slowly in the high-rank interval, thereby shielding a substantial proportion
of elite individuals to focus on localized exploitation. Meanwhile, the probability
increases sharply for lower-ranked individuals, ensuring the necessary intensity for
exploration. This adaptive adjustment effectively mitigates the algorithm’s reliance
on manual hyperparameter tuning and leverages intrinsic population information to
enhance the coverage of complex search spaces.

10



3.2. Greedy Mechanism

To address the issue that the original algorithm lacks collaborative utilization
among individuals, leading to insufficient global and local exploration capabilities,
this paper introduces a greedy mechanism for improvement.

3.2.1. Mathematics

The core concept of Opposition-Based Learning (OBL) is to generate an opposite
solution for the current solution by reflecting it symmetrically with respect to the
center of the defined search space. For the i-th individual Z(i,:) in the search space,
its opposite solution is mathematically expressed by Equation (13):

Zalt,i =1b+ ub— ZZ (13)

To prevent the opposite solution Z,; generated by the strategy from exceeding the
defined search boundaries [lb, ub], boundary handling is applied to constrain its value
within the permissible search space, thereby ensuring its validity. The boundary
handling is mathematically expressed by Equation (14):

Zay,; = min (max (L4, Ib) , ub) (14)

where Z; is the current value of the individual,lb is the lower bound of each dimension,
and ub is the upper bound of each dimension.

3.2.2. Topological Neighborhood Perturbation

For each lemming individual, K = max(2,[0.1N]) neighboring individuals are
randomly selected from its population vicinity. The one with the best fitness among
them is identified, and a biased perturbation is constructed based on its position. The
individual then moves toward this locally optimal solution with a certain perturbation
step size. The mathematical formulation is given by Equation (15).

Zalt,i = Z’L + F x v X (anest,i - Zz) (15)

If all neighboring individuals have worse fitness than the current individual, the
current individual is retained by default: Zpest; = Z;. Here, v € (0,1), denotes the
perturbation step size, and F' € {—1,+1}, is the directional perturbation factor.

3.2.3. Selective Greedy Mechanism for Strategy Selection

First, the population is sorted based on fitness values, where Rank; is defined as
the rank of the i-th individual (1 representing the best and N the worst). A U-shaped
trigger probability model is constructed, as expressed in Equation (16), to facilitate
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the flexible activation of corresponding mechanisms for both elite individuals with
superior fitness and bottom-level individuals with poor fitness. This model ensures
that computational resources are concentrated on the fine-grained exploitation of
high-performing individuals while subjecting underperforming ones to opposition-
based learning to escape local optima; meanwhile, middle-tier individuals (Rank; —
N/2) primarily follow the original algorithm’s evolution to conserve computational
costs. The triggering probability model is shown in Figure 1.

2 X Rank; ?
-Ptrig,i = <Xi - 1) (16)

where ¢ represents the iteration count, N is the population size, and Rank; de-
notes the rank of individual X; in the sorted sequence

T T T
1 rand > Pt' Z
rig
o9k ® rand< ng

Probability / rand

0 0.1 0.2 03 0.4 0.5 0.6 0.7 08 0.9 1
Normalized Rank (Rank / N)

Figure 1: Distribution Diagram of U-shaped Trigger Probability

Based on this probability, the algorithm adopts a selective greedy mechanism
for position updates. When the trigger condition (rand < P.,;) is satisfied, the
individual further generates an alternative solution Z,;; (as shown in Equation (17)
according to the selection probability P; (as shown in Equation (12)). To maintain
consistency with the main loop, the probability selection algorithm utilizes the rank-
based adaptive probability to dynamically regulate the trigger probabilities of the
opposition-based learning strategy and the topological neighborhood search strategy:

(17)

_J b+ ub— Z;, rand < P;
ot Zi+ F Xy X (Zppesti — Z;), otherwise

12



Upon determining the candidate positions, the algorithm executes the selective
greedy mechanism to decide the location for the next generation Z;.,,. If the gen-
eration of an alternative solution is triggered, the optimal one is selected among the
current solution, the basic new solution, and the alternative solution; otherwise, the
selection is performed only between the current and basic new solutions. This ensures
that computational power is focused on the most promising updates, as formulated
in Equation (18):

(18)

Z o arg mln{f(Zz)y f(Znew,i)u f(Zalt,i)}y 1f mnd < Ptrig,i
e arg min{ f(Z;), f(Znewi)}, otherwise

The mechanism defines a quadratic mapping function that is symmetric about the
median of the population rank. In contrast to monotonically increasing or decreasing
selection pressures, the U-shaped mechanism assigns higher strategy triggering prob-
abilities to individuals at both extremes of the ranking. The quadratic term in the
formula ensures that the triggering probability reaches its minimum at the population
median (Rank; ~ N/2), while increasing sharply toward both ends.Theoretically,
this configuration shields the majority of the population, allowing them to maintain
stable position updates under the original strategies, while adaptively allocating com-
putational resources to individuals with either exceptional or poor fitness. By doing
so, the mechanism effectively perturbs and adjusts the original search trajectories
while maintaining a balance between exploration and exploitation. Ultimately, this
enhances the algorithm’s capability to escape local optima within complex solution
spaces.

3.3. Adaptive Differential Evolution Hybrid Module

To address the issues of population diversity loss and premature convergence that
algorithms may encounter in the later stages of iteration, this paper embeds the adap-
tive differential evolution (JADE) strategy within the ALA main loop. This module
introduces a mutation mechanism based on (current — to — pbest). Different from
the classic DE algorithm, this strategy p is set to 30%, meaning that Zpbest is first
randomly selected from the top 30% of the population based on fitness ranking as the
guiding vector, and randomly selects two different individual indices 71,72 # i from
the population to construct the mutation vector V;, as expressed in Equation (19).
Among them, the scaling factor F; follows a normal distribution with a mean of 0.5
and a standard deviation of 0.3, clipped within the interval [0.1,1.0], as shown in
Equation (20).

V;L - Zz + E X (Zpbest - Zz) + E X (Zrl - ZTQ) (19)

13



F; = clip(0.5 + randn x 0.3,[0.1,1.0]) (20)

After differential mutation, a binomial crossover operation is used to generate
new candidate individuals. Specifically, according to the crossover rate CR = 0.9,
the current individual Z; and the mutation vector V; are combined through crossover
to generate a trial solution U;, as expressed in Equation (21). Finally, the individual
with the best fitness is selected to update the global record.

Vi=1,....d (21)

Zi;, otherwise

U, — {Vij, if rand < CR or J = Jrand

Where C'R represents the crossover rate, and the randomly selected dimension
Jranda € {1,2,...,d} ensures that at least one dimension comes from the mutation
vector.

By incorporating the adaptive differential evolution (JADE) module, the algo-
rithm dynamically updates the mutation factor and crossover probability based on
population feedback. This adaptive mechanism helps maintain population diversity
during the early stages of the search, reducing the likelihood of premature conver-
gence in complex landscapes. In the later stages, the module enhances local ex-
ploitation precision near the optimal solution by adaptively refining the search step
size.

3.4. Implementation of the DALA Algorithm

Initialization Phase: Input parameters include the population size N, the max-
imum number of iterations T, the search space boundaries [lb, ub], and the dimen-
sion Dim. The initial positions of the lemming population are generated through
random initialization (as formulated in Equation (2)), followed by the calculation of
the initial fitness values for all individuals.

Iteration Phase: Within each iteration of the main loop, the algorithm first
computes the rank-based adaptive selection probability Rank; and the U-shaped
trigger probability Piigger for strategy linkage. Subsequently, the process enters
the first-stage basic update, where the individual energy factor E determines the
search state: when F > 1, the individual enters the high-energy exploration phase;
when F < 1, it transitions to the low-energy exploitation phase, resulting in the
generation of a basic candidate solution X,,.,,. Then, the selective greedy mechanism
is invoked: a random number rand is generated; if rand < P4, an alternative
solution X, is produced by executing either the Opposition-Based Learning (OBL)
strategy or the topological neighborhood search strategy according to the value of
P;. The optimal position for the next generation is then determined by evaluating

14



the fitness among the original position, X, and X;. If the trigger condition is not
met, a binary greedy selection is performed between the original position and X,
with the global optimum being updated synchronously. Simultaneously, the JADE
differential evolution hybrid module allows 30% of the individuals to deviate from
the current strategy by incorporating mutation perturbations to explore new regions
of the search space. If the fitness of the perturbed solution is superior to the original
one, the fitness and the global best value are updated, as mathematically expressed
in Equation (19).The flowchart of DALA is shown in Fig. 2, and The pseudocode of
the ALA algorithm is presented as follows:

Input: Maximum iteration number 7},,,, population size NV, and dimension
size Dim
Output: Global optimal solution Zy,es(t) and its fitness value f,

1 Randomly initialize positions Z; and evaluate initial fitness

2 t=1

3 while t < 7T,,,. do

4 Calculate the value of E using Equation (10) and monotonic selection
probability P, using Equation (12)

5 for each search individual Z; do

6 if £ > 1 then (Exploration phase)

7 Update location using Equation (3) if rand < P, else use Equation (4)

8 else (Exploitation phase)

9 Update location using Equation (5) if rand < P;, else use Equation (8)

10 end

11 Calculate U-shaped trigger probability P, using Equation (16)

12 if rand < P,,;, then (Activate greedy mechanism)

13 Generate Z,;,; using Equation (14) if rand < P;, else use Equa-
tion (15)

14 The fitness of the three is compared, and the best fitness is selected

15 end

16 if rand < 0.3 then Execute differential evolution module Equation (21)

17 end

18 The current optimal value is recorded

19 t=1t+1

20 end

Algorithm 2: Pseudocode of the Dual-Stage Guided Artificial Lemming Algorithm

15



(DALA)

3.5. Complexity Analysis

The time complexity of the DALA algorithm primarily stems from population
initialization, adaptive ranking, position update, and hybrid strategies. Let N be
the population size, d the dimensionality, 7" the maximum number of iterations, and
C' the cost of a single function evaluation.

Building upon the base ALA algorithm complexity O(ALA) = O(N x (14T x
d+T)), the DALA algorithm incorporates the following enhancement strategies:

1. Adaptive Ranking and Sorting: In each iteration, sorting the population
to compute the rank-based selection probability Rank; adds a complexity of
O(T x NlogN);

2. Strategy Linkage: The hybrid strategy incorporating topological neighbor-
hood search requires calculating the distance matrix among individuals, result-
ing in a time complexity of O(T x N?);

3. JADE and Selective Greedy Mechanism: The JADE differential evolu-
tion module and the multiple fitness evaluations in the selective greedy mech-
anism contribute approximately O(T' x N x d+2.3 x T'x N x C).

Considering the core position update process and the aforementioned enhance-
ments, the overall time complexity of the DALA algorithm is:

O(DALA)=O(N xd+T x (N*+ NlogN + N xd+2.3 x N x C))
Simplifying by retaining the dominant terms yields:
O(DALA) = O(T x N* +T x N x (d+ C))

Although the computational complexity of DALA is higher than that of the basic
ALA due to the introduced enhancement strategies, experimental results demon-
strate that the optimization performance and convergence speed of the DALA algo-
rithm are significantly improved, which justifies the additional computational cost.
The proposed hybrid strategy and DE module effectively enhance the algorithm’s
exploration and exploitation capabilities, facilitating escape from local optima and
enabling the attainment of superior solutions.Figure 2 shows the workflow of the
DALA algorithm.
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4. Experimental results and discussion

All experiments in this study were conducted on a laptop running the Windows
11 (64-bit) operating system, equipped with an Intel(R) Core(TM) i7-14650HX pro-
cessor at 2.20 GHz and 16 GB of RAM, utilizing MATLAB R2022b software. To
comprehensively evaluate the proposed DALA algorithm, this section is divided into
two main parts. First, analytical experiments on the algorithm itself are conducted,
which include parameter sensitivity analysis and ablation studies. Subsequently,
the optimization performance of DALA is systematically verified through rigorous
comparisons with various competitive algorithms on standard benchmark test suites.

For each algorithm, the number of individuals is set to N = 30, the maximum
number of iterations T = 500, and the problem dimension dim = 30. Each of the
nine algorithms is independently executed 30 times to obtain the mean and standard
deviation, and rankings are determined based on these performance metrics.

4.1. Algorithm analysis and verification
4.1.1. Parameter sensitivity analysis

Detailed parameter sensitivity experiments were performed on the critical rank
mapping exponent (Rank Power) and the JADE mutation trigger probability. Ten
representative functions were selected from the IEEE CEC2017 benchmark suite to
evaluate the experimental efficacy, including two unimodal functions (F1, F3) to
assess exploitation and convergence speed, four multimodal functions (F5, F8, F10,
F19) to examine the algorithm’s capability in escaping local optima, and four compo-
sition functions (F22, F24, F28, F30) to investigate performance in complex hybrid
scenarios. By systematically adjusting the exponent k of the rank mapping function
f(r) = r* within the interval [1,2,3] and changing the p parameter of the JADE
operator, which controls the mutation weight, within the range of [0.3,0.6,0.9], the
sensitivity of convergence accuracy and success rate to these parameter fluctuations
was rigorously evaluated, the results of which are summarized in Table (1).

The algorithm adopts the fourth parameter configuration (o = 0.3, A = 2) as the
optimal setting. In the JADE mutation operator, the parameter p determines the
selection range of the guiding vector mi’est’ 7 As p approaches 0, the operator degrades
into the DE /current —to—best /1 strategy, which increases the convergence pressure
toward the current global best solution and facilitates intensive local exploitation.
Conversely, as p increases, the expanding pool of candidate individuals enhances the
diversity of the mutant vector v; 4, thereby assisting the algorithm in escaping local
stagnation. However, an excessively large p may hinder the convergence process. Ex-
perimental results indicate that setting o = 0.3 achieves an effective balance between
introducing potential solutions and ensuring local exploitation, yielding the optimal
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Table 1: Parameter sensitivity analysis of different algorithm configurations

F Metric a=0.3 a=0.6 a=0.9 a=0.3 a=0.6 a=0.9 a=0.3 a=0.6 a=0.9
A=1 A=1 A=1 A=2 A=2 A=2 A=3 A=3 A=3
Avg 5.00E+-03 3.96E+4-03 3.45E4-03 2.94E+-03 3.83E4-03 5.14E+03 1.97E4-03 3.18E+4-03 4.35E+-03
F1 Std 4.58E+03 4.60E+-03 3.58E+03 3.71E+03 4.11E4-03 5.69E4-03 1.68E+03 3.37E+03 3.78E+03
Rank 8 6 4 2 5 9 1 3 7
Avg 4.46E+-03 6.32E-+03 6.35E-+03 3.56E+4-03 3.28E+-03 4.68E+-03 3.22E4-03 4.38E+-03 4.82E+-03
F3 Std 2.38E4-03 5.42E4-03 3.83E4-03 2.27TE4-03 1.46E-+03 4.11E+03 2.08E4-03 2.36E4-03 2.78E4-03
Rank 5 8 9 3 2 6 1 4 7
Avg 5.85E4-02 5.73E+02 5.70E+-02 5.79E+02 5.77E+-02 5.83E4-02 5.91E+02 5.84E+02 5.83E+402
F5 Std 2.54E+01 2.68E+01 1.77E+401 2.09E+01 2.10E+4-01 2.22E-+01 2.01E+01 2.21E401 2.41E+401
Rank 8 2 1 3 5 9 7 6 4
Avg 8.71E-+02 8.70E-+02 8.70E+4-02 8.81E+4-02 8.73E+402 8.74E+02 8.84E+-02 8.80E+-02 8.79E+4-02
F8 Std 2.18E+01 2.28E+01 1.73E+01 1.35E+01 2.23E+401 1.61E+01 1.88E+01 2.35E+01 1.98E+01
Rank 3 1 2 8 4 5 9 7 6
Avg 4.74E+03 4.99E+-03 5.15E+03 4.87TE+03 5.06E+-03 5.04E+03 5.04E4-03 5.08E4-03 4.90E+03
F10 Std 7.23E4-02 7.32E4-02 8.62E4-02 6.13E+4-02 6.40E+-02 7.21E4-02 7.58E4-02 7.23E4-02 7.81E4-02
Rank 1 4 9 2 7 6 5 8 3
Avg 2.45E4-03 3.45E+03 2.93E+03 2.17E+03 3.07E+-03 2.25E+03 2.34E+03 2.52E+03 2.17E+403
F19 Std 7.24E+02 4.50E+-03 2.02E+03 5.95E+402 3.68E+03 6.38E+-02 1.24E+03 1.59E+-03 3.04E+02
Rank 5 9 7 2 8 3 4 6 1
Avg 3.92E4-03 5.06E+4-03 4.44E+03 4.07E+03 4.53E+03 4.33E+03 4.33E+03 4.08E+03 4.50E+03
F22 Std 2.03E4-03 2.24E+03 2.25E+03 2.05E+03 2.07E+03 2.10E+03 2.28E+03 1.88E+03 2.18E+03
Rank 1 9 6 2 8 4 5 3 7
Avg 2.90E+03 2.90E+03 2.89E4-03 2.90E+03 2.89E4-03 2.90E+03 2.90E+03 2.90E4-03 2.92E4-03
F24 Std 2.94E4-01 2.81E4-01 2.03E4-01 1.83E+01 2.88E+4-01 2.18E4-01 2.39E4-01 3.06E4-01 4.02E+01
Rank 5 4 1 3 2 7 6 8 9
Avg 3.21E4-03 3.22E+03 3.22E+03 3.22E+403 3.22E4-03 3.21E4-03 3.22E4-03 3.22E+03 3.22E+03
F28 Std 3.58E+-01 3.29E+01 3.93E+01 2.13E+01 2.66E+4-01 2.01E-+01 1.89E+01 3.37E+01 2.10E+01
Rank 1 4 9 8 5 2 3 6 7
Avg 1.07E+04 1.11E+04 1.06E+04 1.00E-+04 1.02E-+04 9.44E+03 9.34E+-03 1.01E+04 1.05E+04
F30 Std 3.64E+03 3.76E-+03 3.56E-+03 3.66E+03 3.67E+403 2.86E-+03 3.70E+03 3.47E-+03 3.27E+03
Rank 8 9 7 5 2 1 1 4 6
Average rank 4.500 5.600 5.500 3.500 5.200 4.900 4.600 5.300 5.900
Final rank 2 8 7 1 5 4 3 6 9




average rank of 3.500. Furthermore, the rank mapping exponent A\ = 2 outperforms
other settings. Compared to a linear mapping (A = 1), the quadratic distribution
more effectively differentiates the search weights among individuals, providing the
necessary convergence drive during the early stages of optimization. Unlike higher-
order exponents, the quadratic term ensures that mid-ranking individuals retain
reasonable trigger probabilities, maintaining search flexibility for individuals across
different fitness levels.

4.1.2. Ablation Study

To validate the individual contribution of each enhancement to the overall opti-
mization performance of the proposed algorithm, a comprehensive ablation study was
conducted. This analysis independently evaluates the efficacy of the three core com-
ponents integrated into DALA: the adaptive selection probability, the selective greedy
mechanism, and the JADE-based differential evolution hybrid module. Specifically,
three distinct algorithm variants were developed for comparison: EALA (incorpo-
rating the adaptive selection probability into the baseline ALA), CALA (embedding
the selective greedy mechanism), and JALA (integrating the JADE hybrid module).
These variants were rigorously evaluated using unimodal, multimodal, and compo-
sition functions from the IEEE CEC2017 benchmark suite. An ablation factor v is
defined to quantitatively evaluate the importance of the omitted strategy, and its
calculation is given in Equation (22):

~ Jfara
= Fan (22)

In the equation, fapa and fapa; represent the average best fitness values of ALA
and the partially improved versions of ALA, respectively. A larger «v indicates better
optimization performance of the compared algorithm. The results of the ablation
experiment are shown in Table (2). The 7 values of EALA, CALA, and JALA
are generally greater than 1, indicating that any combination of two strategies can
improve the optimization performance of ALA.

Overall, EALA demonstrates superior robustness among the four compared vari-
ants, with its ablation factors consistently stabilizing within the 10~! magnitude.
The nonlinear selection pressure model constructed via P; = (Rank;/N)?* assigns
distinct computational strategies to individuals, validating that such an adaptive
mechanism allocates computational resources more rationally than fixed-probability
approaches and thereby enhances optimization performance. However, in more com-
plex composition functions such as F19, F22, F24, and F28, other strategies exhibit
improvements that significantly outperform EALA, suggesting that the effective-
ness of the adaptive selection mechanism alone is relatively limited in irregular and
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Table 2: Ablation Experiment Results

Y ALA/DALA ALA/EALA ALA/CALA ALA/JALA
F1 2.87TE+02 3.20E+00 2.66E+02 2.44E+02
F3 5.79E+00 1.33E-+00 2.37E+00 1.90E-+00
F5 1.04E-+00 1.01E+00 9.71E-01 1.05E+-00
F8 1.04E-+-00 1.02E+00 1.02E+00 1.05E+00
F10  1.11E+00 1.03E+-00 1.03E+00 1.02E+4-00
F19  5.93E+00 1.25E+00 1.92E+00 1.01E+01
F22  1.70E+00 1.02E+00 1.36E+00 1.42E-+00
F24  1.02E+00 1.00E+00 1.01E+00 1.02E+-00
F28  1.08E+00 1.02E+00 1.07E-+00 1.07E+00
F30  7.78E+00 2.56E+00 5.30E+00 4.80E+-00

complex search spaces. In contrast, while CALA and JALA suffer from fluctuat-
ing convergence and lower robustness across diverse functions, they achieve superior
results in composition functions.

Due to the inherent limitations of their respective operators, only offer improve-
ments on specific problems. This study integrates multiple enhancement strategies
into DALA, the core of which lies in the establishment of a coordinated feedback
architecture. The ranking-based probability strategy is utilized for the allocation
of search tasks: assigning exploitation-type tasks to elite individuals within high-
potential regions, while individuals in low-potential regions execute random search
behaviors. However, intensive local exploitation behaviors inevitably lead to popula-
tion aggregation. To address this, the integrated JADE mutation operator introduces
stochastic perturbations to break the limitations of the original search paths within
a localized scope, thereby preventing premature convergence. Experimental results
demonstrate that this cooperative mode of search task allocation and correction sig-
nificantly enhances the global robustness of the algorithm, enabling it to exhibit
superior search capabilities compared to single-strategy variants when tackling com-
plex non-linear problems.
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4.2. Benchmark Function Test Analysis

This paper first analyzes the effectiveness of DALA by visualizing its exploration
and exploitation processes. To comparatively evaluate its optimization performance,
eight representative intelligent optimization algorithms were selected: PSO (Particle
Swarm Optimization, Kennedy and Eberhart, 1995), SSA (Sparrow Search Algo-
rithm, Xue and Shen, 2020), ABC (Artificial Bee Colony, Karaboga, 2005), GWO
(Grey Wolf Optimizer, Mirjalili et al., 2014), MVO (Multi-Verse Optimizer, Mir-
jalili et al., 2016), DOA (Dhole Optimization Algorithm, Hamad and Rashid, 2025),
DMOA (Dwarf Mongoose Optimization Algorithm, Agushaka et al., 2022), and ALA
(Artificial Lemming Algorithm, Naderi et al., 2025). The chosen benchmark al-
gorithms include well-established classical algorithms (e.g., PSO, SSA, and ABC),
popular algorithms in recent years (e.g., GWO and MVO), as well as newer algo-
rithms (e.g., DOA, DMOA, and ALA). These algorithms have been widely applied
to continuous optimization and engineering design problems, demonstrating strong
representativeness and comparative value.

4.2.1. Ezperiments on CEC2017 Benchmark Functions

To verify the optimization performance of the DALA algorithm, the IEEE CEC2017
benchmark test functions are used in this paper. The IEEE CEC2017 benchmark
set includes various types of optimization problems such as unimodal, multimodal,
high-dimensional, and noisy functions, which allows for comprehensive coverage of
scenarios that optimization algorithms may encounter, as well as standardized eval-
uation of algorithm applicability and robustness.As shown in Table 3, the CEC2017
benchmark includes a total of 29 functions (with function F2 removed due to insta-
bility in high-dimensional cases). Among them, F1 and F3 are unimodal functions;
F4-F10 are basic multimodal functions; F11-F20 are hybrid functions; and F21-F30
are composition functions. The dimensionality can be selected from 10, 30, 50, or 100
dimensions. As dimensionality increases, these functions become extremely difficult
to solve, and the runtime also increases significantly.

Statistical and Convergence Curve Analysis Using CEC2017 Test Functions. Ta-
ble 4 presents the comparison results of the DALA algorithm and six other algorithms
on the IEEE CEC2017 benchmark test functions. The data in the table represent
the average and standard deviation obtained over 30 independent runs, with the best
average value highlighted in bold. From the test results shown in the table, it can be
observed that the DALA algorithm demonstrates strong optimization performance on
the CEC2017 benchmark functions. The mean results indicate that DALA achieved
the optimal fitness value in 24 out of 29 test functions. Among the unimodal func-
tions, DALA’s mean value ranked second only to SSA on F1, while being significantly
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smaller than other algorithms, and secured the first place on F3.0n the multimodal
functions F4-F10, DALA obtained the minimum value in 6 functions, demonstrating
its excellent local exploitation capability in handling complex multimodal problems.
For the hybrid functions F11-F20, DALA achieved the smallest fitness values across
all 10 functions. Particularly on F14, DALA’s mean value (1.52E+03) maintained
a clear advantage over the second-best algorithm ALA (1.85E+03), proving the al-
gorithm’s robustness in handling hybrid characteristic problems.On the composition
functions F21-F30, DALA achieved optimal results in 8 functions, slightly under-
performing compared to DMOA and SSA only on F27 and F28 respectively, while
maintaining overall leading performance. Regarding standard deviation, DALA ex-
hibited relatively small values across most functions, such as a mere 1.42E-+00 on
F6, indicating excellent algorithm stability and convergence consistency with reduced
susceptibility to local optima.

Figure 5 presents the convergence curves of DALA and other comparison al-
gorithms. It can be observed that DALA delivers favorable convergence speed and
accuracy across these test cases. For the unimodal functions F1 and F3, both DALA
and PSO converge rapidly in the early iterations, while the remaining algorithms offer
similar convergence precision. On the multimodal functions F4-F10, DMOA, ABC,
and MVO show poor convergence performance. Although DALA initially converges
similarly to other algorithms, a noticeable inflection point emerges in its curve as the
search strategy shifts from opposition-based learning to a topological neighborhood
strategy in the later phase, leading to significantly accelerated convergence speed
and ultimately a far better mean fitness than the other algorithms. For the hybrid
functions F11-F20, DALA demonstrates stable performance and the most superior
solution quality across different functions, while PSO also exhibits competitive search
efficiency. On the complex composition functions F21-F30, DALA, ALA, GWO, and
MVO all achieve relatively good results, with the effectiveness of the improved strat-
egy in DALA over the later stage of ALA being clearly evident. Overall, the results
indicate that DALA successfully maintains exploration and exploitation in the early
search phase and, by switching strategies in the later stage, escapes local optima to
achieve higher-precision convergence, validating the effectiveness of the incorporated
strategies.
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Table 3: CEC2017 Test Functions

Function Function Name Optimal Value
F1 Shifted and Rotated Bent Cigar Function 100
F3 Shifted and Rotated Zakharov Function 300
F4 Shifted and Rotated Rosenbrock’s Function 400
F5 Shifted and Rotated Rastrigin’s Function 500
F6 Shifted and Rotated Expanded Scaffer’s F6 Function 600
F7 Shifted and Rotated Lunacek Bi-Rastrigin Function 700
F8 Shifted and Rotated Non-Continuous Rastrigin’s Function 800
F9 Shifted and Rotated Lévy Function 900
F10 Shifted and Rotated Schwefel’s Function 1000
F11 Hybrid Function 1 (N = 3) 1100
F12 Hybrid Function 2 (N = 3) 1200
F13 Hybrid Function 3 (N = 3) 1300
F14 Hybrid Function 4 (N = 4) 1400
F15 Hybrid Function 5 (N = 4) 1500
F16 Hybrid Function 5 (N = 4) 1600
F17 Hybrid Function 6 (N = 4) 1700
F18 Hybrid Function 6 (N = 5) 1800
F19 Hybrid Function 6 (N = 5) 1900
F20 Hybrid Function 6 (N = 6) 2000
F21 Composition Function 1 (N = 3) 2100
F22 Composition Function 2 (N = 3) 2200
F23 Composition Function 3 (N = 4) 2300
F24 Composition Function 4 (N = 4) 2400
F25 Composition Function 5 (N = 5) 2500
F26 Composition Function 6 (N = 5) 2600
F27 Composition Function 7 (N = 6) 2700
F28 Composition Function 8 (N = 6) 2800
F29 Composition Function 9 (N = 3) 2900
F30 Composition Function 10 (N = 3) 3000
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Table 4: Statistical Results of Experiments Using CEC2017 Test Functions

Function DALA ALA DOA DMOA MVO PSO GWO SSA ABC
Mean Mean Mean Mean Mean Mean Mean Mean Mean
Std Std Std Std Std Std Std Std Std
F1 4.31E+03 2.11E+06 4.84E+10 2.12E+08 2.24E+06 3.22E+06 3.40E+09 5.20E+03 2.88E+07
4.73E4-03 2.03E+06 9.40E+09 1.25E+08 8.51E+05 1.26E+06 2.28E+09 5.27E+03 1.56E+07
F3 6.08E103 2.79E+04 7.78E+04 3.99E+05 2.25E+04 4.33E4-04 6.37TE+04 4.69E+04 1.58E+05
3.32E+03 7.43E+03 1.15E+04 1.30E+4-05 1.09E+04 1.35E+04 1.27E+04 8.32E+03 2.41E+04
F4 4.81E4-02 5.25E-+02 1.14E+04 6.60E+02 5.03E+02 4.73E+02 6.77E+02 5.00E+02 5.68E+02
2.48E+01 3.92E4-01 2.50E+03 8.41E+01 1.60E4-01 2.01E+01 1.27E+02 3.31E+01 2.06E+01
F5 5.80E+402 6.10E4-02 8.68E-+02 7.56E+02 6.31E-+02 6.99E-+02 6.31E-+02 7.50E-+02 7.36E+02
2.30E+01 2.57TE+01 4.96E4-01 2.18E+01 4.01E4-01 3.05E+01 4.24E+01 4.64E4-01 1.07E+01
F6 6.03E+02 6.12E-+02 6.77TE+02 6.13E+02 6.32E+02 6.48E+02 6.13E+02 6.45E-+02 6.04E+02
2.66E-+00 4.95E4-00 1.14E+01 3.96E+00 1.14E+01 7.22E+00 5.25E+00 9.71E+00 1.00E+00
F7 8.44E-+02 8.98E+02 1.38E+03 9.99E+02 8.76 E+02 9.42E+02 9.30E+02 1.17E+03 9.84E+02
3.35E+01 4.21E+401 8.39E+01 1.58E+01 3.59E+01 3.84E+01 5.23E+01 1.15E+402 1.37E+01
F8 8.89E402 9.18E-+02 1.11E+03 1.06E+03 9.36 E+02 9.49E-+02 9.06 E-+02 9.83E+02 1.04E+03
2.01E+01 4.05E4-01 3.75E+01 1.73E4-01 3.81E+01 2.56E+01 4.02E4-01 2.31E+01 1.27E4-01
F9 1.35E+403 2.76E+03 1.06E+404 5.18E-+03 6.80E+03 6.59E-+03 2.87TE+03 5.31E+03 2.09E+03
3.70E4-02 9.11E4-02 2.15E+03 1.67E+03 3.08E+03 1.67E+03 1.16E+03 3.99E+02 4.06E4-02
F10 5.11E+03 6.01E4-03 8.69E+03 9.36E+03 4.74E+03 4.89E+-03 5.14E+03 5.30E+03 8.53E+03
7.08E+02 9.46E+-02 6.86E+02 3.06E+02 7.18E+02 6.37E+02 1.19E+03 7.00E+02 3.27TE+02
F11 1.20E+03 1.26E+03 7.40E+03 1.10E+04 1.33E+03 1.25E4+03 3.05E+03 1.30E+03 1.61E+03
4.44E+01 4.05E+01 4.01E+03 3.85E+03 5.38E-+01 5.07E+01 2.03E+03 7.72E+01 1.19E+4-02
F12 1.45E+05 2.87E+06 8.12E+09 3.70E+08 1.25E+07 2.30E+06 6.57TE+07 1.21E+06 1.77E+407
1.82E+05 2.04E+06 5.04E+09 1.43E4-08 9.68E+06 1.87E+06 4.78E4-07 1.05E4-06 7.35E+06
F13 1.46E+04 5.26 E-+04 3.17E+09 3.87TE+06 1.68E+4-05 3.43E+04 6.70E+07 2.21E+04 1.64E+404
1.49E+04 4.15E4-04 3.59E+09 4.60E4-06 1.07E+05 1.80E+04 1.52E+08 1.79E+04 1.14E+04
Fl14 1.59E+03 1.86E+03 4.06E4-05 4.13E405 5.91E+04 3.28E+04 6.37E+05 6.59E+04 1.54E+405
8.07TE+01 2.13E+02 7.02E+05 2.68E+05 4.61E404 3.05E+04 6.42E+05 6.12E+04 1.35E+05
F15 5.87E403 2.61E+04 1.06E+07 6.99E+05 6.41E+04 7.68E+03 2.43E+06 1.39E+04 6.53E+03
7.88E+03 1.35E+04 5.08E+07 4.81E405 3.81E+04 7.54E+03 5.88E-+06 1.02E+4-04 4.75E403
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Table 5: Statistical Results of Experiments Using CEC2017 Test Functions (continued)

Function DALA ALA DOA DMOA MVO PSO GWO SSA ABC
F16 2.44E4+03  2.73E+4+03  4.53E403 4.08E+4-03 2.90E4+03  2.79E+03 2.65FE4-03 2.80E+03  3.49E+03
2.76E+02 2.2TE+02  9.20E+02 2.44E402 3.03E+02  2.98E+02 4.16E4-02 3.69E402 1.38E+02
F17 1.99E403  2.16E+03  2.74E103 3.04E+403 2.28E403  242E+403 2.17E+403 2.57E+03  2.43E+03
1.38E+02 1.93E4+02  3.70E-02 1.32E402 2.10E+02  2.90E-+02 1.82E+02 2.57E+02  1.16E-+02
F18 3.89E4+04  881E+04  1.87E406 1.94E+07 9.32E405  1.29E-+06 2.94E+06 8.43E+05  6.36E-+06
3.31E4-04 6.01E4+04  4.37E+06 9.33E+4-06 7.68E+05  1.29E+06 4.7TE406 9.80E+05  2.62E+06
F19 3.39E4+03  225E+04  3.59E407 1.35E+05 2.15E4+06  1.25E+04 1.64E+06 9.94E+03  1.34E+04
3.42E403 1.94E404  7.81E+07 1.62E+05 1.71E406  8.41E+03 1.54E+06 1.32E4+04  2.16E+04
F20 2.36E+03  256E+03  2.838E+403 3.16E+403 2.61E+03  2.63E-+03 2.50E+4-03 2.77E+03  2.82E+03
1.68E+02 2.01E+02  2.34E+02 1.80E+02 1L97E+02  2.15E402 1.72E+02 2.34E402 1.12E+02
F21 2.38E+4-03 2.40E+03  2.67E+03 2.56E+4-03 242E403  250E4+03  2.40E+03  250E+03  2.52E+03
2.00E+01 2.55E4+01  7.17E+01 1.44E+401 4.31E401  4.10E+01 3.12E+01 5.91E-+01 1.44E+01
F22 4.18E403  6.53E4+03  8.09E103 1.06E+04 5.20E403  5.41E+03 5.45E+03 5.76E+03  5.03E+03
2.10E+03 2.05E+03  1.19E+03 3.04E+02 1.94E+03  2.14E+03 2.04E+03 2.20E4+03  2.78E-+03
F23 2.72E4+03  2.78E+03  3.33E403 2.93E4-03 2.78E+03  3.16E+03 2.81E+403 2.92E4+03  2.88E+03
2.19E+01 3.91E+01 1.50E+02 1.79E+01 4.59E+01 1.59E+02 5.64E+01 7.66E+01 1.15E+01
F24 2.90E+03  296E+03  3.56E403 3.10E+403 2.93E4+03  3.19E+03 2.97E+403 3.09E4+03  3.04E-+03
1.89E+01 3.76E+01 1.88E+02 1.71E+01 3.77TE4+01  9.24E101 7.10E+01 7.73E+01 1.39E+01
F25 2.89E+03  291E+03  4.95E403 2.97E+403 2.90E4+03  2.91E+03 3.00E+03 2.80E+03  2.92E+03
9.17E400 1L74E+01  7.99E-02 2.57E+01 1.96E+01  2.28E+01 3.81E+01 1.33E+01 1.05E+01
F26 4.53E403  4.94E+4+03  1.02E+04 5.96E-+03 4.81E4+03  6.46E+03 5.05E403 6.12E+03  5.95E+03
5.29F4-02 570E4+02  1.37E+03 1.59E+02 7.70E4+02  1.88E+03 3.83E4-02 1.28E403 1.33E-+02
F27 3.23E4-03 3.23E4+03  3.82E+03  3.20E+03  3.24dE+03  3.33E+03 3.27TE+03 3.27TE+03  3.24E+03
2.36E+01 1.95E401  4.22E+02 5.93E-05 2.32E401 1.66E-+02 2.73E+01 3.78E4+01  6.68E+00
F28 3.22E+03  3.38E+03  6.57E403 3.30E+03 3.26E+03  3.25E+03 3.46FE+403 3.23E403  3.33E+03
1.67E-+01 4.99E102  9.56E402 2.16E-01 442E101  3.32E401 8.25E+01 2.34E4+01  2.97E101
F29 3.76E+03  4.01E+03  5.75E403 5.06E+403 4.09E+03  4.31E+03 3.90E+03 4188403  4.52E403
3.02E4-02 2.86E+02  9.21E-+02 3.49E402 2.52E4+02  2.93E+02 2.02E402 2.69E+02  1.75E+02
F30 1.01E4+04  5.67E4+04  4.01E+08 2.71E+05 4.32E106  1.76E+05 1.24E+07 2.01E+04  3.08E+05
3.43E403 7.20E4+04  8.23E+08 2.70E+4-05 3.02E406  1.30E+05 1.05E407 1.43E404  2.32E+05
+/—/= 27/2/0 29/0/0 24/4/1 24/4/1 26/2/1 26/2/1 25/4/0 27/2/0
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Figure 3: Convergence Curves of Experiments Using CEC2017 Test Functions
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Figure 4: Convergence Curves of Experiments Using CEC2017 Test Functions
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Figure 5: Convergence Curves of Experiments Using CEC2017 Test Functions

Friedman Test. The Friedman test is a non-parametric statistical method com-
monly used at a significance level of 0.05 to determine whether performance differ-
ences among multiple algorithms across multiple problems are statistically significant.
This test ranks the performance of each algorithm on each problem, with a smaller
rank indicating better performance. A key indicator in the test results is the p-value;
the smaller the p-value, the more significant the differences among the algorithms.
Additionally, the test table includes SS (sum of squares), df (degrees of freedom),
MS (mean square, SS divided by df), and the chi-square statistic, which are used to
assess the significance of performance differences among algorithms.As shown in the
results in Table 6, the p-value obtained is 5.4012 x 10~°, which is far below 0.05,
indicating that there are significant differences in both accuracy and computational
time.

Table 6: Friedman Analysis of Variance

Source SS df MS Chi-sp Prob>Chi-sp
Columns 102.1 8 12.7625 33.3161 5.4012 x 107°
Error 633.4 232 2.7302 - -

Total 735.5 269 - - -
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Table 7 shows that DALA achieved the highest ranking with an average rank of
3.67. ALA and MVO secured the second and third positions with average ranks of
4.53 and 4.77, respectively. SSA, PSO, GWO, and ABC followed in the fourth, fifth,
sixth, and seventh places, while DOA and DMOA ranked last with average ranks of
5.55 and 5.85.

Table 7: Algorithm Rankings Based on Friedman Test

Algorithms DALA ALA DOA DMOA MVO PSO GWO SSA ABC
Avg. Rank 1.13 3.63 8.6 7.2 4.17  4.67 5.4 4.7 5.5
Rank 1 2 9 8 3 4 6 ) 7

Analysis of Wilcoxon Signed-Rank Test Results. Table 4 presents the results of
the Wilcoxon signed-rank test for the DALA algorithm compared to eight other con-
trasting algorithms on the IEEE CEC2017 benchmark functions. The significance
level is set at 5%. The symbol "+" indicates that DALA significantly outperforms
the contrasting algorithms on that function, "-" indicates significant inferiority, and
"=" indicates no significant difference. The above experiments demonstrate that
DALA has better optimization performance and improvement compared to the orig-
inal algorithm and other algorithms.
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Table 8: Wilcoxon signed-rank test results for CEC2017 functions

Function ALA DOA DMOA MVO PSO GWO SSA ABC

F1 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 5.71E-02 1.73E-06
F2 1.73E-06 1.92E-06 1.73E-06 6.34E-06 2.83E-04 1.73E-06 2.05E-04 1.73E-06
F3 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06
F4 2.16E-05 5.32E-03 1.73E-06 1.32E-02 4.65E-01 1.92E-06 1.96E-02 1.73E-06
F5 1.48E-03 1.73E-06 1.73E-06 2.83E-04 1.73E-06 3.72E-05 1.73E-06 1.73E-06
Fé6 2.88E-06 1.73E-06 2.88E-06 1.92E-06 1.73E-06 2.13E-06 1.73E-06 9.84E-03
k7 2.77E-03 1.73E-06 1.73E-06 3.61E-03 6.98E-06 8.31E-04 1.73E-06 1.73E-06
F8 8.73E-03 1.73E-06 1.73E-06 3.88E-06 1.92E-06 5.22E-06 1.73E-06 1.73E-06
F9 1.74E-04 3.18E-06 1.73E-06 2.35E-06 1.73E-06 3.72E-05 1.73E-06 1.74E-04
F10 1.96E-03 1.73E-06 1.73E-06 4.05E-01 3.82E-01 7.50E-01 8.22E-03 1.73E-06
F11 1.40E-02 1.49E-05 1.73E-06 3.88E-06 7.04E-01 1.73E-06 3.32E-04 1.73E-06
F12 1.73E-06 1.92E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06
F13 2.11E-03 2.45E-01 1.73E-06 1.73E-06 5.19E-02 1.73E-06 1.92E-01 6.14E-01
F14 1.80E-05 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06
F15 5.31E-05 3.87E-02 1.73E-06 1.73E-06 4.11E-03 1.73E-06 7.71E-03 1.17E-02
F16 3.16E-03 3.18E-06 1.73E-06 1.64E-05 1.06E-04 1.53E-01 8.92E-05 1.73E-06
F17 1.36E-04 1.73E-06 1.73E-06 4.20E-04 1.24E-05 1.59E-01 2.13E-06 1.92E-06
F18 8.22E-02 5.22E-06 1.73E-06 1.73E-06 3.52E-06 1.73E-06 2.35E-06 1.73E-06
F19 6.34E-06 1.57TE-02 1.73E-06 1.73E-06 3.32E-04 1.73E-06 1.49E-05 3.11E-05
F20 9.71E-05 1.73E-06 1.73E-06 1.36E-04 5.22E-06 7.27E-03 1.92E-06 1.92E-06
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Table 9: Wilcoxon signed-rank test results for CEC2017 functions (continued)

Function ALA DOA DMOA MVO PSO GWO SSA ABC

F21 1.49E-05 1.73E-06 1.73E-06 2.60E-06 1.80E-05 1.97E-05 1.73E-06 1.73E-06
F22 2.22E-04 6.58E-01 1.73E-06 3.87E-02 2.99E-01 2.56E-02 3.33E-02 2.56E-02
F23 2.77E-03 1.73E-06 1.73E-06 1.13E-05 1.73E-06 1.13E-05 1.73E-06 1.73E-06
F24 6.32E-05 1.73E-06 1.73E-06 6.89E-05 1.73E-06 1.13E-05 1.73E-06 1.73E-06
F25 1.97E-05 1.97E-05 1.73E-06 2.07E-02 1.96E-03 1.73E-06 4.17E-01 2.35E-06
F26 8.94E-04 5.29E-04 1.73E-06 1.20E-01 1.48E-02 8.22E-03 3.88E-04 1.73E-06
F27 9.92E-01 8.73E-03 1.73E-06 4.53E-01 1.29E-03 5.29E-04 8.92E-05 3.82E-01
F28 1.73E-06 1.02E-05 1.73E-06 4.73E-06 2.22E-04 1.73E-06 7.19E-02 1.73E-06
F29 8.94E-04 1.97E-05 1.73E-06 1.64E-05 4.73E-06 7.27E-03 1.49E-05 1.73E-06
F30 2.35E-06 3.88E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 2.41E-04 1.73E-06
+/—-/= 27/2/0 27/2/0 29/0/0 27/2/0 24/4/1 26/3/0 23/4/2 27/2/0




4.2.2. Experiments on CEC2020 Benchmark Functions

To further verify the optimization performance of the DALA algorithm, the IEEE
CEC2020 benchmark test functions are used in this paper. The IEEE CEC2020
benchmark function set is an important standard for evaluating the performance of
single-objective constrained optimization algorithms. As shown in Table 10, this test
set includes 10 complex continuous optimization problems, covering various function
types such as unimodal functions (F1-F3), multimodal functions (F4-F7), and com-
position and rotation functions (F8-F10), designed to assess the algorithm’s search
ability and robustness in high-dimensional spaces (dimensions of 5, 10, 15, and 20).

For each algorithm, the number of individuals is set to N = 30, the maximum
number of iterations is 7" = 500, and the problem dimension is dim = 20. Each of
the nine algorithms is independently executed 30 times to obtain the average and
standard deviation for each, and rankings are determined based on these performance
metrics.

Table 10: CEC2020 Test Functions

Function Function Name Optimal Value
F1 Shifted Sphere Function 100
F2 Shifted Schwefel’s 1.2 Function 200
F3 Shifted Rosenbrock Function 300
F4 Shifted Rastrigin Function 400
F5 Shifted Griewank Function 500
F6 Shifted Ackley Function 600
F7 Shifted Weierstrass Function 700
F8 Shifted HappyCat Function 800
F9 Shifted HGBat Function 900
F10 Expanded Schaffer’s F6 Function 1000

Statistical and Convergence Curve Analysis Using CEC2020 Test Functions. Ta-
ble 11 presents the comparison results of the DALA algorithm and six other al-
gorithms on the IEEE CEC2020 benchmark test functions. The data in the table
represent the mean and standard deviation of 30 independent processes, with the
best mean values highlighted in bold. From the test results presented in the table,
it can be observed that the DALA algorithm exhibits commendable optimization
capabilities in the IEEE CEC2020 benchmark function tests. The mean results in-
dicate that DALA achieves optimal values for the average fitness on seven functions.
Compared to the original ALA algorithm, DALA outperforms ALA in terms of av-
erage fitness on nine functions, excluding F5. For the unimodal functions F1 and
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F3, the optimization performance of DALA and ALA significantly surpasses that
of the other comparative algorithms, demonstrating the effectiveness of the original
algorithm’s strategy on simple functions. Among the multimodal functions F4-F7,
DALA demonstrates a substantial advantage over other functions in solving prob-
lems F5 and F7, while both ALA and MVO can achieve high-precision convergence.
For the hybrid functions F8-F10, DALA and MVO exhibit superior performance,
with DALA achieving optimal values on two of these functions. Overall, the data
in the table suggest that DALA is well-balanced in solving both simple and com-
plex functions, exhibiting commendable performance across various function tests.
Additionally, the standard deviation values of DALA are significantly lower than
those of other algorithms, indicating stable algorithm results, effective solutions, and
resistance to local optima.

Figure 6 shows the convergence curves of DALA and other comparison algo-
rithms. It can be observed that in these test cases, DALA exhibits rapid convergence
speed and high convergence accuracy. For unimodal functions, DALA’s early con-
vergence speed is not significantly different from the original algorithm, but in the
latter half of the process, DALA switches strategies to accelerate local exploration,
thereby significantly improving the convergence speed and ultimately achieving the
best fitness among the nine algorithms. On unimodal functions F1-F3, Particle
Swarm Optimization (PSO), Simulated Annealing (SSA), and DALA demonstrate
rapid convergence speed in early iterations, while Grey Wolf Optimization (GWO),
Artificial Bee Colony Algorithm (ABC), and Sparrow Swarm Optimization (MVO)
provide similar convergence accuracy. On multimodal functions F4-F7, the charts
show that on three functions (F5, F6, and F7), ALA and DALA exhibit significantly
better convergence performance in the middle and later stages compared to other
algorithms, while the Dynamic Multi-Objective Optimization Algorithm (DMOA)
demonstrates poor convergence results. On hybrid functions F8F10, ALA performs
well in the middle and later stages, and GWO performs well in the early stages,
making them competitive.

Friedman Test.The Friedman test is a non-parametric statistical method com-
monly used at a significance level of 0.05 to determine whether performance differ-
ences among multiple algorithms across multiple problems are statistically significant.
This test ranks the performance of each algorithm on each problem, with a smaller
rank indicating better performance. A key indicator in the test results is the p-value;
the smaller the p-value, the more significant the differences among the algorithms.
Additionally, the test table includes SS (sum of squares), df (degrees of freedom),
MS (mean square, SS divided by df), and the chi-square statistic, which are used
to assess the significance of performance differences among algorithms. As shown in
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Table 11: Statistical Results of Experiments Using CEC2020 Test Functions

Function DALA ALA DOA DMOA MVO PSO GWO SSA ABC
Mean Mean Mean Mean Mean Mean Mean Mean Mean
Std Std Std Std Std Std Std Std Std
F1 7.88E+02 5.18E+03 4.92E+03 1.88E+-06 2.75E+05 1.46E+05 8.42E-+08 2.96E+03 3.20E+05
8.27E+02 3.74E+03 3.88E+03 3.32E+06 8.80E+-04 8.81E+04 7.68E+08 3.82E+03 4.08E4-05
F2 2.36E4-03 3.14E+03 5.09E+03 5.70E+03 3.09E+403 2.88E+03 2.84E-+03 3.056E+03 4.98E+403
4.91E+02 4.47E+02 4.68E+02 2.60E+02 5.57TE+02 5.12E+02 4.63E4-02 5.51E+02 2.62E+02
F3 7.69E+402 7.92E+02 8.94E+02 8.47TE+02 7.91E+02 7.97E+02 7.84E+02 8.93E+02 8.42E+02
1.35E+4-01 2.32E+01 3.80E+01 9.41E+00 1.74E+01 2.44E+01 2.23E+01 4.50E+01 1.03E4-01
F4 1.90E+03 1.91E+03 1.91E+4+03 1.91E403 1.91E+03 1.91E+403 1.99E+03 1.91E+03 1.91E+03
1.27E+400 1.91E+00 3.27E+00 1.27E+00 2.12E+00 2.10E+00 2.50E+02 3.25E400 9.35E-01
F5 1.03E+04 9.11E+403 1.44E+05 1.62E+06 2.55E+05 2.47E+05 1.08E+06 2.44E+05 1.40E+06
1.54E+4-04 5.16E+03 8.75E+04 7.65E+05 2.40E+05 1.88E+4-05 9.83E+05 1.32E+4-05 6.79E+05
F6 1.74E+03 1.81E+03 2.04E+03 2.51E+03 2.01E+03 2.16E+03 2.04E+03 2.00E+03 1.77E+403
1.23E4-02 1.46E+02 2.20E+02 1.51E402 1.66E+02 2.39E+02 2.36E+02 2.31E+02 8.60E+01
F7 2.79E4-03 4.11E403 1.77E+05 5.09E+05 1.00E+05 1.23E+05 2.66E+05 1.20E+05 2.20E+05
5.36 E+02 8.44E+02 1.93E+05 2.99E+05 1.08E+05 1.04E+05 5.06E-+05 9.81E+04 1.29E+05
F8 2.85E+03 3.61E+03 2.94E+03 6.61E+03 3.68E403 3.27E+03 2.91E+03 4.00E+03 2.31E4-03
1.15E+403 1.39E+03 1.52E+03 1.39E+4-03 1.28E+03 1.34E+403 1.10E+03 1.59E+03 1.08E+401
F9 2.85E4-03 2.87TE+03 2.92E+03 2.94E+03 2.86E-+03 3.07E+03 2.87TE+03 2.94E+03 2.91E+03
2.22E+01 2.03E+01 4.83E+01 9.23E+00 2.41E+01 5.95E+01 3.45E+01 6.33E+01 9.69E+00
F10 2.95E+03 2.94E-+03 2.95E+03 2.94E+03 2.92E403 2.95E+03 3.01E+03 2.95E+03 2.93E+03
3.40E+01 3.00E+01 3.16E+01 3.98E+01 2.13E+01 3.31E+01 5.19E+01 3.11E+01 1.97E+401




the results in Table 12, the p-value = 9.893e-06, which is far below 0.05, indicating
that there are significant differences in both accuracy and computational time.

Table 12: Friedman Analysis of Variance

Source SS df MS Chi-sp Prob>Chi-sp

Columns 263.6 & 3295 37.357 9.893e-06
Error 3009 72 4.1792 — —
Total 564.5 &9 - - -

Table 13 shows that DALA achieved the highest ranking with an average rank
of 1.05. ALA, MVO, and SSA secured the second, third, and fourth positions with
average ranks of 4.2, 4.35, and 5.1, respectively. ABC, DOA, and PSO followed in
the fifth, sixth, and seventh places, while GWO and DMOA ranked last in the eighth
and ninth positions.

Table 13: Algorithm Rankings Based on Friedman Test

Algorithm DALA ALA DOA DMOA MVO PSO GWO SSA ABC

Average Rank  1.05 4.2 5.35 7.7 435 5.60 635 5.1 5.3
Rank 1 2 6 9 3 7 8 4 5

Wilcozon Signed-Rank Test. This study conducts the Wilcoxon signed-rank test to
detect significant differences between the algorithms’ behaviors. Table 14 presents
the Wilcoxon signed-rank test results comparing the DALA algorithm with eight
other contrasting algorithms on the IEEE CEC2020 benchmark functions. The data
reveals that for the vast majority of functions, the p values are significantly below the
0.05 significance level, indicating substantial differences between these contrasting al-
gorithms and DALA. These experiments demonstrate that DALA exhibits superior
optimization performance and greater improvement compared to the original algo-
rithm and other algorithms.
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Table 14: Wilcoxon signed-rank test results for CEC2020 functions

Function ALA DOA DMOA MVO PSO GWO SSA ABC

F1 1.13E-05 6.98E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 2.43E-02 1.73E-06
F2 1.80E-05 1.73E-06 1.73E-06 2.37E-05 8.73E-03 2.58E-03 3.41E-05 1.73E-06
F3 2.41E-04 1.73E-06 1.73E-06 3.41E-05 3.41E-05 9.84E-03 1.73E-06 1.73E-06
F4 3.38E-03 1.73E-06 1.73E-06 4.45E-05 2.35E-06 1.73E-06 1.36E-05 1.73E-06
F5 2.06E-01 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06 1.73E-06
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F10 3.39E-01 9.43E-01 1.65E-01 1.57E-02 8.77E-01 4.07E-05 8.29E-01 2.30E-02
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Figure 6: Convergence Curves of Experiments Using CEC2020 Test Functions
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4.3. Constrained Engineering Problem Solving

To evaluate the optimization performance of the DALA algorithm in practical ap-
plications, this paper selects five classic engineering problems for testing: the pressure
vessel design problem, three-bar truss problem, welded beam design problem, gear
train design problem and stepped pulley design problem [31, 32|. The results are as
follows.

4.8.1. Pressure Vessel Design Problem

The pressure vessel design problem aims to adjust design variables such as ma-
terial and wall thickness within specified requirements to minimize weight while
ensuring sufficient strength, thereby guaranteeing safety in high-pressure operating
environments. On this basis, the total manufacturing cost of the pressure vessel is
minimized. This problem considers four variables: shell thickness T, head thick-
ness T}, inner radius R, and pipe length L. The design optimization is subject to
constraints related to material properties, shape, and other factors. The specific
structure of the pressure vessel is shown in Figure 7.

2R L

Ty

Figure 7: Schematic Diagram of the Pressure Vessel Design Problem

The mathematical formulation of the pressure vessel design problem is as follows:
7 - [$1,$2,I’3,I4] - [TsaTh7R7 L] (23)
Objective function:

f(T) = 0.6224z1 25 + 1.7781x522 4 3.1661222, + 19.84x225 (24)
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Counstraints:

9 (T) = =21 +0.0193z5 < 0 (25)
92() = —x3 + 0.00954z3 < 0 (26)
g3(T) = —mala, + gﬁl'g + 1,296,000 < 0 (27)
gu(T) = 24 — 240 < 0 (28)
Variable bounds:
0<z <99, 0<z,<99, 10<z3<200, 10<z, <200 (29)

The experimental results of the pressure vessel design problem are shown in Table 15.
From the data in Table 15, it can be seen that the DALA algorithm obtained a shell
thickness T = 0.7782, head thickness T} = 0.3846, inner radius R = 40.3196, and
length L = 200. At this point, the minimum cost is 5885.3, which is 3.7% higher
than that obtained by the original ALA algorithm. Moreover, among the other six
comparison algorithms tested on the pressure vessel design problem, four algorithms
produced minimum costs greater than 6000. Compared to these six algorithms,
DALA achieves the best optimization performance.This demonstrates that the al-
gorithm can solve engineering problems with geometric constraints more efficiently
than its counterparts, thereby identifying greater potential for weight reduction and
cost savings while simultaneously guaranteeing the structural safety factor.

Table 15: Experimental Results of the Pressure Vessel Design Problem

Algorithm 1 To T3 Ty frest

DALA 0.7782 0.3846 40.3196 200.0000 5885.3
ALA 0.7863 0.3887 40.7404 194.2245 5899.4
DOA 0.8198 0.4114 42.4010 173.1276 5994.5
DMOA 0.8664 0.4338 44.8833 144.9350 6074.9
MVO 1.2921 0.6334 66.0710 10.0000 7689.4
PSO 0.8161 0.4034 42.2867 174.3180 5953.4
GWO 0.7882 0.3944 40.8262 193.2213 5922.2
SSA 0.8566 0.4234 44.3809 150.2673 6033.3
ABC 1.0355 0.5207 53.5306 73.0062 6558.3
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4.3.2. Three-Bar Truss Problem

The challenge of the three-bar truss problem is to create a truss composed of
three bars, where the design optimization involves adjusting parameters such as the
cross-sectional areas and lengths of the bars to achieve the lightest possible structure
that meets strength and stiffness requirements. The structure must exhibit optimal
strength and stiffness while bearing external loads. Stress, deflection, and buckling
constitute three optimization constraints applied to the two optimization variables in
this test, as expressed in Equations (32)—(34). Figure 8 depicts the overall structure
of the three-bar truss. The mathematical formulation of the three-bar truss problem

Figure 8: Schematic Diagram of the Three-Bar Truss Problem

is as follows:

7 =[xy, 15] =[S, So] (30)
Objective function:
F(@) = o9 + 2v21, (31)
Constraints:
gl(?):M_ago (32)
2111y + /222
Px
=2 5<0 33
w(@) = s o (33
P
7)=—" <0 34
0T = —— o< 39
Where:

10 < 2, <200, 10 <a, <200, xy,29 <1
L=100cm, Omax =2kN/cm?, P =2kN
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The experimental results of the three-bar truss problem are shown in Table 16.
From the data presented in Table 16, it can be seen that the DALA algorithm ob-
tained a cross-sectional area S; = 0.7887 for the two side bars and S5 = 0.4082 for the
vertical bar. The experimental results indicate that both DALA and ALA algorithms
found the optimal solution for the three-bar truss problem, significantly outperform-
ing the other algorithms. MVO, GJO, and MFO showed moderate performance,
while WOA and GOOSE yielded poorer results, demonstrating clear differences in
optimization capability among these algorithms for the three-bar truss problem.For
large-scale truss systems, even marginal parameter optimizations can significantly
reduce raw material procurement costs and structural self-weight through cumula-
tive effects. Consequently, these results provide robust support for the automated
optimization of complex engineering designs.

Table 16: Experimental Results of the Three-Bar Truss Problem

Algorithm 1 To foest

DALA 0.7887 0.4082 263.8958
ALA 0.7887 0.4083 263.8958
DOA 0.7888 0.4078 263.8959
DMOA 0.7889 0.4075 263.8960
MVO 0.7925 0.3976 263.9073
PSO 0.7917 0.3997 263.9025
GWO 0.7862 0.4153 263.9026
SSA 0.7882 0.4097 263.8960
ABC 0.7880 0.4102 263.9010
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4.3.3. Welding Beam Design Problem

The welding beam design problem is a common and challenging issue in structural
engineering. The objective of the welding beam design problem is to optimize the
shape, size, and layout parameters of the welds under given constraints to achieve
optimal structural performance while reducing weight. In this problem, four vari-
ables are considered: weld width h, connecting beam length [, beam height ¢, and
connecting beam thickness b. In the design optimization of this engineering problem,
these four decision variables, along with seven other different constraints, must be

satisfied.

The mathematical formulation of the welding beam design problem is as follows.

Consider the design vector as:
? - ['Ila T2, T3, $4] = [hv la t7 b]
Objective function:

f(7) = 1.104712325 4 0.048112524(14.0 4 25)

Counstraints:
g1(7) = 7(T) — Tonax < 0
92(7) = 0(7) — Opax < 0
93(7) = 6(7) — max < 0
g4(7) =11 —24 <0
95(?) =P - Pc(?) <0
g6(7) = 0125 — 2, <0
g7(T) = 1.1047122 + 0.048112574(14.0 + 25) — 0.5 < 0
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Where,

T(?) — \/(T/)Q—FQT/T";—;—F(T”)Z
L P, MR
\/2.1'11'2, J
2
X9 5 1+ T3
M=P(L+— =4/ —=
(o) nmye(252)
6PL
o(7) = 5
x2 T+ 23\
J:2{\/2$1£L’2 ZZ+< 12 3) ]}
6PL3
5(?): A
4T3

$?I6 2
4.013E,/ 55 v [ E
Pcm:T'(l—i e

Parameters:
P =60001b
L =14in
Omax = 0.251n

E =30 x 10° psi
Tmax = 13600 psi
Omax = 30000 psi

Variable bounds:

01<2,<2 i=14
0.1<w <10, i=23

The experimental results of the welding beam design problem are shown in Ta-
ble 17.From the data presented in Table 17, it can be seen that the DALA algorithm
obtained a weld width A = 0.2057, connecting beam length [ = 3.2549, beam height
t = 9.03662, and connecting beam thickness b = 0.20574. The final result is the same
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as that of the original algorithm and ranks as the best among the seven algorithms
tested, followed by GJO, MVO, and MFO, all of which obtained results less than 1.8.
This indicates that ALA already has excellent capability in solving the welding beam
design problem, and since DALA maintains consistency with ALA in the main search
strategy, both DALA and ALA achieve identical search results.The results validate
the robustness of the strategy, providing engineers with a standardized optimization
paradigm for conducting stress analysis on complex welded structures.

Table 17: Experimental Results of the Welding Beam Design Problem

Algorithm 1 To T3 Ty Foest

DALA 0.2413 2.6371 9.0366 0.2057 1.670216
ALA 0.2416 2.6327 9.0366 0.2057 1.670225
DOA 0.2401 2.6528 9.0366 0.2057 1.670238
DMOA 0.2409 2.6415 9.0366 0.2057 1.670255
MVO 0.2278 2.7721 9.2240 0.2048 1.688598
PSO 0.2449 2.5880 9.0366 0.2057 1.670432
GWO 0.2322 2.7728 9.0330 0.2059 1.673173
SSA 0.2424 2.6209 9.0366 0.2057 1.670239
ABC 0.2412 2.6385 9.0367 0.2057 1.670365
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4.3.4. Gear Transmission Design Problem

Gear transmission systems are widely used in various machinery and power equip-
ment, and their design quality directly affects the overall system efficiency, precision,
and stability. The objective of this optimization problem is to adjust the number of
teeth n4, ng, np, nr on four gears to minimize the transmission ratio error, ensuring
that the actual transmission ratio of the system is as close as possible to the target
transmission ratio. This is a well-known engineering design challenge, as illustrated
in Figure 9. The mathematical formulation of the gear transmission design problem

e

Figure 9: Schematic Diagram of the Gear Transmission Problem
is as follows. Consider the design vector as:
T = (21,22, T3, 24] = 4,15, 0D, NF] (51)

Objective function:

1 Tox3 )\ 2
)= — — 23 2
Variable bounds:

12 S L1, L2, X3, Ty S 607 T € 7 (53>

The experimental results of the gear transmission design problem are shown in Ta-
ble 18.From the data in Table 18, it can be seen that the DALA algorithm obtained a
number of teeth for the driving gears n4 = 43 and np = 16, and for the driven gears
np = 19 and np = 49. At this point, the minimum cost is 2.7009 x 10~'2, with the
transmission coefficient being 98% higher than that of the original ALA algorithm. In
the gear transmission design problem, GJO performed relatively well among the six
comparison algorithms, achieving a transmission coefficient of 2.3078 x 10!, while
the other five algorithms yielded transmission coefficients greater than 1 x 1071,
It can be observed that compared to the minimal costs calculated by the other six
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algorithms, DALA achieves the best optimization performance for this problem.The
optimal solution of DALA facilitates smoother torque fluctuations in practical manu-
facturing, thereby mitigating gear surface wear and reducing operational noise, which
is of great significance for extending the fatigue life of mechanical systems.

Table 18: Experimental Results of the Gear Transmission Design Problem

Algorithm T T9 T3 Ty Foest

DALA 52.7575 30.0929 13.2020 50.7445 2.3078 x 10~
ALA 59.9691 27.5691 17.3510 54.7314 1.3616 x 107?
DOA 49.4935 13.2411 31.3832 56.9027 9.9399 x 10~
DMOA 51.2812 25.6759 14.9582 52.5989 2.3078 x 10~
MVO 53.6093 12.0000 36.8944 57.1514 8.8876 x 10710
PSO 49.0434 16.3546 19.2851 42.6955 2.7009 x 10~'2
GWO 49.3194 18.9374 15.8704 42.9937 2.7009 x 1012
SSA 58.8943 20.4077 19.5165 46.8350 9.7457 x 10710
ABC 37.4186 23.4234 12.5406 55.6667 6.6021 x 10~
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4.3.5. Stepped pulley design problem

The core objective of the stepped pulley optimization design problem is to main-
tain constant belt tension, as variations in belt length during shifts between different
pulley steps would lead to slippage and accelerated wear. This engineering chal-
lenge aims to identify the optimal combination of four-level pulley working diameters
dy, do, d3, dy and belt w width while satisfying geometric constraints of belt drive
systems, wrap angle requirements, power transmission capacity, and consistency of
center distance across all transmission stages. The ultimate goal is to minimize the
total system mass to address this multi-speed transmission engineering problem.The
specific structure of the Step-cone pulley is shown in Figure 10. The mathematical
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Figure 10: Schematic Diagram of the Step-cone pulley Problem
formulation of the stepped pulley problem is as follows:

Objective function:
fitness = f + panalty (54)
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f=pouw [dg (1+ (%)) a3 <1+ <%)> e (” (%>>
4 (3))

panalty = panalty factor [Z g7 + Z hf]

9i>0 h;#0

Belt length constraints:

Ch = %‘& <1+%> MG S ;;)Qd% +2a
Cy = %d?’ <1+%) J o4 ;;)ng +2a
C’4—%d4 (1—1—%) —l—(%;—;)zdijt%
Wrap angle coefficients:
_ (R d

Ry =exp |u

Ry =exp |p

Ry =exp |p
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Power constraints:

Inequality constraints:

Equality constraints:

Q @ Q@ v

N _1)d
— —92gin~! M
nlm sin 5
L2 _1)d,
— —92gin~! (N—
nlm sin 5
N—1)d
— —92gin~! M
wlm sin 5
M- 1) dy
— —92gin~! (N—
plm Sin 5
-Ri+2<0
—Ry+2<0
—R3+2<0
—-R4+2<0

—P; +0.75 x 745.6998 < 0
—P5 +0.75 x 745.6998 < 0
—P5 4 0.75 x 745.6998 < 0
—P; +0.75 x 745.6998 < 0

h(l):C'l—C’g:O
h2)=C,—C3=0
h(3)=Ci—Cy=0

7Td1N1

60

7Td2N2

60

7Td3N3
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The experimental results of the stepped pulley problem are shown in Table 19.
From the data in Table 19, it can be seen that the DALA algorithm obtained working
diameters of d; = 38.4140,dy = 52.8586,d3 = 70.4727,d, = 84.4957. At this point,
the minimum pulley width w=16.090, and the transmission coefficient is 30% higher
than the original ALA algorithm. In the stepped pulley design problem, it can be
observed that compared to the minimum costs calculated by the other 8 algorithms
for this problem, DALA has the best optimization effect. Additionally, SSA and

50



ABC also show good computational performance, achieving optimal solutions below
16.5.For machining equipment requiring constant power or constant torque output,
this optimization directly enhances the accuracy of the transmission ratio, thereby
ensuring the surface quality of the processed workpieces and substantially reducing
the costs associated with engineering simulation and physical prototype debugging.

Table 19: Experimental Results of the Stepped Pulley Design Problem

Algorlthm d1 d2 dg d4 fbest

DALA 38.4140 52.8586 70.4727 84.4957 16.090
ALA 39.6126 54.5093 72.6733 87.1319 16.591
DOA 40.9044 56.2883 75.0448 89.9727 17.131
DMOA 40.1778  55.2877 73.7130 88.3753 17.204
MVO 40.4124 55.6022 74.1356 88.8968 30.765
PSO 39.5789 54.4628 72.6113 87.0576 16.577
GWO 40.9150 56.2896 75.0492 90.0000 57.685
SSA 39.3129 54.0966 72.1231 86.4728 16.466
ABC 38.6354 53.1637 70.8793 84.9829 16.186
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4.3.6. Power load forecasting problem using multi-layer LSTM

Short-term load forecasting is a critical technology for the safe, stable, and eco-
nomical operation of smart grids. However, load sequences exhibit high levels of
nonlinearity, non-stationarity, and multi-timescale characteristics, posing significant
challenges to accurate prediction. Deep LSTM models are widely used in power load
forecasting due to their powerful capability for temporal feature extraction. Com-
pared to single-layer LSTM, a three-layer architecture can establish a hierarchical
temporal feature extraction mechanism: the bottom LSTM layer captures short-term
fluctuations such as hourly load variations, the middle layer learns daily cyclical pat-
terns, and the top layer extracts long-term trends including seasonal patterns and
holiday effects. This multi-scale modeling capability is particularly crucial for power
load data [33, 34, 35].

This research aims to minimize the generalization error of the deep learning model
in the task of power load forecasting by optimizing its hyperparameter configuration.
Specifically, the design objective is to minimize the Root Mean Square Error (RMSE)
of the model on the test set by adjusting nine key hyperparameters in the three-layer
Long Short-Term Memory (LSTM) network. These hyperparameters include the
number of neurons in each layer, learning rate, L2 regularization coefficient, dropout
rate, batch size, and convolutional kernel multiplier, thereby enhancing prediction
accuracy and model performance.

Decision Variables: The optimization involves nine key hyperparameters that
define the architecture and training strategy of the deep learning model:

X =[x, Ty, T3, Ty, T5, T, T7, Tg, Lo (80)
Constraints:

x1 : L2 regularization coefficient Ix1070 <2, <1x1072 (81)
T : Initial learning rate 0.001 < 25 <0.01 (82)
x3 : LSTM layer 1 neuron count 20 < x3 < 256 (83)
x4 : LSTM layer 2 neuron count 20 < x4 < 256 (84)
x5 : LSTM layer 3 neuron count 20 < x5 < 256 (85)
x6 : Dropout rate 0.1<z<05 (86)
x7 : Learning rate drop factor 0.1<2;<09 (87)
xg : Batch size 64 < xg < 512 (88)
x9 : Convolutional kernel multiplier 2<129<8 (89)
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Objective function:
min f(x) = RMSE (Mrstm(X; Dirain)s Dhest) (90)

where, x represents the hyperparameter vector to be optimized, Mysm(X; Dirain)
denotes the three-layer LSTM model trained with hyperparameters x on training
dataset Dirain, Drest 18 the test dataset, RMSE is the Root Mean Square Error metric.

The overall hyperparameter optimization problem can be formally stated as:

Ntest
1
minimize )=\ 3 2; (i — 5:(x))’ (91)
subject to T3, Ty, Ty, Ty, Tg € LT (92)
Qz(x) = MLSTM(X; Dtrain)(XEeSt) (93)

The four evaluation metrics selected in this study are calculated as follows: the
Mean Square Error (MSE) computes the average of the squared differences between
predicted and actual values; the Root Mean Square Error (RMSE) is the arithmetic
square root of MSE, which shares the same unit of measurement as the target vari-
able; the Mean Absolute Error (MAE) calculates the average of absolute errors; and
the Mean Absolute Percentage Error (MAPE) measures the average of absolute er-
rors relative to the actual values in percentage terms. These four formulas quantify
prediction errors from different dimensions, the experimental results of the stepped
pulley problem are shown in Table 20.

From the evaluation results, the DALA algorithm demonstrates the best per-
formance across all four error metrics, with the lowest values of RMSE=2.3405,
MSE=5.4778, MAE=1.8135, and MAPE=3.79%, indicating superior prediction ac-
curacy and stability. The GWO and SSA algorithms perform moderately well, with
relatively close and mid-to-high-level error metrics. In contrast, the ALA algorithm
shows the worst performance among all compared methods, with significantly higher
error values across all indicators, highlighting the effectiveness of the improvements
in high-dimensional applications.

In terms of prediction accuracy and decision support, the reduction in RMSE
and MAE indicates that the model captures non-linear load fluctuations more accu-
rately. In power dispatch or resource planning, this improvement in precision leads
to more reliable forecasting trajectories, thereby reducing the risks of reserve capac-
ity waste or power supply shortages caused by prediction bias. This demonstrates
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the reliability of the proposed adaptive mechanism in handling complex neural net-
work parameter spaces and provides an effective optimization scheme for time-series
forecasting tasks.

Table 20: Experimental Results of the Gear Transmission Design Problem

Algorithm RMSE MSE  MAE MAPE
DALA 2.3405 5.4778 1.8135  3.79%

ALA 3.3767 11.4018 2.8131 5.9326%
DOA 2.9502 8.7037 2.2367 4.7721%
DMOA 2.8543 8.1472 2.4388 5.4535%
MVO 2.7887 77771 2.4411 5.2593%
PSO 3.0463 9.2802 2.7212 5.8237%
GWO 2.598  6.7496 2.2246 4.8592%
SSA 2.5841 6.6774 2.3842 5.1174%
ABC 2.8829 83109 2.4206 5.1172%

5. Conclusion and future work

The Artificial Lemming Algorithm (ALA) is inspired by the learning and simula-
tion of lemming population behavior. However, ALA often suffers from insufficient
final convergence precision in its later stages due to a lack of individual searchability.
To further enhance performance and adapt to high-dimensional complex problems,
this paper proposes a Dual-Stage Guided Artificial Lemming Algorithm (DALA),
which introduces three strategies: a rank-based adaptive probability mechanism, a
dual-stage greedy strategy combining opposition-based and topological neighborhood
learning, and a mutation operator integrated from the JADE algorithm. The perfor-
mance of DALA is validated through experiments on IEEE CEC2017 and CEC2020
benchmark functions (including unimodal, multimodal, hybrid, and fixed-dimension
functions) against eight comparative algorithms, with results demonstrating DALA’s
advantages. To evaluate its practical problem-solving capability, simulation exper-
iments were conducted on five constrained engineering design problems, yielding
excellent results; additionally, DALA’s application in optimizing multi-layer LSTM
parameters for power load forecasting confirms its ability to obtain high-quality so-
lutions for complex novel problems.

However, experimental findings reveal that DALA lacks sufficient intervention
during the initialization phase, which leads to lower solution quality in the early
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stages and a relatively slow initial convergence speed. Furthermore, the sensitivity
of the adaptive switching between global exploration and local exploitation strategies
remains inadequate; thus, more flexible strategy-switching mechanisms will be ex-
plored in future work. Current research primarily focuses on continuous optimization
tasks. For more severe optimization scenarios—such as discrete-continuous mixed
variables, large-scale combinatorial optimization, and dynamic multimodal environ-
ments—the performance efficacy and structural universality of DALA still require
further mathematical verification and parameter tuning. Future plans involve ap-
plying DALA to a wider range of practical, complex engineering problems, including
energy scheduling, structural design optimization, and manufacturing system layout,
to thoroughly validate its pragmatism and robustness in industrial scenarios. By
incorporating intelligent mechanisms such as co-evolution and transfer learning, the
search efficiency and solution diversity of DALA are expected to be further enhanced.
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