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 A B S T R A C T

Balancing exploration and exploitation is a critical issue for improving the global search performance of 
differential evolution (DE). Existing strategies can generally be categorized into cooperation-driven approaches, 
which emphasize information sharing, and competition-driven approaches, which rely on historical expe-
rience for resource allocation. Despite notable progress, effectively adapting these strategies to diverse 
problem characteristics remains challenging, as balancing often entails trade-offs that may lead to premature 
convergence or slow search progress. To address these challenges, this paper proposes an adaptive dual-
module competition and cooperation (ADCC) framework. The framework enables microscopic cooperation and 
macroscopic competition between the exploration and exploitation modules, thereby achieving more flexible 
adjustment between the two search behaviors. The two modules first perform adaptive fusion at the dimension 
level based on historical performance to generate a fused solution. Subsequently, under the macroscopic 
competition mechanism, the current search requirements of the population are comprehensively assessed, 
and an adaptive selection is made between the individual module solutions and the fused solution. Through 
comprehensive performance comparisons — including ADCC for low-level strategy fusion, ADCC for high-
level algorithm integration, and ADCC-based DE (ADCCDE) against state-of-the-art DE variants, we rigorously 
validate and analyze the effectiveness and advantages of the proposed framework on both benchmark functions 
and real-world problems.
1. Introduction

Since its proposal by Storn and Price (Storn and Price, 1997), 
differential evolution (DE) algorithm has rapidly become one of the 
most popular optimization techniques in the field of evolutionary com-
putation (EC) due to its simplicity, ease of implementation, and strong 
global search ability (Price et al., 2005). Its core idea stems from 
swarm intelligence, simulating the biological evolution process through 
mutation, crossover, and selection operators to drive the population 
towards the optimal solution. DE has been successfully applied in nu-
merous complex engineering and scientific fields, including economic 
dispatch in power systems (Biswas et al., 2019a), image processing 
(Tang et al., 2024), fuel cell parameter estimation (Jangir et al., 2025), 
medical diagnosis (Kaur et al., 2019; Srivastava and Pradhan, 2023), 
and planning of renewable energy systems (Biswas et al., 2019b; Abd 
El-Mageed et al., 2023), demonstrating outstanding robustness and 
wide applicability in problem-solving.

With the continuous increase in the complexity of optimization 
problems in modern application fields (such as high dimensionality, 
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multi-modality, and nonlinearity), the search performance of the DE 
algorithm faces higher demands. How to dynamically balance explo-
ration and exploitation capabilities during the algorithm’s iteration 
process and how to efficiently and adaptively regulate strategies and 
parameters remain the core challenges in enhancing DE performance 
(Reyes-Davila et al., 2025). Exploration aims to expand the search 
range to discover potential optimal regions, while exploitation focuses 
on refining the search in known high-quality regions. An imbalance 
between the two can lead the algorithm to get stuck in local optima 
or converge slowly. To address this challenge, researchers have at-
tempted to improve DE performance by designing specific mechanisms 
or schemes. Notably, a scheme often excels only in specific problems 
or at certain stages of the iteration due to its inherent design bias 
towards exploration or exploitation. As the ‘‘No Free Lunch Theo-
rem’’ (Wolpert and Macready, 1997) reveals, no single scheme can 
satisfactorily solve all problems. Exploration-biased schemes may be 
efficient in the early stages of complex multi-modal problems but tend 
to lose efficiency due to excessive dispersion in the later convergence 
stage; while exploitation-biased schemes, although accelerating local 
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optimization, often struggle to meet the global search requirements 
in high-dimensional problems. For this reason, the switching or com-
bination of different schemes with different parameter settings can 
better solve specific problems than a single scheme. This has led 
some researchers to focus on the integration of new methods or the 
cooperation of different schemes to achieve fine-grained control over 
the balance between exploration and exploitation, thereby enhancing 
the performance of DE.

Existing methods include generating candidate solutions from a 
predefined strategy pool (Yi et al., 2022) based on the fitness landscape 
and selecting the optimal offspring. There are also approaches that 
dynamically adjust the usage probability of complementary operators 
(Sun et al., 2020), local and global parameters (Jin et al., 2025) and 
subpopulation size (Nadimi-Shahraki and Zamani, 2022) according to 
historical success rates, so as to adaptively meet the requirements of 
exploration and exploitation in different optimization stages. Addition-
ally, some researchers have employed the concept of reinforcement 
learning to optimize the parameter adjustment process (Tatsis and 
Parsopoulos, 2023), enabling the algorithm to adapt to the optimal 
parameter settings for different optimization problems. Such methods 
can be categorized as ‘‘competitive-based DE’’. The corresponding al-
ternative category is ‘‘cooperative-based DE’’. These methods integrate 
different schemes according to population characteristics (Huang et al., 
2025) and evolutionary stages (Liao et al., 2024), and collaboratively 
complete the entire iterative process.

In current research, whether through coordinating multiple strate-
gies in different scenarios or comprehensively considering the char-
acteristics of different schemes to select the optimal one, the final 
offspring is generated from the original single strategy. They mostly 
remain at the individual selection level and rarely dynamically in-
tegrate the advantages of two modules to form a new integrated 
individual and incorporate it into the competitive system. This leads 
to a common problem in the exploration–exploitation transition stage 
of the algorithm—when the offspring of a single strategy has difficulty 
balancing the demands of global search and local convergence, there 
is a lack of transitional solutions that fuse the advantages of both. 
Information exchange among candidate offspring can integrate the 
advantages of different strategies or mechanisms into a single offspring, 
performing gene fragment cutting and recombination at the individual 
level to form potentially more suitable solutions, which is conducive to 
solving problems with different natures during the iterative process and 
better connecting the exploration and convergence stages. Motivated by 
these observations, this paper proposes an adaptive dual-module com-
petition and cooperation (ADCC) framework. The proposed framework 
is distinguished by the following key features:

(1) By designing two basic modules with complementary character-
istics and their fusion scheme, the adaptive regulation of exploration 
and exploitation capabilities is achieved. One module tends to global 
exploration and expands the search space through diversified strategies 
or candidate solutions with large Euclidean distance from the parent, 
while the other focuses on local exploitation and accelerates conver-
gence by utilizing elite information or candidate solutions with small 
Euclidean distance from the parent.

(2) The two modules dynamically integrate the core operations of 
exploration and exploitation based on the fitness of the parent and the 
current iteration progress, achieving the cutting of gene fragments at 
the dimensional level.

(3) To achieve the on-demand selection of the three, a dynamic 
threshold is introduced. This threshold comprehensively considers the 
population diversity index and the iteration progress, tending to select 
the exploratory module in the early stage of evolution to maintain di-
versity, balancing exploration and exploitation through fusion scheme 
in the middle stage, and switching to the exploitable module in the later 
stage to accelerate convergence.

The rest of this paper is organized as follows. Section 2 briefly 
introduces the classic DE algorithm and reviews the related works. 
Section 3 describes the proposed ADCC optimization framework in 
detail. Section 4 presents comprehensive experiments to validate the 
proposed method while Section 5 concludes this paper.
2 
2. Background

2.1. Differential evolution

DE (Storn and Price, 1997) is a population-based stochastic search 
algorithm which utilizes the differential information of the population 
to approach the optimum. The working steps of DE are as follows.

Initialization: DE begins with a randomly initialized population 
consisting of NP individuals {𝐱𝑖,0 = (𝑥𝑖,1,0, 𝑥𝑖,2,0, … , 𝑥𝑖,𝐷,0), 𝑖 ∈ 1, 2,… ,
𝑁𝑃 }, each individuals is constrained within [𝑥𝑙𝑜𝑤𝑗 , 𝑥ℎ𝑖𝑔ℎ𝑗 ], where 𝑗 ∈
1, 2,… , 𝐷. It then performs a loop of genetic operators until the stop-
ping criteria are met.

Mutation: Following initialization, mutation is conducted on the 
target population 𝐱𝑖,𝑔 to generate a perturbed population 𝐯𝑖,𝑔 at gen-
eration 𝑔. The classic ‘‘DE/rand/1’’ mutation is described in Eq. (1). 

𝐯𝑖,𝑔 = 𝐱𝑟1,𝑔 + 𝐹 ⋅ (𝐱𝑟2,𝑔 − 𝐱𝑟3,𝑔) (1)

where 𝐱𝑟1,𝑔 , 𝐱𝑟2,𝑔 and 𝐱𝑟3,𝑔 are three individuals randomly selected from 
the current population; 𝑟1, 𝑟2 and 𝑟3 are random integers within [1, 𝑁𝑃 ]
with 𝑟1 ≠ 𝑟2 ≠ 𝑟3 ≠ 𝑖. Mutation factor 𝐹  is a user-defined control 
parameter within (0, 1].

In Zhang and Sanderson (2009), the strategy ‘‘DE/current-to-pbest/
1’’ for learning from local elites is proposed. This ensures diversity 
of strategies, balances the algorithm between exploitation and explo-
ration, and reduces greed. The mutation operator is described in Eq. (2). 

𝐯𝑖,𝑔 = 𝐱𝑖,𝑔 + 𝐹 ⋅ (𝐱𝑝𝑏𝑒𝑠𝑡,𝑔 − 𝐱𝑖,𝑔) + 𝐹 ⋅ (𝐱𝑟1,𝑔 − 𝐱𝑟2,𝑔) (2)

where 𝐱𝑝𝑏𝑒𝑠𝑡,𝑔 is the top 𝑝% of elite individuals in the current population. 
For the current individual, a random elite is selected as part of the 
difference to guide the individual’s direction of progress.

The learning strategy of this elite collective has been extended in 
Zheng et al. (2017), integrating collective information from 𝑚 best 
candidates to form a new strategy ‘‘DE/current-to-ci_𝑚best/1’’ operator, 
specifically in Eq. (3). 
𝐯𝑖,𝑔 = 𝐱𝑖,𝑔 + 𝐹 ⋅ (𝐱𝑐𝑖_𝑚𝑏𝑒𝑠𝑡,𝑔 − 𝐱𝑖,𝑔) + 𝐹 ⋅ (𝐱𝑟1,𝑔 − 𝐱𝑟2,𝑔) (3)

Where 𝐱𝑐𝑖_𝑚𝑏𝑒𝑠𝑡,𝑔 is a candidate information obtained through linear 
combination.

Crossover: Once the perturbed population 𝐯𝑖,𝑔 is generated, the 
crossover operator is employed to generate a trial population 𝐮𝑖,𝑔 . The 
crossover operator is defined as: 

𝑢𝑖,𝑗,𝑔 =

{

𝑣𝑖,𝑗,𝑔 , if 𝑟𝑎𝑛𝑑𝑗 (0, 1) < 𝐶𝑟 𝐨𝐫 𝑗 = 𝑗𝑟𝑎𝑛𝑑
𝑥𝑖,𝑗,𝑔 , otherwise

(4)

where 𝑗𝑟𝑎𝑛𝑑 is a randomly generated integer within [1, 𝐷] and 𝐶𝑟 is the 
crossover factor within [0, 1]. Through crossover, the mutant vector 𝐯𝑖
and the target vector 𝐱𝑖 undergo dimensional fusion to form the trial 
vector 𝐮𝑖 with genetic diversity. The constraint 𝑗 = 𝑗𝑟𝑎𝑛𝑑 ensures that at 
least one dimension in the individual is derived from 𝐯𝑖.

Selection: After crossover, 𝐮𝑖 is evaluated and compared with the 
corresponding 𝐱𝑖. The one with smaller fitness is then selected for the 
next generation (for minimization problems) as follow: 

𝐱𝑖,𝑔+1 =
{

𝐮𝑖,𝑔 , if 𝑓 (𝐮𝑖,𝑔) ≤ 𝑓 (𝐱𝑖,𝑔)
𝐱𝑖,𝑔 , otherwise

(5)

2.2. Cooperative DE

Over the past two decades of research, DE has attracted extensive 
attention due to its simple three-step core framework and efficient 
computational advantages, and has derived various extensions; the 
combinations of multi-strategy, multi-population, and so on have been 
noted,  and the features of the classification of the aforementioned 
problems, along with the proposed method in this study, are collated 
in Table  1. These can be collectively termed the cooperative DE, 
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Table 1
A summary of Cooperative DE, Competitive DE and ADCCDE
 Mechanism Type Algorithm Feature Year

 

Cooperative

Multi-stage

IDE (Tang et al., 2014) Stage-specific parameters and mutation operators 2014 
 EaDE (Zhang et al., 2021) Selective-candidate with Similarity Selection and adaptive stages 2021 
 MIDE (Gupta et al., 2023) Stage-wise strategy reset and multi-elite guided mutation 2023 
 DACDE (Chen et al., 2024) Stage-varying scaling factor and differentiated mutation 2024 
 MSDE (Cai et al., 2024) Stagnation-based three-stage strategy selection 2024 
 

Multi-population

PaDE (Meng et al., 2019) Each group maintains independent param/prob 2019 
 MPMSDE (X. Li et al., 2021) Biased Resource-Allocation Strategy-Ranked Subpopulations 2021 
 DDE (J.-Y. Li et al., 2022) Parallel evolution with dedicated strategy per subpopulation 2022 
 APPDE (Wang and Ma, 2023) ‘‘Main population + Auxiliary population’’ structure 2023 
 DyS-MPADE (Huang et al., 2025) Clustering-based dynamic subpopulation number adjustment 2025 
 

Competitive

Successful experiences

SaDE (Qin et al., 2008) Strategy candidate pool with success-history-based selection probabilities 2008 
 MVC (Zhang et al., 2017) Resource bias toward high-success-rate subpopulations 2017 
 CJADE (Gao et al., 2019) Heterogeneous chaotic local search with memory-based dynamic selection 2019 
 DMDE (Nadimi-Shahraki and Zamani, 2022) Adaptive subpopulation size adjustment via success rates 2022 
 SRADE (Qiao et al., 2022) Competitive resource allocation via cumulative strategy success rates 2022 
 EA4eig (Bujok and Kolenovsky, 2022) Roulette-wheel competition for execution rights via solution-based success rates 2022 
 ESADE (Zhang et al., 2024) Step-size estimation via successful vector distance for scale indicator updates 2024 
 

Fitness landscape
FDCDE (W. Li et al., 2021) Fitness-quantified landscape characteristics for dynamic strategy selection 2021 

 EJADE (Yi et al., 2022) Dual trial-vector mechanism with success-based competitive selection of operators/parameters 2022 
 MMFLDE (Li et al., 2023) Fitness landscape characteristics-driven optimal strategy matching for current search stage 2023 
 LSHADE-Code (Chen et al., 2025) Random parameter assignment per individual with best-fitness trial vector survival 2025 
 FLADE (Tang et al., 2026) Success-history-based competitive activation of lofting-guided strategy for directed search 2026 
 

Reinforcementlearning

RL-HPSDE (Tan et al., 2022) Individual state observation, param/strategy selection, effectiveness-based rewards 2022 
 RL-DAS (Guo et al., 2024) Landscape/history-driven feedback, cost/convergence rewards, inter-algorithm dynamic competition 2024 
 RLDEA (Yu et al., 2025) Feedback selection via offspring-parent fitness ratio 2025 
 AuDE (Cao et al., 2025) Reward mechanism via promotion/success rates for experience-based autonomous strategy selection 2025 
 IRLDE (Wang et al., 2025) Fitness-feedback dynamic selection, Gaussian/roulette guidance 2025 
 Cooperative and competitive —— ADCCDE Microscopic dimension fusion and macroscopic population competition ——  
summarized into the following classifications:

2.2.1. Multi-stage-based
Most multi-stage approaches partition different stages or determine 

different stage states to match the optimal strategy for the current stage. 
In Tang et al. (2014), based on an individual’s own evolutionary state 
at different stages, suitable mutation strategies are matched. In Zhang 
et al. (2021), a Selective-candidate with Similarity Selection (SCSS) 
stage and an adaptation scheme stage are proposed in a collaborative 
manner. In the subsequent stage, strategies are adaptively selected 
based on the learning outcomes from the SCSS stage. In Gupta et al. 
(2023), the iterative process is divided into stages according to a preset 
generational interval, with parameter reset and strategy adjustment 
triggered at each stage. In Chen et al. (2024), the optimization process 
is partitioned into early and late stages, different dynamic adaptation 
is applied to parameters per stage, enhancing exploration capability 
at the early stage and strengthening local exploitation at the late 
stage. In Cai et al. (2024), a dynamic multi-stage selection mechanism 
is designed, and stagnation counts are divided by stage, activating 
different selection strategies sequentially.

2.2.2. Multi-population-based
By designing cooperative methods within a single population or 

parallel multi-populations, multi-populations can enhance algorithm 
diversity. Meng et al. (2019) divided the population into groups, 
with each group independently maintaining control parameters and 
selection probabilities. X. Li et al. (2021) proposed that subpopula-
tion sizes be dynamically allocated according to strategy performance 
rankings, with higher-ranked strategies obtaining larger subpopulation 
sizes. Wang and Ma (2023) developed a ‘‘main population + auxiliary 
population’’ dual-population structure, where the auxiliary population 
serves to archive suboptimal solutions, while both populations generate 
trial vectors and participate in offspring selection. J.-Y. Li et al. (2022) 
employed multiple populations for parallel evolution, with different 
strategies deployed to each population. Limited evaluation resources 
are allocated to better-performing populations based on performance 
metrics. Huang et al. (2025) adopted an explicit multi-population 
architecture, analyzing population distribution via clustering to divide 
subpopulations and promote cooperation between them.
3 
2.3. Competitive DE

Competitive DE which is implemented through contention for lim-
ited computational resources, has consistently attracted significant re-
search attention.  These paradigms are presented in Table  1 for compar-
ison with our proposed method, with detailed classifications elaborated 
as follows:

2.3.1. Successful experiences-based
For algorithms to converge toward the global optimum, the guid-

ance from successful individuals is essential. In Qin et al. (2008), a 
competitive strategy selection based on historical success probabilities 
is developed. Heterogeneous chaotic local search operators are inte-
grated in Gao et al. (2019), with selection probabilities dynamically 
adjusted via a memory mechanism that computes the success rate of 
each chaotic mapping. In Zhang et al. (2017), candidate optimizers run 
independently in each segment and the optimal one is then selected 
based on the cumulative optimization efficiency of fitness improve-
ment. The size of subpopulations is determined by their respective 
success rates during iteration in Nadimi-Shahraki and Zamani (2022), 
with larger sizes and more computational resources allocated to those 
with higher success rates. In Qiao et al. (2022), a method where com-
putational resources are dynamically allocated to each strategy based 
on its cumulative success rate over past iterations is introduced. In Bu-
jok and Kolenovsky (2022), a multi-algorithm cooperative framework, 
where selection probabilities of algorithms are dynamically adapted via 
success-count-based roulette wheel selection is constructed. In Zhang 
et al. (2024), an innovative metric which is based on the evolutionary 
scale of successful individuals is proposed with strategies selected via 
this metric.

2.3.2. Fitness landscape-based
Direct observation of fitness landscape changes or computation 

of indicators based on fitness increments is an alternative approach 
for characterizing problem properties. W. Li et al. (2021) proposed 
measuring landscape characteristics by quantifying individual fitness, 
with appropriate strategies dynamically selected accordingly. Yi et al. 
(2022) applied a dual trial vector mechanism to each individual, where 
the fitness values of two trial vectors are compared and the superior one 
is preserved for the next generation. Li et al. (2023) utilized the features 
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of the fitness landscape to determine the currently suitable strategy for 
the subsequent construction of the operator selector. Chen et al. (2025) 
set three mutation strategies, with parameter combinations randomly 
assigned to each individual, and only the trial vector with the optimal 
fitness advancing to the next generation. Tang et al. (2026), through 
fitness landscape sequence analysis, unbiased kurtosis estimator for 
detecting local optimum entrapment, and lofting guidance strategy.

2.3.3. Reinforcement learning-based
The reinforcement learning can dynamically control and coordinate 

the running direction of the algorithm in real time in constant feedback. 
A model-free time-difference reinforcement learning algorithm is used 
in Tan et al. (2022), where each individual observes the environmental 
state, selects parameter and mutation strategy combinations, and re-
ceives rewards based on their effectiveness. In Guo et al. (2024), based 
on landscape characteristics and algorithm history extraction status, 
reinforcement learning feedback with cost reduction and convergence 
speed as rewards, a dynamic competition mechanism between algo-
rithms is designed. The Q-learning reinforcement learning method is 
commonly used as the basis for competitive selection of parameters 
and policies. In Yu et al. (2025), the feedback selection is carried 
out according to the fitness ratio of the offspring and the parent. In 
Cao et al. (2025), a reward mechanism based on individual promotion 
rate and strategy success rate was designed, so that the algorithm 
can independently select strategies according to historical accumulated 
experience. In Wang et al. (2025), an improved Q-learning algorithm is 
proposed to perform dynamic competitive selection according to fitness 
feedback in each iteration, under the guidance of Gaussian distribution 
and roulette-wheel selection mechanism.

3. Proposed method

3.1. Motivation

As reviewed in Section 2, in the research of DE, effective strate-
gies for balancing exploration and exploitation are mainly classified 
into two categories: cooperative and competitive approaches. The 
cooperative approaches, as shown in Fig.  1(a), focus on integrat-
ing multi-source information (such as subpopulation interaction in 
multi-population cooperation and strategy cooperation in multi-stage 
cooperation); Fig.  1(b) summarizes the competitive mechanism, which 
essentially achieves resource optimization through dynamic strategy 
selection (such as fitness landscape, successful experiences, and re-
inforcement learning). Despite the significant achievements of these 
cooperative and competitive approaches, they still have some common 
limitations:

(1) Although the existing competitive or cooperative mechanisms 
can dynamically select superior strategies, most methods gen-
erate candidate offspring independently from a single original 
strategy when balancing exploration and exploitation, without 
constructing a collaborative solution that integrates the advan-
tages of multiple strategies and enables their participating in the 
competition. An idealized assumption for the population state 
is that a population is either in the state of exploration or ex-
ploitation. In reality, the population state undergoes continuous 
variation rather than phase-wise variation. When the population 
transitions from exploration to exploitation, it may be in a state 
where the global distribution has already exhibited obvious con-
traction, but the distance differences between individuals remain 
significant and a stable local structure has not yet formed. The 
existing state of adaptive generation of a single subpopulation 
and continuous evolution is difficult to match during the instan-
taneous replacement of subpopulations. When the algorithm is 
in the transition stage between exploration and exploitation, the 
original multiple strategies are not well adapted.
4 
(2) The strategies or mechanisms corresponding to the exploration 
and convergence stages of most algorithms are usually preset 
and fixed. When the exploration and exploitation characteris-
tics of the selected strategy are ambiguous, the preset is often 
inaccurate and lacks a real-time redistribution mechanism. The 
‘‘static’’ mode makes it difficult for the algorithm to adapt to the 
dynamic changes during the optimization process.

To address these issues, this paper proposes an adaptive dual-
module competition and cooperation (ADCC) optimization framework, 
whose core idea is ‘‘dimensional dynamic cooperation and competitive 
selection’’, as shown in Fig.  1(c): Firstly, an exploration module and 
an exploitation module are designed. They not only independently 
generate offspring but more importantly, they adaptively interact and 
integrate at the dimension level to produce a third type of offspring rep-
resenting the cooperative effect. Then, a threshold based on the Lehmer 
formula is introduced for dynamic update. This threshold comprehen-
sively considers historical search performance, the current evolutionary 
stage, and population status to adaptively select the optimal offspring 
from the three types of offspring. Ultimately, it achieves the dynamic 
switching and balance among three modes: exploration dominance, 
transitional integration, and exploitation dominance throughout the 
entire optimization process.

3.2. Collaborative framework

To address the problem of mismatch between the instantaneous 
nature of exploitation–exploration transition and the population state, 
the algorithm integrates the respective advantages of exploitation and 
exploration during the collaboration phase, thus generating a transition 
subgroup. Since ADCC can be embedded with strategies and algorithms, 
when operating in the algorithm framework, we encapsulate such 
algorithms or strategies in the form of modules to accommodate flexible 
input requirements. The exploitation candidate population generated 
by the exploitation module is denoted as 𝐔𝐓, and the exploration 
candidate population generated by the exploration module is denoted 
as 𝐔𝐏. The transition subgroup 𝐔𝐂 is formed by the micro-integration 
of these two modules.

For the input of modules, exploitation and exploration are generally 
automatically distinguished via preset configurations and then input 
into the exploitation module and exploration module respectively, but 
since it is sometimes difficult to clearly distinguish the characteristics of 
these two input modules, this algorithm adopts an adaptive method for 
such distinction. This adaptive method is based on Euclidean distance, 
and since exploration is intended to traverse unknown regions in the 
population and search for potential optimal solutions, exploratory indi-
viduals have dispersive characteristics, in contrast, exploitation focuses 
on local refinement to further improve solution quality, so exploitative 
individuals have aggregative characteristics.

Euclidean distance is used to calculate the spatial distances between 
individuals in the candidate trial populations 𝐔𝟏 and 𝐔𝟐 generated by 
the exploitation module and exploration module respectively and their 
corresponding parent individuals 𝐱, and we can determine whether an 
individual is dispersive or aggregative relative to its parent and whether 
it belongs to the exploitative or exploratory type by comparing these 
distances, with the specific distance calculation and judgment methods 
as follows: 
𝑑1𝑖,𝑔 = ‖𝐮𝟏𝑖,𝑔 − 𝐱𝑖,𝑔‖, 𝑑2𝑖,𝑔 = ‖𝐮𝟐𝑖,𝑔 − 𝐱𝑖,𝑔‖ (6)

The 𝑖th (𝑖 ∈ 1, 2, . . . , 𝑁𝑃 ) individual is classified according to 
the distance of 𝑑1𝑖,𝑔 , 𝑑2𝑖,𝑔 .  Individuals with shorter distances, those 
relatively aggregated around their parent individuals, are incorporated 
into the exploitation candidate trial population, whereas individuals 
with longer distances from their parent individuals are incorporated 
into the exploration population: 
{

𝐮𝟏𝑖,𝑔 → 𝐮𝐭𝑖,𝑔 ,𝐮𝟐𝑖,𝑔 → 𝐮𝐩𝑖,𝑔 , if 𝑑1𝑖,𝑔 < 𝑑2𝑖,𝑔 (7)

𝐮𝟏𝑖,𝑔 → 𝐮𝐩𝑖,𝑔 ,𝐮𝟐𝑖,𝑔 → 𝐮𝐭𝑖,𝑔 , otherwise
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Fig. 1. Illustration of the proposed and the previous cooperation and competition methods.
The generation of 𝐔𝐂 is based on the exploitation and exploration 
candidate trial subgroups, we rank the dimensional diversity of the 
parent population at the individual dimensional level. The ranking 
value can represent the degree of aggregation and dispersion of the 
dimensions in the current parent population, which corresponds to the 
degree of exploitation and exploration. Then, we perform sorting and 
normalization on the fitness values of current individuals, and map 
the processed values to the individual dimensional level. Thus, each 
individual is assigned a dimensional threshold to denote its degree of 
requirement for exploitation and exploration, followed by the execution 
of dimensional fusion for exploitation and exploration. Initially, the 
diversity of each dimension in the parent population is calculated: 

𝐷𝑖𝑣𝑗,𝑔 =

√

√

√

√
1

𝑁𝑃

𝑁𝑃
∑

𝑖=1
(𝑥𝑖,𝑗,𝑔 − 𝑥𝑗,𝑔)2 (8)

where 𝑥𝑗,𝑔 is the center of mass in the 𝑗th (𝑗 ∈ 1, 2, . . . , 𝐷) dimension. 
The diversity of each dimension is calculated, sorted in ascending order, 
5 
and the rankings are stored in 𝑅𝑑𝑖𝑣 from 1 to D.  The ranking value can 
reflect the relative degree of dispersion among dimensions. A higher 
ranking indicates greater diversity, which means a large degree of 
internal difference within the current dimension; conversely, it means 
a small degree of internal difference.

Fitness sorting is performed on the individuals of the current pop-
ulation to obtain the ranking denoted as 𝑅𝑓𝑖𝑡(𝑖). The ranking value 
range of each individual is [1, 𝑁𝑃 ]. The closer the value is to 𝑁𝑃 , 
the lower the ranking, and the larger the corresponding fitness value. 
Individuals with higher rankings are expected to continue exploiting 
their own advantages to guide the population towards an optimal direc-
tion. Meanwhile, individuals with lower rankings are also supposed to 
utilize their value to increase population diversity and further expand 
the exploration space.

Accordingly, we perform the fusion of 𝐮𝐜 at the individual dimen-
sional level and allocate the dimensional proportion of individuals 
from the two candidate trial subgroups, the exploration subgroup 𝐮𝐩
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and the exploitation subgroup 𝐮𝐭, for each current individual. For 
individuals with smaller 𝑅𝑓𝑖𝑡(𝑖) values, more dimensions from the 
convergent candidate trial population individuals will be allocated; 
for individuals with larger 𝑅𝑓𝑖𝑡(𝑖) values, more dimensions from the 
exploitative candidate trial population individuals will be allocated. For 
the 𝑖th individuals of generation 𝑔 of the fusion population 𝐔𝐂, each 
dimension is selected according to the threshold 𝑇ℎ𝑖,𝑔𝑑𝑖𝑣, the calculation 
is as follows: 

𝑇ℎ𝑖,𝑔𝑑𝑖𝑣 = 𝑓𝑙𝑜𝑜𝑟((
𝑁𝑃 − 𝑅𝑓𝑖𝑡(𝑖) + 1

𝑁𝑃
) ⋅𝐷𝑘) (9)

The 𝑓𝑙𝑜𝑜𝑟 indicates that the computed threshold is rounded down. 
𝑘 is dynamic factor. Considering that the population needs to explore 
extensively through rich diversity in the early stage of evolution, and 
needs to focus on the deep development of high-quality local solution 
in the later stage, we further incorporate the influence of the iterative 
process and set it as the threshold of dynamic change. This dynamic 
factor is defined as follows: 
𝑘 = 1 + (

𝑛𝑓𝑒𝑠
𝑀𝐴𝑋_𝑛𝑓𝑒𝑠 ) (10)

where 𝑛𝑓𝑒𝑠 is the number of current fitness evaluations, and 𝑀𝐴𝑋_𝑛𝑓𝑒𝑠
is the total number of evaluations.  The threshold 𝑇ℎ𝑑𝑖𝑣 is derived by 
normalizing 𝑅𝑓𝑖𝑡 and mapping the normalized result to the dimensional 
level, which divides the exploitation and exploration of individuals at 
the dimensional level. The threshold is the outcome of inverse normal-
ized mapping of 𝑅𝑓𝑖𝑡, indicating the number of dimensions required 
for individual convergence. A low diversity ranking corresponds to a 
low degree of dispersion, meaning that the dimension is in a relatively 
convergent state and thus suitable for dimensional exploitation, and 
the reverse is also true. By comparing the diversity ranking of each 
dimension in the parent subgroup with the threshold of the current 
individual, we determine which dimensions are assigned to exploitation 
and which to exploration. Specifically, for the 𝑖th individual, when 
𝑅𝑗,𝑔
𝑑𝑖𝑣 ≤ 𝑇ℎ𝑖,𝑔𝑑𝑖𝑣, all dimensional components in 𝐱𝐢,𝐠 that correspond to the 

dimensions with values below the convergence threshold will adopt 
the corresponding dimensional components of individuals from the 
exploitation module. Conversely, when 𝑅𝑗,𝑔

𝑑𝑖𝑣 > 𝑇ℎ𝑖,𝑔𝑑𝑖𝑣, the corresponding 
dimensional components of individuals from the exploration module 
will be adopted.

As described in Fig.  2, for the individuals fused by the exploration 
and exploitation candidate trial populations, with the increase in indi-
vidual fitness ranking, the proportion of dimension fragments from the 
exploration population will be more.  The color increasingly appears as 
a deep shade of blue.

The aforementioned process is summarized in Algorithm 1.  Line 
1 specifies that two distinguishable modules generate the candidate 
experimental populations 𝐔𝐓 and 𝐔𝐏 via operations including mutation 
and crossover. If the modules are indistinguishable, Lines 2–3 execute 
the adaptive allocation of offspring for exploitation and exploration 
by means of Euclidean distance. Lines 4–7 show the calculation of 
population dimension diversity and its ranking. Line 8 calculates the 
dynamic factor 𝑘 based on the iterative process, and forms the dynamic 
dimension selection threshold 𝑇ℎ𝑑𝑖𝑣 in line 10. In lines 11–17, for 
the 𝑖th individual, each dimensional components will select the fusion 
gene by comparing the current dimension threshold with the dimension 
diversity ranking. Ultimately, the fused population 𝐔𝐂 is obtained 
through microscopic collaboration.

3.3. Competitive framework

The reasonable selection of trial vectors determines whether supe-
rior solutions can be found efficiently. In the competition, to avoid 
the candidate trial population being too random or too greedy, we 
adopt an adaptation mechanism based on the deviation degree of the 
successful individual’s parent and offspring to evaluate the evolution 
scale, and the main index is the evolutionary scale factor.  This strategy 
6 
Algorithm 1 Collaborative framework
Require: current population 𝐗; exploitation and exploratory module; 

population size 𝑁𝑃 ; problem dimension 𝐷.
Ensure: Candidate trial populations 𝐔𝐓 and 𝐔𝐏; integrated candidate 

trial population 𝐔𝐂.
1: Candidate trial populations 𝐔𝐓 and 𝐔𝐏 are generated from the 
input exploitation and exploratory modules.

2:  If the two modules are unknown, the Euclidean distances between 
their respective candidate trial populations 𝐔𝟏, 𝐔𝟐 and 𝐗 are 
calculated using Eq.  (6), yielding the distances 𝐃𝟏 and 𝐃𝟐.

3: 𝐃𝟏 and 𝐃𝟐 are allocated via Eq.  (7) to obtain the exploitation and 
exploration candidate trial populations 𝐔𝐓 and 𝐔𝐏.

4: for 𝑗 = 1 : 𝐷 do
5:  Calculate the dimensional diversity 𝐷𝑖𝑣𝑗,𝑔 by Eq.  (8);
6: end for
7: Sort 𝐷𝑖𝑣𝑗,𝑔 in ascending order to obtain the diversity ranking 𝑅𝑑𝑖𝑣;
8: Calculate the dynamic factor k by Eq.  (10);
9: for 𝑖 = 1 : 𝑁𝑃  do
10:  Calculate individual dimension selection threshold 𝑇ℎ𝑖,𝑔𝑑𝑖𝑣 by Eq. 

(9);
11:  for 𝑗 = 1 : 𝐷 do
12:  if 𝑅𝑗,𝑔

𝑑𝑖𝑣 ≤ 𝑇ℎ𝑖,𝑔𝑑𝑖𝑣 then
13:  𝑢𝑡𝑖,𝑗,𝑔 → 𝑢𝑐𝑖,𝑗,𝑔 ;
14:  else
15:  𝑢𝑝𝑖,𝑗,𝑔 → 𝑢𝑐𝑖,𝑗,𝑔 ;
16:  end if
17:  end for
18: end for

is referred to as the evolutionary scale adaptation (ESA) mechanism. 
The evolutionary scale factor (Zhang et al., 2024) is calculated as 
follows:

(1) At the beginning, calculate the Euclidean distance between the 
parent target vector 𝐱 and the trial vector 𝐮, sort them in 
ascending order from small to large, normalize them to the 
interval (0, 1), and finally obtain the normalized distance rank 
𝑅𝑑𝑖𝑠𝑡, where the ranking in 𝑅𝑑𝑖𝑠𝑡 is sorted in ascending order.

(2) Then, for the 𝑖th individual, if the fitness of its trial vector is 
better than that of the target vector, 𝑅𝑑𝑖𝑠𝑡(𝑖) is saved into the set 
𝜆.

(3) Next, 𝜎 reflects the evolutionary scale of the population at 
different stages, which is obtained by weighting the normalized 
distance ranking of successful individuals by Lehmer mean as 
follows: 

𝜎 =
∑

|𝜆|
𝑚=1 𝑤𝑚 ⋅ 𝜆2𝑚

∑

|𝜆|
𝑚=1 𝑤𝑚 ⋅ 𝜆𝑚

(11)

𝑤𝑚 =
𝛥𝑓𝑚

∑

|𝜆|
𝑚=1 𝛥𝑓𝑚

(12)

where 𝛥𝑓𝑚 is the absolute value of the difference between the 
fitness value of the parent and the offspring of the 𝑚th individ-
ual.

On a small scale, the parent–child distance of the set of successful 
individuals is closer, which reflects that the whole population is moving 
towards the convergence trend. On the contrary, a large scale means 
that the parent–child generation of the successful individual set is far 
away. The evolutionary scale indicator 𝛾 is calculated using dynamic 
learning, where the learning factor 𝑐 is set to 0.9: 
𝛾 = (1 − 𝑐) ⋅ 𝛾 + 𝑐 ⋅ 𝜎 (13)

 Through extensive experimental evaluation, it is observed that the al-
gorithm exhibits relatively poor overall performance when the learning 
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Fig. 2. Individual integration in exploration and exploitation, and individual integration variation with fitness.
factor 𝑐 lies in the range of 0.1–0.6. In contrast, when 𝑐 is set between 
0.6 and 0.9, the algorithm achieves noticeably improved performance, 
which remains comparatively stable across this interval. The dynamic 
population macroscopic selection mechanism based on 𝛾 is used to 
select the trial population 𝐔. When 𝛾 is large, it indicates that in recent 
iterations, the successful trial vectors are distributed globally.

In this case, enhancing the exploration capability is more conducive 
to the current evolutionary state, so the exploratory candidate popula-
tion 𝐔𝐏 is selected. Conversely, it suggests that the successful solutions 
in the current evolutionary process tend to be locally distributed, and 
there is a need to strengthen the local exploitation capability, thus 
selecting the exploitation candidate population 𝐔𝐓. For the transition 
region between the above two stages, the fusion population 𝐔𝐂 that 
fuses the advantages of the first two stages is used. The interval 
threshold increases linearly with the iteration process, enabling exten-
sive exploration in the early stage and fine exploitation in the later 
stage, thereby guiding the algorithm toward the global optimum and 
accommodating different optimization needs: 

𝑈 =

⎧

⎪

⎨

⎪

⎩

𝑈𝑃 , if 𝑑ℎ𝑖𝑔ℎ ≤ 𝛾
𝑈𝐶, if 𝑑𝑙𝑜𝑤 ≤ 𝛾 < 𝑑ℎ𝑖𝑔ℎ
𝑈𝑇 , otherwise

(14)

𝑑𝑙𝑜𝑤 = 𝑑𝐿𝑡ℎ + 0.1 ∗ (𝑛𝑓𝑒𝑠∕𝑀𝐴𝑋_𝑛𝑓𝑒𝑠) (15)

𝑑ℎ𝑖𝑔ℎ = 𝑑𝐻𝑡ℎ + 0.1 ∗ (𝑛𝑓𝑒𝑠∕𝑀𝐴𝑋_𝑛𝑓𝑒𝑠) (16)

Where 𝑑𝐿𝑡ℎ is set to 0.45 and 𝑑𝐻𝑡ℎ  is set to 0.55. As the iterations 
progress toward the final generation, the dynamic threshold gradually 
converges to the range [0.55, 0.65], thereby increasing the selection 
probability of the exploitation candidate trial population and acceler-
ating convergence in the later stage.  The initial threshold has also 
undergone extensive experimental tests, and both excessively small and 
excessively large initial thresholds yield poor results in performance 
tests. When the initial threshold is excessively small, the exploratory 
population 𝐔𝐏 will only be selected when the evolutionary scale is 
extremely small, which makes it difficult for the algorithm to escape 
when it gradually falls into local optimum. Conversely, an excessively 
large initial threshold will hinder the convergence performance. The 
competition process is described in lines 2–9 in Algorithm 2.

3.4. Overall implementation

The overall framework of the adaptive dual-module competition 
and cooperation-based DE (ADCCDE) is shown in Algorithm 3. Line 1 
initializes the population, and after entering the internal iteration cycle. 
In line 3, the candidate trial populations 𝐔𝐓 , 𝐔𝐏  are first acquired, 
𝑔 𝑔

7 
Algorithm 2 Competitive framework
Require: population size 𝑁𝑃 ; evolutionary scale indicator 𝛾.
Ensure: trial population 𝐔; evolutionary scale indicator 𝛾.
1: Obtain candidate trial populations 𝐔𝐓, 𝐔𝐏 and integrated candidate 
population 𝐔𝐂 by Algorithm 1;

2: Calculate the evolutionary scale threshold 𝑑𝑙𝑜𝑤 and 𝑑ℎ𝑖𝑔ℎ by Eqs. 
(15) and (16);

3: if 𝑑ℎ𝑖𝑔ℎ ≤ 𝛾 then
4:  𝐔𝐏 → 𝐔;
5: else if 𝑑𝑙𝑜𝑤 ≤ 𝛾 < 𝑑ℎ𝑖𝑔ℎ then
6:  𝐔𝐂 → 𝐔;
7: else
8:  𝐔𝐓 → 𝐔;
9: end if
10: Calculate the Euclidean distance between 𝐗 and 𝐔, sort distances 

in ascending order, and normalize them to get the distance ranking 
𝑅𝑑𝑖𝑠𝑡;

11: for 𝑖 = 1 : 𝑁𝑃  do
12:  if 𝑓 (𝑢𝑖,𝑔) ≤ 𝑓 (𝑥𝑖,𝑔) then
13:  𝑅𝑑𝑖𝑠𝑡(𝑖) → 𝜆;
14:  end if
15: end for
16: Calculate evolutionary scale factor 𝜎 by Eq.  (11);
17: Update evolutionary scale indicator 𝛾 by Eq.  (13).

after which an integrated candidate population 𝐔𝐂𝑔 is generated by 
integrating the two sub-populations. In line 4, Algorithm 2 generates 
the trial population 𝐔 and updates the evolutionary scale factor 𝛾.

3.5. Novelty of ADCC

This paper presents an ADCC optimization framework, breaking 
through the limitations of existing collaborative/ competitive methods. 
It constructs a unified collaborative–competitive optimization paradigm 
composed of three key components: scalable modular architecture, dy-
namic role adaptation, and dimension reorganization, providing a more 
robust adaptive solution for complex optimization problems and better 
transitioning between exploration and exploitation phases. Specifically, 
we would like to highlight the novelty and contribution of the proposed 
ADCC method.

(1) Breaking away from the conventional paradigm in which a 
single module independently generates offspring, a dimension 
recombination–based fusion mechanism is proposed. The fusion 
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Algorithm 3 ADCCDE
Require: exploitation and exploratory module; set the initial evolu-

tionary scale indicator 𝛾 = 0.5; maximum number of generations 
𝐺𝑚𝑎𝑥.

Ensure: found best solution 𝐱𝑏.
1: Initialize the population 𝐗0, set the generation count 𝑔 = 0;
2: while 𝑔 ≤ 𝐺𝑚𝑎𝑥 do
3:  Perform Algorithm 1 to obtain candidate trial populations 𝐔𝐓𝑔 , 

𝐔𝐏𝑔 and the integrated candidate population 𝐔𝐂𝑔 ;
4:  Perform Algorithm 2 to obtain the trial population 𝐔𝑔 and 
update evolutionary scale indicator 𝛾;

5:  Perform DE’s selection between 𝐗𝑔 and 𝐔𝑔 to obtain the 
population 𝐗𝑔+1 for the next generation;

6:  𝑔 = 𝑔 + 1;
7: end while
8: Obtain the best solution 𝐱𝑏 from the final population.

ratio between two core modules is adaptively adjusted according 
to both the fitness information of the parent population and 
the iteration progress, thereby exploiting the complementary 
strengths of different strategies. By further introducing a fusion 
module, a three-party competitive structure is formed, estab-
lishing a novel ‘‘independent–fusion’’ collaborative–competitive 
paradigm.

(2) An adaptive role assignment mechanism is developed for the 
dual modules. When a module exhibits clear prior separabil-
ity, it is explicitly designated as either exploration-oriented or 
exploitation-oriented. In contrast, when the functional boundary 
of a module is ambiguous or evolves over iterations, its role 
is dynamically determined using a Euclidean distance–based 
metric. This design ensures that each module is consistently 
aligned with the current search requirements.

(3) Beyond the use of fixed thresholds, an iteration-dependent dy-
namic variable is introduced to more accurately characterize the 
stage-wise behavior of the optimization process. This mechanism 
enables the algorithm to adapt to the exploratory nature in the 
early stages and the exploitative nature in the later stages of 
evolution, thereby improving the precision and effectiveness of 
the exploration–exploitation balance.

(4) Compared with existing cooperative or competitive optimization 
schemes, ADCC introduces a more flexible collaborative mech-
anism. Rather than relying on reinforcement-learning–driven 
or learning-based decision processes that induce instantaneous 
strategy switching, ADCC promotes smooth behavioral transi-
tions that are more consistent with the current population state. 
In particular, collaborative subgroups are formed via dimension-
wise feature assignment and fusion, allowing the algorithm to 
effectively accommodate intermediate transition phases where 
neither pure exploration nor pure exploitation is optimal.

4. Simulation

To verify the effectiveness of the proposed ADCC framework, rele-
vant experiments are conducted in this section. The CEC2017 bench-
mark suite (Awad et al., Nanyang Technological University, Singapore, 
Tech. Rep. 2016) containing 29 functions is employed for the ex-
periment. Among them, F1 and F3 are unimodal functions, F4–F10 
are simple multimodal functions, F11–F20 are hybrid functions, and 
F21–F30 are composition functions. For each algorithm and each test 
function, 51 independent runs are conducted under the dimensions of 
30, 50, and 100, respectively. A total of 10,000 × D function evaluations 
are set as the termination criterion. The function error value 𝑓 (𝐱)−𝑓 (𝐱∗)
8 
is recorded to measure the performance of each algorithm, where x rep-
resents the best solution found during the operation of the algorithm, 
and x* denotes the global optimal solution of the test function.

To draw statistically sound conclusions when comparing two al-
gorithms, 51 trials are conducted for each function, and Wilcoxon 
rank-sum test (Sheskin, 2003) is used to test the 51 items with a 
significance level of 0.05. The symbols ‘‘+’’, ‘‘≈’’ and ‘‘−’’ respectively 
indicate that the ADCCDE algorithm is significantly superior (i.e., win, 
W), comparable (i.e., tie, T), or worse than (i.e., lose, L) the compared 
algorithms.

4.1. ADCC for low-level strategy fusion

To verify the effectiveness of the ADCC framework in a single 
algorithm, two competitive baseline algorithms with large population, 
jSO (Brest et al., 2017) and LSHADE-cnEpSin Awad et al. (2017), are se-
lected as verification carriers. Since large population algorithms require 
more efficient convergence mechanisms, we specifically choose two 
relatively convergent mutation strategies, ‘‘current-to-pbest’’ (Zhang 
and Sanderson, 2009) and ‘‘current-to-ci_mbest’’ (Zheng et al., 2017). 
The former guides the population to explore new regions through 
the current superior solutions, undertaking the exploration module 
function; the latter, based on the weighted update of individual fitness 
rankings, strengthens local convergence and belongs to the exploita-
tion module. According to the dual-module cooperation and compe-
tition scheme described in Section 3, these two strategies are respec-
tively integrated into the baseline algorithms to construct two variant 
algorithms, ADCC-jSO and ADCC-LSHADE-cnEpSin.

(1) From Table  2, ADCC-jSO outperforms jSO across 30-D, 50-D, 
and 100-D cases, with winning counts of 13, 12, and 21, and losing 
counts of 3, 3, and 0 respectively. For unimodal and simple multimodal 
functions, ADCC-jSO achieves superior performance on five functions in 
both 30-D and 50-D. Specifically, these functions include 30-D F5–F8 
and F10, 50-D F4, F5, F7, F8, and F10. When the dimension increases 
to 100, ADCC-jSO outperforms jSO on all functions except 100-D F1 
(where their performance is comparable). Among hybrid functions, 
ADCC-jSO only lags behind jSO on 50-D F18; it performs better than jSO 
on 4 functions at both 30-D and 50-D. With the increase in dimension, 
this advantage further expands, and ADCC-jSO outperforms jSO on 6 
functions on 100-D. For composition functions, the ‘‘W/L’’ of ADCC-jSO 
versus jSO are ‘‘4/2’’ and ‘‘3/1’’ on 30-D and 50-D, respectively. When 
the dimensionality increases to 100-D, the performance gap between 
the two widens, and the ‘‘W/L’’ shifts to ‘‘7/0’’.

(2) From Table  4, ADCC-LSHADE-cnEpSin wins in 11, 15 and 14 
cases on 30-D, 50-D and 100-D functions respectively, and loses in 5 
cases (including 30-D F4 and F25, 50-D F4, F25 and F28) out of the to-
tal 87 cases. Among unimodal and simple multimodal functions, ADCC-
LSHADE-cnEpSin exhibits better performance than LSHADE-cnEpSin on 
30-D, 50-D and 100-D F5–F8; in addition, its performance on 50-D and 
100-D F10 is also improved. For hybrid functions, the performance 
of ADCC-LSHADE-cnEpSin is either superior or comparable to that 
of LSHADE-cnEpSin, with ‘‘W/L’’ of ‘‘3/0’’ on both 30-D and 100-D, 
and ‘‘5/0’’ at 50-D. Regarding composition functions, ADCC-LSHADE-
cnEpSin shows slightly better performance than LSHADE-cnEpSin at 30-
D and 50-D, with corresponding ‘‘W/L’’ of ‘‘4/1’’ and ‘‘5/2’’. When the 
dimensionality increases to 100-D, its performance is further enhanced, 
achieving a ‘‘W/L’’ of ‘‘6/0’’.

From the above comparisons with the two baseline algorithms, it 
can be seen that ADCCDE exhibits excellent performance on complex 
problems such as hybrid functions and composition functions. Due 
to the weighted summation of multiple functions, hybrid functions 
require grouped optimization of sub-components according to their 
characteristics (Awad et al., Nanyang Technological University, Singa-
pore, Tech. Rep. 2016). In contrast, composition functions need to take 
into account the weighted fusion of basic functions. This requires the 
algorithm to possess a certain balanced coordination ability between 
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Table 2
Performance comparisons of ADCC–jSO with jSO on 30–D, 50–D and 100–D functions.
 Problem 30–D 50–D 100–D

 jSO ADCC-jSO jSO ADCC-jSO jSO ADCC-jSO

 mean std sig mean std mean std sig mean std mean std sig mean std  
 F1 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 
 F3 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 3.49e−06 2.68e−06 + 3.62e−07 5.64e−07 
 F4 5.86e+01 0.00e+00 – 5.86e+01 3.00e−14 5.85e+01 5.04e+01 + 5.17e+01 4.34e+01 1.99e+02 1.52e+01 + 2.01e+02 1.09e+01 
 F5 7.43e+00 2.29e+00 + 5.60e+00 2.27e+00 1.36e+01 3.31e+00 + 1.08e+01 2.50e+00 3.67e+01 8.37e+00 + 2.73e+01 8.02e+00 
 F6 1.07e−08 3.72e−08 + 6.43e−08 2.16e−07 2.29e−07 4.06e−07 – 1.04e−06 1.60e−06 7.69e−05 1.25e−04 + 1.14e−04 3.69e−04 
 F7 3.83e+01 2.04e+00 + 3.65e+01 1.28e+00 6.67e+01 3.43e+00 + 6.14e+01 1.63e+00 1.44e+02 8.67e+00 + 1.30e+02 5.17e+00 
 F8 8.17e+00 1.98e+00 + 6.11e+00 2.32e+00 1.52e+01 2.92e+00 + 1.08e+01 2.89e+00 3.68e+01 8.43e+00 + 2.64e+01 7.69e+00 
 F9 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 1.94e−02 7.96e−02 + 5.68e−02 1.68e−01 
 F10 1.69e+03 2.70e+02 + 1.48e+03 2.24e+02 3.59e+03 3.33e+02 + 3.18e+03 3.54e+02 1.08e+04 7.68e+02 + 9.49e+03 7.14e+02 
 F11 5.04e+00 1.16e+01 ≈ 2.54e+00 2.09e+00 2.60e+01 3.56e+00 + 2.43e+01 3.75e+00 9.03e+01 3.16e+01 + 4.88e+01 2.96e+01 
 F12 1.58e+02 9.70e+01 ≈ 1.89e+02 1.29e+02 1.84e+03 4.77e+02 + 1.24e+03 3.93e+02 1.60e+04 7.14e+03 ≈ 1.83e+04 9.27e+03 
 F13 1.85e+01 5.84e+00 + 1.62e+01 3.41e+00 4.08e+01 2.99e+01 + 2.67e+01 1.76e+01 1.61e+02 4.39e+01 + 1.04e+02 3.49e+01 
 F14 2.16e+01 1.02e+00 + 2.13e+01 1.20e+00 2.41e+01 1.65e+00 ≈ 2.45e+01 2.96e+00 5.38e+01 7.59e+00 ≈ 5.18e+01 6.20e+00 
 F15 1.69e+00 1.08e+00 + 7.61e−01 5.59e−01 2.26e+01 2.47e+00 ≈ 2.20e+01 2.00e+00 1.64e+02 4.63e+01 + 1.24e+02 4.17e+01 
 F16 2.98e+01 4.67e+01 ≈ 5.12e+01 6.41e+01 3.99e+02 1.45e+02 ≈ 3.92e+02 1.35e+02 1.85e+03 3.65e+02 ≈ 1.69e+03 3.74e+02 
 F17 3.44e+01 7.31e+00 ≈ 3.35e+01 6.49e+00 3.01e+02 1.12e+02 ≈ 2.62e+02 8.45e+01 1.31e+03 2.81e+02 + 1.06e+03 2.46e+02 
 F18 1.96e+01 4.85e+00 ≈ 2.10e+01 5.27e−01 2.38e+01 1.29e+00 – 2.50e+01 1.61e+00 1.75e+02 3.42e+01 ≈ 1.72e+02 2.82e+01 
 F19 4.55e+00 1.44e+00 ≈ 5.03e+00 2.37e+00 1.28e+01 2.84e+00 + 1.17e+01 2.44e+00 9.51e+01 1.97e+01 + 6.25e+01 1.03e+01 
 F20 3.28e+01 5.06e+00 + 3.00e+01 7.19e+00 1.53e+02 7.11e+01 ≈ 1.42e+02 5.04e+01 1.48e+03 2.87e+02 + 1.30e+03 2.65e+02 
 F21 2.08e+02 2.33e+00 + 2.06e+02 1.69e+00 2.15e+02 3.93e+00 + 2.12e+02 2.93e+00 2.57e+02 8.03e+00 + 2.48e+02 6.00e+00 
 F22 1.00e+02 1.44e−14 ≈ 1.00e+02 1.44e−14 1.52e+03 1.95e+03 ≈ 2.24e+03 1.77e+3 1.17e+4 6.30e+2 + 1.03e+4 7.46e+2  
 F23 3.50e+02 3.06e+00 ≈ 3.49e+02 2.93e+00 4.32e+02 6.19e+00 + 4.27e+02 5.76e+00 5.68e+02 8.68e+00 ≈ 5.66e+02 9.49e+00 
 F24 4.26e+02 1.89e+00 ≈ 4.26e+02 2.21e+00 5.07e+02 3.62e+00 ≈ 5.08e+02 4.32e+00 9.02e+02 7.84e+00 + 8.97e+02 7.06e+00 
 F25 3.87e+02 7.06e−03 – 3.87e+02 1.30e−02 4.81e+02 2.75e+00 ≈ 4.81e+02 2.32e+00 7.32e+02 4.17e+01 + 6.99e+02 5.00e+01 
 F26 9.34e+02 4.56e+01 ≈ 9.43e+02 4.58e+01 1.14e+03 5.43e+01 ≈ 1.16e+03 6.16e+01 3.20e+03 7.38e+01 + 3.11e+03 6.92e+01 
 F27 4.97e+02 6.58e+00 + 4.94e+02 6.92e+00 5.10e+02 1.34e+01 + 5.02e+02 1.04e+01 5.84e+02 1.80e+01 + 5.76e+02 2.21e+01 
 F28 3.06e+02 2.54e+01 + 3.02e+02 1.60e+01 4.59e+02 1.29e−13 – 4.59e+02 2.15e−13 5.27e+02 2.12e+01 ≈ 5.29e+02 2.46e+01 
 F29 4.44e+02 1.01e+01 + 4.38e+02 8.73e+00 3.74e+02 1.51e+01 ≈ 3.69e+02 1.47e+01 1.25e+03 2.11e+02 + 1.14e+03 2.12e+02 
 F30 1.97e+03 1.08e+01 – 1.97e+03 8.58e+00 6.11e+05 4.54e+04 ≈ 5.98e+05 2.02e+04 2.34e+03 1.39e+02 ≈ 2.34e+03 1.59e+02 
 W 13 12 21
 L 3 3 0
 T 13 14 8
Table 3
Overall performance comparisons of variant algorithms with their respective 
baseline algorithms according to Holm, Hochberg and Hommel procedures.
 Algorithm unadjusted 𝑝 𝑝𝐻𝑜𝑙𝑚 𝑝𝐻𝑜𝑐ℎ𝑏𝑒𝑟𝑔 𝑝𝐻𝑜𝑚𝑚𝑒𝑙  
 jSO 0.000646 0.001292 0.001292 0.001292 
 LSHADE–cnEpSin 0.000029 0.000273 0.000258 0.000229 
global and local search, while avoiding the dilemma of easily falling 
into local optima caused by multi-function combinations. ADCC can 
well coordinate and balance the relationship between global and local 
search by leveraging competition. Dimensional fusion is able to address 
the problem of grouped optimization of sub-components. Meanwhile, 
the populations integrating the advantages of different strategies can 
facilitate the exploration of new regions and timely escape from local 
obstacles.

The multi-problem test results of the variant algorithms ADCC-jSO 
and ADCC-LSHADE-cnEpSin formed by applying the ADCC framework 
and their corresponding baseline algorithms are shown in Table  3. 
According to the Holm, Hochberg and Hommel procedures, it can be 
concluded that both variant algorithms are significantly superior to 
their respective baseline algorithms, with the obtained p-values all 
being significantly less than 0.05.

4.2. ADCC for high-level algorithm integration

To further verify the generality of the ADCC framework, it is ex-
tended to cross algorithm scenarios and the cooperation and compe-
tition framework is constructed by utilizing the inherent differences 
9 
in the characteristics of different algorithms. The baseline algorithms 
jSO and LSHADE-cnEpSin are used as representatives. By comparing 
the Euclidean distance between the offspring generated by the two 
algorithms and the parent, the exploration and exploitation modules 
are defined, and the resulting algorithm is named ADCCDE.

The performance comparisons of 30-D, 50-D and 100-D functions 
are shown in Table  5. As can be seen from Table  5, our evaluations 
show that the overall performance of the proposed ADCCDE algorithm 
is better than the other two algorithms. Specifically, ADCCDE performs 
significantly better than jSO on 12, 19 and 25 functions, and loses on 2, 
1 and 0 functions in the cases of 30-D, 50-D and 100-D respectively. It is 
worth noting that with an increase in dimensionality, the performance 
advantage of ADCC becomes more prominent. Compared with LSHADE-
cnEpSin, ADCCDE is outstanding on 13, 18 and 16 functions and 
underperforms on 3, 5 and 4 functions respectively. The performance 
gap between the two is relatively uniform in the low, medium and high 
dimensions. In general, ADCCDE shows significant advantages in more 
than half of the 50-D and 100-D functions. These results show that 
ADCC can effectively deal with complex optimization problems, which 
shows the wide application of robustness and applicability.

Fig.  3 shows the convergence curves on nine selected functions. 
As seen, ADCCDE achieves the best final solutions on seven functions, 
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Table 4
Performance comparisons of ADCC–LSHADE–cnEpSin with LSHADE–cnEpSin on 30–D, 50–D and 100–D functions.
 Problem 30–D 50–D 100–D

 LSHADE–cnEpSin ADCC–LSHADE–cnEpSin LSHADE–cnEpSin ADCC–LSHADE–cnEpSin LSHADE–cnEpSin ADCC–LSHADE–cnEpSin

 mean std sig mean std mean std sig mean std mean std sig mean std  
 F1 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00  
 F3 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00  
 F4 4.14e+01 3.19e+00 – 4.40e+01 3.18e+00 4.72e+01 4.19e+01 – 5.24e+01 4.67e+01 2.01e+02 8.17e+00 ≈ 2.00e+02 8.43e+00  
 F5 1.23e+01 2.66e+00 + 9.45e+00 1.60e+00 2.59e+01 7.67e+00 + 1.66e+01 5.43e+00 5.52e+01 1.11e+01 + 3.43e+01 6.19e+00  
 F6 3.80e−08 7.74e−08 + 3.07e−09 1.07e−08 9.06e−07 7.93e−07 + 5.72e−07 6.12e−07 5.68e−05 1.55e−05 + 4.18e−05 1.80e−05  
 F7 4.31e+01 2.44e+00 + 3.92e+01 1.92e+00 7.48e+01 5.44e+00 + 6.63e+01 3.97e+00 1.63e+02 6.05e+00 + 1.42e+02 4.90e+00  
 F8 1.26e+01 2.34e+00 + 9.24e+00 1.93e+00 2.58e+01 6.38e+00 + 1.76e+01 4.83e+00 5.41e+01 9.34e+00 + 3.34e+01 5.98e+00  
 F9 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00  
 F10 1.44e+03 1.69e+02 ≈ 1.41e+03 2.09e+02 3.26e+03 2.56e+02 + 3.11e+03 3.56e+02 1.04e+04 4.88e+02 + 1.01e+04 5.91e+02  
 F11 1.54e+01 2.15e+01 ≈ 1.08e+01 1.79e+01 2.15e+01 1.96e+00 ≈ 2.22e+01 2.61e+00 5.44e+01 3.53e+01 ≈ 4.67e+01 2.90e+01  
 F12 3.96e+02 2.09e+02 ≈ 3.69e+02 1.82e+02 1.40e+03 3.46e+02 ≈ 1.34e+03 2.95e+02 4.59e+03 7.01e+02 ≈ 4.54e+03 6.13e+02  
 F13 1.65e+01 1.23e+01 ≈ 1.52e+01 6.58e+00 7.65e+01 3.63e+01 + 4.73e+01 3.27e+01 1.19e+02 3.99e+01 ≈ 1.03e+02 2.88e+01  
 F14 2.14e+01 3.62e+00 + 2.05e+01 4.04e+00 2.70e+01 2.48e+00 + 2.63e+01 2.94e+00 5.35e+01 8.20e+00 ≈ 5.20e+01 9.75e+00  
 F15 2.95e+00 1.82e+00 ≈ 3.03e+00 1.82e+00 2.62e+01 3.86e+00 + 2.43e+01 3.60e+00 9.82e+01 3.22e+01 + 8.14e+01 2.95e+01  
 F16 2.34e+01 3.21e+01 + 1.70e+01 2.30e+01 2.95e+02 1.09e+02 + 2.56e+02 1.14e+02 1.18e+03 2.82e+02 + 9.43e+02 2.84e+02  
 F17 2.96e+01 6.52e+00 + 2.71e+01 5.84e+00 2.35e+02 6.67e+01 + 2.12e+02 6.85e+01 9.70e+02 1.95e+02 + 8.26e+02 1.54e+02  
 F18 2.13e+01 7.73e−01 ≈ 2.12e+01 8.07e−01 2.45e+01 2.03e+00 ≈ 2.43e+01 1.98e+00 7.35e+01 1.84e+01 ≈ 6.97e+01 1.53e+01  
 F19 5.55e+00 1.63e+00 ≈ 5.77e+00 1.67e+00 1.73e+01 2.71e+00 ≈ 1.69e+01 3.49e+00 5.68e+01 9.02e+00 ≈ 5.54e+01 5.51e+00  
 F20 3.11e+01 6.68e+00 ≈ 3.10e+01 7.87e+00 1.13e+02 3.25e+01 ≈ 1.03e+02 1.54e+01 1.08e+03 1.96e+02 ≈ 1.05e+03 1.37e+02  
 F21 2.12e+02 2.77e+00 + 2.09e+02 2.46e+00 2.27e+02 7.10e+00 + 2.19e+02 5.86e+00 2.78e+02 9.90e+00 + 2.59e+02 5.93e+00  
 F22 1.00e+02 1.44e−14 ≈ 1.00e+02 6.39e−14 1.18e+03 1.56e+03 ≈ 1.24e+03 1.63e+03 1.06e+04 6.78e+02 + 9.83e+03 7.27e+02  
 F23 3.56e+02 3.39e+00 + 3.52e+02 3.83e+00 4.40e+02 7.11e+00 + 4.31e+02 5.72e+00 5.95e+02 9.36e+00 + 5.74e+02 9.16e+00  
 F24 4.29e+02 2.46e+00 + 4.27e+02 2.19e+00 5.13e+02 6.14e+00 + 5.10e+02 4.34e+00 9.17e+02 1.50e+01 + 9.00e+02 9.66e+00  
 F25 3.87e+02 6.20e−03 – 3.87e+02 7.00e−03 4.80e+02 4.06e−01 – 4.81e+02 2.86e+00 6.91e+02 4.41e+01 ≈ 6.92e+02 4.69e+01  
 F26 9.55e+02 4.62e+01 + 9.01e+02 4.33e+01 1.20e+03 1.04e+02 + 1.12e+03 7.69e+01 3.08e+03 1.13e+02 + 3.01e+03 6.39e+01  
 F27 5.04e+02 6.29e+00 ≈ 5.05e+02 5.94e+00 5.29e+02 1.87e+01 ≈ 5.29e+02 1.56e+01 5.90e+02 1.86e+01 ≈ 5.88e+02 1.56e+01  
 F28 3.13e+02 3.65e+01 ≈ 3.21e+02 4.36e+01 4.59e+02 1.17e+01 – 4.60e+02 1.17e+01 5.14e+02 1.79e+01 ≈ 5.12e+02 2.04e+01  
 F29 4.36e+02 6.32e+00 ≈ 4.34e+02 6.37e+00 3.55e+02 1.07e+01 + 3.50e+02 8.78e+00 1.17e+03 1.54e+02 + 1.05e+03 1.23e+02  
 F30 2.00e+03 7.32e+01 ≈ 2.00e+03 7.21e+01 6.48e+05 6.36e+04 ≈ 6.47e+05 8.35e+04 2.38e+03 1.72e+02 ≈ 2.38e+03 1.96e+02  
 W 11 15 14
 L 2 3 0
 T 16 11 15
including 30-D F8, 50-D F6, 50-D F8, 50-D F26, 100-D F8, 100-D 
F20,100-D F22. ADCCDE and LSHADE–cnEpSin achieve comparable 
results in 30-D F16. On the 100-D F23, the convergence speed of 
ADCCDE is slightly lower than that of jSO in the mid stage, but remains 
comparable to jSO in the early and late stages, and the final error value 
is comparable.  This short-term slow convergence may be attributed to 
the fact that ADCCDE maintains its own population diversity to avoid 
falling into local optima. It can be seen that after dynamic adjustment, 
its convergence gradually catches up with that of jSO. It is observable 
that for multimodal problems such as 50-D and 100-D F8, there is a 
temporary slow convergence period in the middle stage of iteration. 
This period preserves the diversity at the initial iteration stage, thus 
laying the groundwork for subsequent catching-up. However, it is 
undeniable that the late-stage local optima escape effect brought by 
this short-term slow convergence is excellent, and the final convergence 
performance is more superior.

Furthermore, Table  6 presents the p-values obtained from the 
multi-problem test. ADCCDE statistically outperforms jSO and LSHADE-
cnEpSin, with all p-values being significantly lower than 0.05. Overall, 
compared to the two baseline algorithms, ADCCDE exhibits signifi-
cantly superior performance.

To investigate the time complexity of ADCCDE, the evaluation 
methodology proposed in Awad et al. (2016) is adopted. The con-
stituent algorithm jSO and LSHADE-cnEpSin are selected as comparison 
baselines. This methodology requires measuring three time compo-
nents, namely 𝑇0, 𝑇1, and 𝑇2, in order to eliminate extraneous influences 
on the measured computational cost. The details are described as 
follows.
10 
Since different computing platforms exhibit heterogeneous CPU and 
memory performance, 𝑇0 is introduced to eliminate the impact of the 
external computational environment. Specifically, 𝑇0 is defined as the 
execution time of the following benchmark program:

𝑓𝑜𝑟 𝑖 = 1 ∶ 1, 000, 000
𝑥 = 0.55 + (𝑑𝑜𝑢𝑏𝑙𝑒) 𝑖;
𝑥 = 𝑥 + 𝑥; 𝑥 = 𝑥∕2; 𝑥 = 𝑥 ∗ 𝑥; 𝑥 = 𝑠𝑞𝑟𝑡(𝑥); 𝑥 = 𝑙𝑜𝑔(𝑥);
𝑥 = 𝑒𝑥𝑝(𝑥); 𝑥 = 𝑥∕(𝑥 + 2);

𝑒𝑛𝑑
𝑇1 is defined as the time consumed by performing 200,000 function 

evaluations on the F18 benchmark problem. The purpose is to eliminate 
the inherent computational cost of the test function itself from the over-
all runtime of the algorithm. 𝑇2 corresponds to the execution time of the 
F18 function under 200,000 evaluations. To reduce uncertainty caused 
by stochastic runtime fluctuations, 𝑇2 is calculated as the average over 
five independent runs. (𝑇2 − 𝑇1)∕𝑇0 is used to measure the final time 
complexity of the algorithm, and the experiments are conducted on 
30-D, 50-D, and 100-D problems.

The experimental results are summarized in Table  7. The results 
indicate that jSO exhibits lower computational complexity in the 30-D, 
50-D, and 100-D problems, and a relatively large complexity difference 
between ADCCDE and LSHADE-cnEpSin is observed in the 30-D and 
100-D. The reason for the high complexity of ADCCDE may be that our 
competition is a macroscopic competition mode for the population, so 
these two sub-algorithms integrated into the algorithm need to run their 
own offspring each generation, which increases the time complexity to 
a certain extent. 
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Table 5
Performance comparisons of ADCCDE with the baselines on 30–D, 50–D and 100–D functions over 51 independent runs.
 Problem 30-D 50-D 100-D

 jSO LSHADE–cnEpSin ADCCDE jSO LSHADE–cnEpSin ADCCDE jSO LSHADE–cnEpSin ADCCDE

 mean(std) sig mean(std) sig mean(std) mean(std) sig mean(std) sig mean(std) mean(std) sig mean(std) sig mean(std)  
 F1 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00)  
 F3 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) 3.49e−06(2.68e−06) + 0.00e+00(0.00e+00) – 8.12e−08(8.24e−08)  
 F4 5.86e+01(0.00e+00) + 4.14e+01(3.19e+00) – 4.90e+01(2.16e+00) 5.85e+01(5.04e+01) + 4.72e+01(4.19e+01) – 5.14e+01(4.44e+01) 1.99e+02(1.52e+01) + 2.01e+02(8.17e+00) ≈ 1.99e+02(1.44e+01)  
 F5 7.43e+00(2.29e+00) ≈ 1.23e+01(2.66e+00) + 7.75e+00(1.47e+00) 1.36e+01(3.31e+00) ≈ 2.59e+01(7.67e+00) + 1.41e+01(2.17e+00) 3.67e+01(8.37e+00) + 5.52e+01(1.11e+01) + 2.76e+01(3.35e+00)  
 F6 1.07e−08(3.72e−08) + 3.80e−08(7.74e−08) + 0.00e+00(0.00e+00) 2.29e−07(4.06e−07) + 9.06e−07(7.93e−07) + 5.77e−08(1.09e−07) 7.69e−05(1.25e−04) + 5.68e−05(1.55e−05) + 1.79e−06(1.27e−06)  
 F7 3.83e+01(2.04e+00) ≈ 4.31e+01(2.44e+00) + 3.89e+01(1.48e+00) 6.67e+01(3.43e+00) + 7.48e+01(5.44e+00) + 6.47e+01(2.19e+00) 1.44e+02(8.67e+00) + 1.63e+02(6.05e+00) + 1.27e+02(3.22e+00)  
 F8 8.17e+00(1.98e+00) ≈ 1.26e+01(2.34e+00) + 8.24e+00(1.44e+00) 1.52e+01(2.92e+00) + 2.58e+01(6.38e+00) + 1.34e+01(1.81e+00) 3.68e+01(8.43e+00) + 5.41e+01(9.34e+00) + 2.92e+01(4.88e+00)  
 F9 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00) 1.94e−02(7.96e−02) + 0.00e+00(0.00e+00) ≈ 0.00e+00(0.00e+00)  
 F10 1.69e+03(2.70e+02) + 1.44e+03(1.69e+02) ≈ 1.47e+03(2.20e+02) 3.59e+03(3.33e+02) + 3.26e+03(2.56e+02) + 3.11e+03(3.05e+02) 1.08e+04(7.68e+02) + 1.04e+04(4.88e+02) + 8.97e+03(4.65e+02)  
 F11 5.04e+00(1.16e+01) ≈ 1.54e+01(2.15e+01) + 8.94e+00(1.73e+01) 2.60e+01(3.56e+00) + 2.15e+01(1.96e+00) + 2.05e+01(2.13e+00) 9.03e+01(3.16e+01) + 5.44e+01(3.53e+01) ≈ 4.59e+01(3.54e+01)  
 F12 1.58e+02(9.70e+01) ≈ 3.96e+02(2.09e+02) + 1.35e+02(8.33e+01) 1.84e+03(4.77e+02) + 1.40e+03(3.46e+02) + 8.68e+02(3.92e+02) 1.60e+04(7.14e+03) + 4.59e+03(7.01e+02) ≈ 4.92e+03(1.03e+03)  
 F13 1.85e+01(5.84e+00) + 1.65e+01(1.23e+01) – 1.74e+01(3.99e+00) 4.08e+01(2.99e+01) + 7.65e+01(3.63e+01) + 3.48e+01(2.81e+01) 1.61e+02(4.39e+01) + 1.19e+02(3.99e+01) + 4.65e+01(2.37e+01)  
 F14 2.16e+01(1.02e+00) ≈ 2.14e+01(3.62e+00) + 2.10e+01(2.70e+00) 2.41e+01(1.65e+00) + 2.70e+01(2.48e+00) + 2.27e+01(1.15e+00) 5.38e+01(7.59e+00) + 5.35e+01(8.20e+00) + 3.75e+01(4.04e+00)  
 F15 1.69e+00(1.08e+00) + 2.95e+00(1.82e+00) + 9.79e−01(6.64e−01) 2.26e+01(2.47e+00) + 2.62e+01(3.86e+00) + 2.02e+01(1.53e+00) 1.64e+02(4.63e+01) + 9.82e+01(3.22e+01) + 5.39e+01(3.14e+01)  
 F16 2.98e+01(4.67e+01) + 2.34e+01(3.21e+01) ≈ 3.14e+01(4.70e+01) 3.99e+02(1.45e+02) + 2.95e+02(1.09e+02) ≈ 3.16e+02(1.24e+02) 1.85e+03(3.65e+02) + 1.18e+03(2.82e+02) – 1.42e+03(2.56e+02)  
 F17 3.44e+01(7.31e+00) + 2.96e+01(6.52e+00) ≈ 3.13e+01(6.21e+00) 3.01e+02(1.12e+02) + 2.35e+02(6.67e+01) + 1.95e+02(7.66e+01) 1.31e+03(2.81e+02) + 9.70e+2(1.95e+2) – 1.07e+3(1.66e+2)  
 F18 1.96e+01(4.85e+00) + 2.13e+01(7.73e−01) + 2.06e+01(1.99e−01) 2.38e+01(1.29e+00) + 2.45e+01(2.03e+00) + 2.23e+01(1.26e+00) 1.75e+02(3.42e+01) + 7.35e+01(1.84e+01) + 4.58e+01(1.04e+01)  
 F19 4.55e+00(1.44e+00) – 5.55e+00(1.63e+00) ≈ 5.47e+00(1.77e+00) 1.28e+01(2.84e+00) ≈ 1.73e+01(2.71e+00) + 1.33e+01(2.55e+00) 9.51e+01(1.97e+01) + 5.68e+01(9.02e+00) + 4.51e+01(4.97e+00)  
 F20 3.28e+01(5.06e+00) + 3.11e+01(6.68e+00) ≈ 2.90e+01(7.20e+00) 1.53e+02(7.11e+01) + 1.13e+02(3.25e+01) ≈ 1.19e+02(4.22e+01) 1.48e+03(2.87e+02) + 1.08e+03(1.96e+02) ≈ 1.15e+03(1.82e+02)  
 F21 2.08e+02(2.33e+00) ≈ 2.12e+02(2.77e+00) + 2.08e+02(1.65e+00) 2.15e+02(3.93e+00) ≈ 2.27e+02(7.10e+00) + 2.15e+02(2.40e+00) 2.57e+02(8.03e+00) + 2.78e+02(9.90e+00) + 2.52e+02(4.27e+00)  
 F22 1.00e+02(1.44e−14) ≈ 1.00e+02(1.44e−14) ≈ 1.00e+02(1.44e−14) 1.52e+03(1.95e+03) ≈ 1.18e+03(1.56e+03) – 2.85e+03(1.49e+03) 1.17e+04(6.30e+02) + 1.06e+04(6.78e+02) + 9.79e+03(5.04e+02)  
 F23 3.50e+02(3.06e+00) ≈ 3.56e+02(3.39e+00) + 3.50e+02(2.64e+00) 4.32e+2(6.19e+00) + 4.40e+02(7.11e+00) + 4.28e+02(4.72e+00) 5.68e+02(8.68e+00) + 5.95e+2(9.36e+00) + 5.56e+02(1.13e+01)  
 F24 4.26e+02(1.89e+00) ≈ 4.29e+02(2.46e+00) + 4.26e+02(1.92e+00) 5.07e+02(3.62e+00) ≈ 5.13e+02(6.14e+00) + 5.08e+02(3.06e+00) 9.02e+02(7.84e+00) ≈ 9.17e+02(1.50e+01) + 8.99e+02(5.69e+00)  
 F25 3.87e+02(7.06e−03) + 3.87e+02(6.20e−03) – 3.87e+02(6.30e−03) 4.81e+02(2.75e+00) + 4.80e+02(4.06e−01) – 4.81e+02(2.62e+00) 7.32e+02(4.17e+01) + 6.91e+02(4.41e+01) ≈ 6.86e+02(4.82e+01)  
 F26 9.34e+02(4.56e+01) + 9.55e+02(4.62e+01) + 9.04e+02(4.10e+01) 1.14e+03(5.43e+01) + 1.20e+03(1.04e+02) + 1.09e+03(5.51e+01) 3.20e+03(7.38e+01) + 3.08e+03(1.13e+02) ≈ 3.12e+03(1.01e+02)  
 F27 4.97e+02(6.58e+00) – 5.04e+02(6.29e+00) ≈ 5.02e+02(6.88e+00) 5.10e+02(1.34e+01) – 5.29e+02(1.87e+01) + 5.23e+02(1.78e+01) 5.84e+2(1.80e+01) ≈ 5.90e+02(1.86e+1) + 5.76e+02(2.15e+01)  
 F28 3.06e+02(2.54e+01) ≈ 3.13e+02(3.65e+01) ≈ 3.17e+02(4.00e+01) 4.59e+02(1.29e−13) + 4.59e+02(1.17e+01) – 4.60e+02(9.47e+00) 5.27e+02(2.12e+01) + 5.14e+02(1.79e+01) – 5.19e+02(2.47e+01)  
 F29 4.44e+02(1.01e+01) + 4.36e+02(6.32e+00) ≈ 4.37e+02(7.42e+00) 3.74e+2(1.51e+1) + 3.55e+02(1.07e+01) – 3.62e+02(1.08e+01) 1.25e+03(2.11e+02) ≈ 1.17e+03(1.54e+02) ≈ 1.21e+03(1.67e+02)  
 F30 1.97e+03(1.08e+01) ≈ 2.00e+03(7.32e+01) ≈ 1.97e+03(1.22e+01) 6.11e+05(4.54e+04) ≈ 6.48e+05(6.36e+04) ≈ 6.42e+05(6.51e+04) 2.34e+03(1.39e+02) + 2.38e+03(1.72e+02) + 2.29e+03(1.70e+02)  
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Fig. 3. Convergence plot of the compared DE algorithms on nine selected functions.
Table 6
Overall performance comparisons of ADCCDE with the baselines according to 
Holm, Hochberg and Hommel procedures.
 Algorithm unadjusted 𝑝 𝑝𝐻𝑜𝑙𝑚 𝑝𝐻𝑜𝑐ℎ𝑏𝑒𝑟𝑔 𝑝𝐻𝑜𝑚𝑚𝑒𝑙  
 jSO 0.000006 0.000013 0.000013 0.000013 
 LSHADE–cnEpSin 0.000022 0.000022 0.000022 0.000022 
Table 7
Time complexity of the high-level integrated framework and its constituent algorithms (𝑇0, 𝑇1, 𝑇2
in seconds).
 Dimension Algorithm 𝑇0 𝑇1 𝑇2 (𝑇2 − 𝑇1)∕𝑇0 
 
30-D

jSO
0.01 0.55

1.84 30  
 LSHADE-cnEpSin 1.85 129  
 ADCCDE 2.86 231  
 
50-D

jSO
0.01 1.11

1.48 37  
 LSHADE-cnEpSin 3.25 214  
 ADCCDE 3.28 217  
 
100-D

jSO
0.01 3.62

4.13 51  
 LSHADE-cnEpSin 5.87 225  
 ADCCDE 7.19 357  
4.3. Comparison with state-of-the-art DE variants

To demonstrate the performance of ADCCDE, it is further compared 
with the following eleven state-of-the-art DE variants:
12 
Adaptative Differential Evolution With Diversity Maintenance And 
Restart Mechanism (ADE-DMRM) (Lin and Meng, 2024): An adap-
tive DE algorithm integrating diversity maintenance and dimension-
learning restart mechanism, utilizing wavelet basis functions and
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Cauchy distributions for scale factor generation, and optimizing exter-
nal archive based on successful evolution rate to enhance global search 
capability.

Selective-Candidate Framework With Similarity Selection Rule L-
SHADE (SCSS-L-SHADE) (Zhang et al., 2020): A selective-candidate 
framework for L-SHADE, utilizing similarity selection rules to generate 
multiple candidates and balance exploitation–exploration via fitness 
ranking and solution-space distance.

Fractional Order DE (FODE) (Wang et al., 2024): A fractional-order 
differential evolution algorithm integrating a bi-strategy co-deployment 
framework and fractional calculus-enhanced differential vectors, utiliz-
ing historical population information to boost exploration ability and 
maintain population diversity for superior optimization performance in 
complex problems.

LSHADE Algorithm With A Rank-Based Selective Pressure Strat-
egy (LSHADE-RSP) (Stanovov et al., 2018): An enhanced LSHADE 
algorithm with rank-based selective pressure strategy, featuring adap-
tive mutation weights and parameter adaptation to boost optimization 
performance in complex multimodal problems.

Explicitly Adaptive DE (EaDE) (Zhang et al., 2021): An adaptive 
DE algorithm with explicit exploitation–exploration controls, featuring 
stage—wise strategy switching and evolution difficulty detection to 
optimize performance in dynamic search landscapes.

Domain Transform DE (DTDE) (Zhang et al., 2023): An enhanced 
DE algorithm that transforms the fitness landscape to the frequency 
domain, removes high-frequency components, and uses an evolution 
difficulty-based mechanism to address premature convergence and 
stagnation.

DE With Exponential Crossover (DE-EXP) (Meng and Chen, 2023): 
An enhanced DE algorithm with exponential crossover and fitness-
value-independent parameter control, featuring automatically gener-
ated crossover rate Cr and population size reduction strategy to boost 
optimization performance.

Multiselection-Based DE (MSDE) (Cai et al., 2024): A differential 
evolution variant employing a multiselection strategy that orderly ac-
tivates one-to-one, fitness-based, and distance-based selections based 
on stagnation detection, gradually shrinking the population to bal-
ance exploration and exploitation, thereby enhancing optimization per-
formance in complex problems with numerous local optima or high 
dimensions.

Dynamic Fitness-Distance Balance-Based LSHADE (dFDB-LSHADE) 
(Yildirim et al., 2025): An algorithm based on LSHADE incorporating 
dynamic fitness-distance balance to guide the selection of optimal 
individuals in the population.

Modified LSHADE With Semi-Parameter Adaptation Hybrid With 
CMA-ES (mLSHADE-SPACMA) (Fu et al., 2025): An improved LSHADE-
SPACMA framework integrating a precise elimination and generation 
mechanism, modified SPACMA semi-parametric adaptation, a rank-
based selective pressure mutation strategy, and an elite external archive 
mechanism.

Natural Survivor Method-Based LSHADE-CnEpSin (NSM-LSHADE-
CnEpSin) (Öztürk and Kahraman, 2025): An Advanced LSHADE-
CnEpSin framework that reconstructs the update mechanism based on 
the Natural Survivor Method and balances population diversity and 
local exploitation capability through dynamic reference signals.

Performance comparisons on 30-D, 50-D and 100-D functions are 
shown in Tables  8–10. The data highlighted with a gray background 
represent that the average fitness value of the algorithm is the best 
among all the compared algorithms. The final statistical comparison 
results are displayed in the last row of the table. From the summary 
results shown in Table  11, ADCCDE performs overall better than most 
of the competitors.

Specifically, in 30-D, compared with LSHADE-RSP, SCSS -L-SHADE, 
DE-EXP, dFDB-LSHADE, mLSAHDE-SPACMA and NSM-LSHADE-
CnEpSin, ADCCDE has significant advantages, with the ‘‘W/L’’ ratio 
reaching twice or even more. However, it is inferior to FODE, DTDE 
13 
and MSDE, performing better only on 4, 7 and 7 functions respectively. 
It performs basically on a par with the remaining two algorithms 
EaDE and ADE-DMRM. ADCCDE has greater advantages on functions 
F12, F15, F25 and F26. In low dimensions, it has high adaptability 
to medium and low complexity scenarios. But it has relatively low 
advantages on F29.

With the increase of dimensions, the ADCCDE algorithm exhibits 
significant advantages. In 100-D, it shows overwhelming advantages 
over 8 algorithms. In 50-D, it still has obvious advantages over the algo-
rithms LSHADE-RSP, SCSS-L-SHADE, DE-EXP, dFDB-LSHADE,
mLSAHDE-SPACMA and NSM-LSHADE-CnEpSin which it outperformed 
by a large margin in 30-D. The ‘‘W/L’’ ratios climb to ‘‘11/4’’, ‘‘14/5’’, 
‘‘17/8’’, ‘‘17/5’’, ‘‘14/6’’ and ‘‘20/2’’ respectively. In 100-D, except for 
mLSAHDE-SPACMA and NSM-LSHADE-CnEpSin, the ‘‘W/L’’ ratios of 
these algorithms are further increased to ‘‘21/1’’,‘‘ 22/1’’ and ‘‘20/4’’. 
There is even no loss against dFDB-LSHADE.

For algorithms such as EaDE and ADE-DMRM, which had compa-
rable performance on functions in 30-D, ADCCDE gradually surpasses 
them by a large margin in 50-D and 100-D. Moreover, for the two 
algorithms DTDE and MSDE that outperformed ADCCDE in 30-D and 
50-D, they are also surpassed by ADCCDE in the high-dimensional 100-
D scenario, and the performance is basically on a par. As for FODE, it 
defeated ADCCDE in 30-D, drew with ADCCDE in 50-D, and was then 
far surpassed by ADCCDE in 100-D. However, ADCCDE still performs 
on a par with mLSAHDE-SPACMA, which has good high-dimensional 
performance. For functions in 50-D and 100-D, ADCCDE continues its 
advantages on functions F12, F15 and F25 and still performs well. This 
indicates that in high dimensions, the algorithm still has high adapt-
ability to medium and low complexity scenarios. It can be seen that 
for the hybrid functions F11–F20 and composition functions F21–F28 
corresponding to such complexity scenarios, the winning ratio increases 
with the rise of dimensions. Nevertheless, it has to be admitted that 
its performance is indeed deficient on F29, a high-order composition 
function with high complexity. 

Fig.  4 depicts the convergence curves of ADCCDE and eleven state-
of-the-art DEs on nine functions. It can be seen that ADCCDE achieves 
the minimum values on five functions. Compared with the other eleven 
algorithms, the final convergence effect of ADCCDE is significantly 
better than that of other advanced algorithms on 100-D F13, F15 and 
F18. Moreover, it basically achieves the optimal values together with 
mLSAHDE-SPACMA on 50-D F12 and 100-D F11. On 30-D F12, MSDE 
has the fastest convergence rate at the initial stage, but it is surpassed 
by ADCCDE in the later stage. The final error values of ADCCDE on 30-
D F4 and 50-D F4 are worse than those of MSDE and FODE, while the 
error between ADCCDE and the optimal values of multiple algorithms 
is not significant on 50-D F18.

On functions such as 30-D F12, 100-D F11, 100-D F15 and 100-
D F18, ADCCDE exhibits a phenomenon of slow convergence in the 
middle stage compared with other advanced algorithms. This is also 
because it intends to maintain the diversity of its population in the mid-
dle stage. At this time, the evolution scale is small, and an exploratory 
population is selected to maintain the exploration of a broad space, thus 
achieving transcendence in the later stage. It can be observed that these 
functions all have a turning point where convergence accelerates in the 
later stage. 

To draw statistical conclusions, Table  12 shows the Friedman test 
(Cleophas and Zwinderman, 2016) ranking of twelve algorithms. The 
rankings of FODE, ESADE, DTDE, MSDE and mLSHADE-SPACMA are 
close. The average ranking of ADCCDE is 6.253, better than the five 
algorithms mentioned above, and significantly superior to other ad-
vanced algorithms.

4.4. Comparison between ADCC and ESA framework

To verify the effectiveness of dual module fusion, we first compared 
the ADCCDE algorithm described in Section 3 with the ESADE algo-
rithm. ESADE implemented dynamic selection of offspring generated 
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Table 8
Performance comparison of with state-of-the-art DEs on 30–D functions.
 Problem ADE-DMRM SCSS-L-SHADE FODE LSHADE-RSP EaDE DTDE DE-EXP MSDE dFDB-LSHADE mLSHADE-SPACMA NSM-LSHADE-CnEpSin ADCCDE  
 F1 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0)  
 F3 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0)  
 F4 5.48e+1 (1.63e+1) + 5.86e+1 (2.75e−14) + 2.24e+1 (3.51e+0) − 5.86e+1 (1.39e−14) + 5.86e+1 (4.39e−13) + 5.86e+1 (2.52e−14) + 5.88e+1 (1.09e+0) + 2.34e+1 (1.11e+0) − 5.86e+1 (2.69e−14) + 5.86e+1 (8.04e−15) + 5.74e+1 (8.20e+0) + 4.90e+1 (2.16e+0)  
 F5 6.87e+0 (1.40e+0) − 7.19e+0 (1.38e+0) − 6.95e+0 (1.75e+0) − 7.20e+0 (2.07e+0) ≈ 3.63e+0 (2.24e+0) − 1.27e+0 (9.97e−1) − 1.05e+1 (2.95e+0) + 1.10e+1 (5.37e+0) + 6.40e+0 (1.33e+0) − 3.98e+0 (1.97e+0) − 1.24e+1 (2.17e+0) + 7.75e+0 (1.47e+0)  
 F6 1.11e−13 (1.59e−14) + 0.00e+0 (0.00e+0) ≈ 1.34e−8 (4.11e−8) + 1.14e−8 (3.73e−8) + 0.00e+0 (0.00e+0) ≈ 5.37e−9 (2.68e−8) ≈ 1.28e−8 (3.75e−8) + 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 1.07e−8 (3.72e−8) + 0.00e+0 (0.00e+0)  
 F7 3.69e+1 (1.20e+0) − 3.77e+1 (1.72e+0) − 3.78e+1 (1.82e+0) − 3.87e+1 (1.60e+0) ≈ 3.65e+1 (2.27e+0) − 3.40e+1 (9.39e−1) − 4.18e+1 (2.97e+0) + 4.03e+1 (4.72e+0) ≈ 3.74e+1 (1.45e+0) − 3.42e+1 (9.38e−1) − 4.32e+1 (2.55e+0) + 3.89e+1 (1.48e+0)  
 F8 7.56e+0 (1.41e+0) ≈ 7.63e+0 (1.69e+0) − 6.81e+0 (2.19e+0) − 7.35e+0 (1.94e+0) − 4.41e+0 (2.36e+0) − 1.35e+0 (9.91e−1) − 1.05e+1 (2.88e+0) + 1.04e+1 (4.20e+0) ≈ 6.98e+0 (1.25e+0) − 3.93e+0 (1.86e+0) − 1.41e+1 (2.25e+0) + 8.24e+0 (1.44e+0)  
 F9 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0)  
 F10 1.43e+3 (2.26e+2) ≈ 1.42e+3 (2.19e+2) ≈ 1.38e+3 (3.09e+2) ≈ 1.56e+3 (2.58e+2) + 1.45e+3 (3.17e+2) ≈ 4.92e+1 (8.75e+1) − 1.40e+3 (1.87e+2) ≈ 9.57e+2 (5.84e+2) − 1.45e+3 (1.98e+2) ≈ 1.40e+3 (3.32e+2) ≈ 1.50e+3 (2.44e+2) ≈ 1.47e+3 (2.20e+2)  
 F11 8.56e+0 (1.42e+1) + 1.65e+1 (2.28e+1) + 3.58e+0 (4.83e+0) − 1.24e+1 (2.11e+1) ≈ 2.37e+1 (2.76e+1) + 2.32e+1 (2.71e+1) + 4.47e+0 (5.69e+0) ≈ 5.26e+0 (2.87e+0) + 1.96e+1 (2.55e+1) + 1.27e+1 (2.13e+1) ≈ 5.03e+0 (8.14e+0) ≈ 8.94e+0 (1.73e+1)  
 F12 2.87e+2 (1.67e+2) + 6.08e+2 (2.41e+2) + 3.68e+2 (2.09e+2) + 1.08e+2 (8.96e+1) − 5.67e+2 (2.87e+2) + 5.25e+2 (2.62e+2) + 4.20e+2 (1.86e+2) + 3.93e+2 (2.25e+2) + 9.92e+2 (3.29e+2) + 2.13e+2 (1.56e+2) + 3.79e+2 (1.94e+2) + 1.35e+2 (8.33e+1)  
 F13 1.54e+1 (1.25e+1) − 1.49e+1 (5.91e+0) − 1.43e+1 (6.73e+0) − 1.87e+1 (3.56e+0) ≈ 1.75e+1 (3.75e+0) ≈ 1.79e+1 (5.23e+0) ≈ 1.32e+1 (6.69e+0) − 1.67e+1 (5.49e+0) ≈ 1.56e+1 (5.86e+0) ≈ 1.30e+1 (5.59e+0) − 1.62e+1 (6.69e+0) ≈ 1.74e+1 (3.99e+0)  
 F14 2.34e+1 (3.05e+0) + 2.19e+1 (2.99e+0) + 1.84e+1 (7.58e+0) ≈ 2.04e+1 (4.79e+0) ≈ 2.13e+1 (5.29e+0) + 1.95e+1 (8.75e+0) + 1.50e+1 (8.47e+0) ≈ 2.10e+1 (5.60e+0) ≈ 2.22e+1 (1.62e+0) + 2.16e+1 (1.05e+0) ≈ 2.02e+1 (5.70e+0) ≈ 2.10e+1 (2.70e+0)  
 F15 4.30e+0 (2.62e+0) + 1.81e+0 (9.74e−1) + 1.25e+0 (1.13e+0) ≈ 1.15e+0 (7.25e−1) + 2.28e+0 (1.43e+0) + 5.08e+0 (2.05e+0) + 3.46e+0 (1.84e+0) + 1.53e+0 (1.11e+0) ≈ 2.78e+0 (1.59e+0) + 1.81e+0 (1.21e+0) + 4.09e+0 (1.85e+0) + 9.79e−1 (6.64e−1)  
 F16 7.73e+1 (8.23e+1) + 3.99e+1 (4.10e+1) + 1.65e+1 (2.48e+1) − 2.62e+1 (3.39e+1) ≈ 3.45e+1 (4.19e+1) + 1.41e+1 (1.09e+0) − 1.16e+2 (9.29e+1) + 2.56e+1 (4.27e+1) − 4.98e+1 (4.76e+1) + 3.77e+1 (5.11e+1) + 1.99e+1 (2.01e+1) ≈ 3.14e+1 (4.70e+1)  
 F17 2.57e+1 (6.49e+0) − 3.45e+1 (5.37e+0) + 2.85e+1 (1.00e+1) ≈ 3.55e+1 (6.44e+0) + 3.39e+1 (8.03e+0) ≈ 2.06e+1 (5.56e+0) − 2.51e+1 (8.96e+0) − 2.65e+1 (3.37e+0) − 3.28e+1 (5.55e+0) ≈ 2.95e+1 (6.38e+0) ≈ 3.57e+1 (5.31e+0) + 3.13e+1 (6.21e+0)  
 F18 2.11e+1 (7.64e−1) + 2.10e+1 (7.07e−1) + 2.06e+1 (3.28e−1) ≈ 2.08e+1 (3.36e−1) + 2.05e+1 (2.91e+0) + 2.61e+1 (2.57e+0) + 2.09e+1 (2.11e+0) + 2.01e+1 (4.06e+0) ≈ 2.16e+1 (1.05e+0) + 2.16e+1 (8.41e−1) + 2.06e+1 (2.98e+0) ≈ 2.06e+1 (1.99e−1)  
 F19 6.04e+0 (1.69e+0) ≈ 5.07e+0 (1.85e+0) ≈ 3.43e+0 (1.08e+0) − 3.64e+0 (1.16e+0) − 5.65e+0 (1.82e+0) ≈ 4.99e+0 (1.55e+0) ≈ 5.00e+0 (1.45e+0) ≈ 3.69e+0 (1.19e+0) − 5.29e+0 (1.64e+0) ≈ 5.99e+0 (1.87e+0) ≈ 5.39e+0 (1.57e+0) ≈ 5.47e+0 (1.77e+0)  
 F20 3.27e+1 (5.71e+0) + 3.09e+1 (5.63e+0) ≈ 2.56e+1 (8.05e+0) − 3.16e+1 (4.92e+0) ≈ 2.98e+1 (8.60e+0) ≈ 1.80e+1 (7.87e+0) − 2.34e+1 (9.73e+0) − 2.49e+1 (2.51e+1) − 3.20e+1 (6.71e+0) + 6.92e+1 (4.73e+1) + 4.59e+1 (9.81e+0) + 2.90e+1 (7.20e+0)  
 F21 2.07e+2 (1.55e+0) − 2.07e+2 (1.59e+0) ≈ 2.07e+2 (1.76e+0) − 2.08e+2 (1.71e+0) ≈ 2.06e+2 (1.73e+0) − 2.02e+2 (1.80e+0) − 2.11e+2 (2.96e+0) + 2.10e+2 (3.98e+0) + 2.07e+2 (1.55e+0) ≈ 2.09e+2 (4.71e+0) ≈ 2.12e+2 (3.10e+0) + 2.08e+2 (1.65e+0)  
 F22 1.00e+2 (6.39e−14) − 1.00e+2 (1.44e−14) ≈ 1.00e+2 (0.00e+0) − 1.00e+2 (1.44e−14) ≈ 1.00e+2 (1.48e−13) − 1.00e+2 (6.39e−14) − 1.00e+2 (1.44e−14) ≈ 1.00e+2 (0.00e+0) − 1.00e+2 (1.44e−14) ≈ 1.00e+2 (1.90e−13) − 1.00e+2 (1.44e−14) ≈ 1.00e+2 (1.44e−14) 
 F23 3.46e+2 (5.16e+0 − 3.50e+2 (3.10e+0) ≈ 3.50e+2 (3.14e+0) ≈ 3.51e+2 (3.26e+0) ≈ 3.50e+2 (2.67e+0) ≈ 3.47e+2 (2.78e+0) − 3.47e+2 (4.79e+0) − 3.56e+2 (6.39e+0) + 3.50e+2 (2.64e+0) ≈ 3.54e+2 (3.58e+0) + 3.55e+2 (3.36e+0) + 3.50e+2 (2.64e+0)  
 F24 4.22e+2 (2.95e+0) − 4.26e+2 (1.71e+0) ≈ 4.26e+2 (2.42e+0) ≈ 4.27e+2 (2.51e+0) + 4.25e+2 (1.56e+0) ≈ 4.24e+2 (1.62e+0) − 4.23e+2 (3.74e+0) − 4.30e+2 (4.10e+0) + 4.26e+2 (1.58e+0) ≈ 4.30e+2 (3.66e+0) + 4.27e+2 (2.77e+0) + 4.26e+2 (1.92e+0)  
 F25 3.87e+2 (7.80e−3) + 3.87e+2 (2.01e−2) + 3.87e+2 (2.00e−2) + 3.87e+2 (6.77e−3) + 3.87e+2 (1.62e−2) + 3.87e+2 (1.78e−2) + 3.87e+2 (1.13e−2) + 3.78e+2 (5.67e−2) − 3.87e+2 (2.47e−2) + 3.87e+2 (7.84e−3) + 3.87e+2 (6.32e−3) + 3.87e+2 (6.30e−3)  
 F26 8.73e+2 (9.17e+1) − 9.23e+2 (4.15e+1) + 9.37e+2 (5.34e+1) + 9.45e+2 (4.96e+1) + 9.29e+2 (3.66e+1) + 8.91e+2 (3.16e+1) ≈ 8.36e+2 (7.01e+1) − 9.41e+2 (5.52e+1) + 9.25e+2 (3.96e+1) + 9.36e+2 (5.47e+1) + 9.28e+2 (5.44e+1) + 9.04e+2 (4.10e+1)  
 F27 4.99e+2 (7.41e+0) ≈ 5.02e+2 (6.28e+0) ≈ 4.78e+2 (5.25e+0) − 4.97e+2 (6.58e+0) − 5.02e+2 (6.40e+0) ≈ 5.01e+2 (5.95e+0) ≈ 4.99e+2 (8.79e+0) ≈ 4.80e+2 (1.74e+1) − 5.03e+2 (5.00e+0) ≈ 5.01e+2 (7.04e+0) ≈ 5.04e+2 (4.80e+0) ≈ 5.02e+2 (6.88e+0)  
 F28 3.15e+2 (3.86e+1) − 3.27e+2 (4.95e+1) ≈ 3.25e+2 (4.83e+1) ≈ 3.11e+2 (3.42e+1) ≈ 3.21e+2 (4.32e+1) ≈ 3.24e+2 (4.54e+1) − 3.19e+2 (4.12e+1) ≈ 3.24e+2 (5.32e+1) − 3.21e+2 (4.36e+1) ≈ 3.04e+2 (2.13e+1) − 3.15e+2 (3.86e+1) ≈ 3.17e+2 (4.00e+1)  
 F29 4.31e+2 (1.26e+1) − 4.37e+2 (9.14e+0) ≈ 3.95e+2 (2.80e+1) − 4.43e+2 (1.00e+1) + 4.33e+2 (9.77e+0) − 4.10e+2 (6.50e+0) − 4.28e+2 (1.05e+1) − 3.80e+2 (2.20e+1) − 4.35e+2 (7.77e+0) ≈ 4.42e+2 (1.40e+1) + 4.33e+2 (7.84e+0) − 4.37e+2 (7.42e+0)  
 F30 2.00e+3 (3.05e+1) + 1.97e+3 (3.76e+1) − 8.25e+2 (3.52e+2) − 1.97e+3 (1.04e+1) ≈ 1.98e+3 (3.94e+1) ≈ 1.98e+3 (3.67e+1) ≈ 1.98e+3 (2.14e+1) + 6.65e+2 (4.14e+2) − 1.98e+3 (3.84e+1) ≈ 1.97e+3 (1.83e+1) ≈ 1.99e+3 (4.51e+1) + 1.97e+3 (1.22e+1)  
 W 11 10 4 10 9 7 12 7 10 11 15
 L 11 5 14 4 6 13 7 12 3 6 1
 T 7 14 11 15 14 9 10 10 16 12 13
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Table 9
Performance comparison of ADCCDE with state-of-the-art DEs on 50–D functions.
 Problem ADE-DMRM SCSS-L-SHADE FODE LSHADE-RSP EaDE DTDE DE-EXP MSDE dFDB-LSHADE mLSHADE-SPACMA NSM-LSHADE-CnEpSin ADCCDE  
 F1 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0)  
 F3 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0)  
 F4 6.34e+1 (4.74e+1) + 6.72e+1 (4.95e+1) + 5.05e+1 (4.21e+1) ≈ 5.40e+1 (4.32e+1) + 8.96e+1 (5.11e+1) + 8.63e+1 (5.15e+1) + 7.28e+1 (4.96e+1) + 6.03e+1 (4.72e+1) ≈ 7.36e+1 (4.81e+1) + 4.87e+1 (3.91e+1) + 4.87e+1 (3.91e+1) + 5.14e+1 (4.44e+1) 
 F5 1.51e+1 (1.94e+0) + 1.16e+1 (1.89e+0) − 1.43e+1 (2.88e+0) ≈ 1.32e+1 (3.27e+0) ≈ 8.02e+0 (3.45e+0) + 1.91e+0 (1.53e+0) − 1.86e+1 (5.76e+0) + 1.62e+1 (6.34e+0) ≈ 1.21e+1 (2.42e+0) − 7.22e+0 (2.17e+0) − 7.22e+0 (2.17e+0) + 1.41e+1 (2.17e+0) 
 F6 2.19e−4 (2.86e−4) + 5.81e−8 (1.17e−7) ≈ 3.92e−7 (7.01e−7) + 8.13e−8 (1.18e−7) ≈ 2.10e−8 (6.20e−8) − 3.17e−8 (7.37e−8) ≈ 3.66e−7 (4.68e−7) + 2.45e−8 (7.59e−8) − 2.02e−5 (1.43e−4) + 2.36e−10 (1.69e−9) − 2.36e−10 (1.69e−9) + 5.77e−8 (1.09e−7) 
 F7 6.36e+1 (1.79e+0) − 6.37e+1 (2.45e+0) − 6.58e+1 (3.60e+0) ≈ 6.66e+1 (2.86e+0) + 6.14e+1 (2.57e+0) + 5.65e+1 (1.08e+0) − 7.00e+1 (5.07e+0) + 6.46e+1 (4.21e+0) ≈ 6.31e+1 (1.78e+0) − 5.70e+1 (9.73e−1) − 5.70e+1 (9.73e−1) + 6.47e+1 (2.19e+0) 
 F8 1.57e+1 (2.35e+0) + 1.15e+1 (2.37e+0) − 1.43e+1 (3.05e+0) ≈ 1.24e+1 (3.73e+0) − 8.10e+0 (3.06e+0) + 1.87e+0 (1.60e+0) − 1.81e+1 (4.51e+0) + 1.46e+1 (5.32e+0) ≈ 1.22e+1 (2.32e+0) − 7.28e+0 (2.47e+0) − 7.28e+0 (2.47e+0) + 1.34e+1 (1.81e+0) 
 F9 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0)  
 F10 3.02e+3 (2.68e+2) ≈ 3.20e+3 (2.80e+2) ≈ 3.01e+3 (4.15e+2) ≈ 3.49e+3 (3.90e+2) + 2.91e+3 (4.93e+2) ≈ 1.59e+2 (9.38e+1) − 2.96e+3 (2.97e+2) − 2.21e+3 (1.11e+3) − 3.16e+3 (2.71e+2) ≈ 3.61e+3 (6.40e+2) + 3.61e+3 (6.40e+2) ≈ 3.11e+3 (3.05e+2) 
 F11 3.23e+1 (6.09e+0) + 3.30e+1 (4.61e+0) + 2.07e+1 (4.07e+0) ≈ 2.50e+1 (3.58e+0) + 3.14e+1 (4.37e+0) + 3.26e+1 (3.89e+0) + 3.13e+1 (4.47e+0) + 2.06e+1 (3.81e+0) ≈ 4.67e+1 (8.22e+0) + 2.99e+1 (4.56e+0) + 2.99e+1 (4.56e+0) + 2.05e+1 (2.13e+0)  
 F12 1.28e+3 (3.31e+2) + 2.18e+3 (5.08e+2) + 1.75e+3 (4.98e+2) + 1.63e+3 (4.55e+2) + 1.91e+3 (5.19e+2) + 2.02e+3 (5.41e+2) + 1.86e+3 (4.10e+2) + 1.93e+3 (4.60e+2) + 2.14e+3 (5.41e+2) + 1.13e+3 (3.42e+2) + 1.13e+3 (3.42e+2) + 8.68e+2 (3.92e+2)  
 F13 7.48e+1 (4.06e+1) + 4.04e+1 (2.79e+1) + 3.87e+1 (2.71e+1) ≈ 3.33e+1 (2.08e+1) ≈ 5.49e+1 (2.85e+1) + 4.47e+1 (2.78e+1) + 7.95e+1 (3.98e+1) + 3.98e+1 (2.32e+1) ≈ 5.78e+1 (2.81e+1) + 2.44e+1 (1.70e+1) − 2.44e+1 (1.70e+1) + 3.48e+1 (2.81e+1) 
 F14 3.11e+1 (3.33e+0) + 2.54e+1 (1.91e+0) + 2.44e+1 (2.31e+0) + 2.30e+1 (1.61e+0) ≈ 2.60e+1 (2.93e+0) + 2.47e+1 (4.69e+0) + 2.43e+1 (1.19e+0) + 2.50e+1 (2.40e+0) + 2.84e+1 (2.70e+0) + 2.41e+1 (2.05e+0) + 2.41e+1 (2.05e+0) + 2.27e+1 (1.15e+0)  
 F15 3.73e+1 (1.27e+1) + 2.68e+1 (3.55e+0) + 2.11e+1 (2.91e+0) ≈ 2.09e+1 (2.07e+0) ≈ 2.69e+1 (4.31e+0) + 2.75e+1 (3.54e+0) + 2.66e+1 (4.39e+0) + 2.22e+1 (3.15e+0) + 3.95e+1 (9.15e+0) + 2.16e+1 (1.91e+0) + 2.16e+1 (1.91e+0) + 2.02e+1 (1.53e+0)  
 F16 2.58e+2 (8.98e+1) − 3.47e+2 (1.26e+2) ≈ 2.30e+2 (1.11e+2) − 3.24e+2 (1.42e+2) ≈ 3.28e+2 (1.37e+2) ≈ 1.33e+2 (2.47e+1) − 3.04e+2 (1.37e+2) ≈ 2.10e+2 (8.82e+1) − 3.76e+2 (1.53e+2) + 4.15e+2 (1.95e+2) + 4.15e+2 (1.95e+2) ≈ 3.16e+2 (1.24e+2) 
 F17 2.72e+2 (6.03e+1) + 2.25e+2 (7.69e+1) + 1.94e+2 (7.25e+1) ≈ 2.12e+2 (1.00e+2) ≈ 2.13e+2 (1.03e+2) ≈ 5.83e+1 (5.48e+1) − 3.04e+2 (9.66e+1) + 1.40e+2 (6.75e+1) − 2.51e+2 (7.76e+1) + 2.37e+2 (9.46e+1) ≈ 2.37e+2 (9.46e+1) + 1.95e+2 (7.66e+1) 
 F18 2.63e+1 (2.59e+0) + 2.65e+1 (2.72e+0) + 2.44e+1 (1.94e+0) + 2.31e+1 (1.40e+0) + 2.73e+1 (2.86e+0) + 3.29e+1 (6.22e+0) + 2.59e+1 (2.88e+0) + 2.49e+1 (1.91e+0) + 3.88e+1 (1.18e+1) + 2.40e+1 (1.99e+0) + 2.40e+1 (1.99e+0) + 2.23e+1 (1.26e+0)  
 F19 1.90e+1 (3.16e+0) + 1.61e+1 (3.00e+0) + 1.27e+1 (2.81e+0) ≈ 1.13e+1 (2.62e+0) − 1.61e+1 (2.57e+0) + 1.04e+1 (2.16e+0) − 1.17e+1 (2.82e+0) − 1.19e+1 (2.29e+0) − 2.18e+1 (4.84e+0) + 1.34e+1 (2.61e+0) ≈ 1.34e+1 (2.61e+0) + 1.33e+1 (2.55e+0) 
 F20 2.00e+2 (5.63e+1) + 1.50e+2 (5.58e+1) + 6.91e+1 (1.37e+1) − 1.24e+2 (6.37e+1) ≈ 1.98e+2 (1.18e+2) ≈ 2.34e+1 (2.51e+0) − 1.76e+2 (1.12e+2) + 3.55e+1 (9.42e+0) − 1.71e+2 (6.52e+1) + 1.56e+2 (9.20e+1) ≈ 1.56e+2 (9.20e+1) + 1.19e+2 (4.22e+1) 
 F21 2.17e+2 (2.42e+0) + 2.12e+2 (2.60e+0) − 2.15e+2 (2.82e+0) ≈ 2.13e+2 (3.82e+0) − 2.09e+2 (4.06e+0) ≈ 2.03e+2 (1.74e+0) − 2.19e+2 (4.75e+0) + 2.17e+2 (6.40e+0) ≈ 2.13e+2 (2.15e+0) − 2.17e+2 (1.22e+1) ≈ 2.17e+2 (1.22e+1) + 2.15e+2 (2.40e+0) 
 F22 1.00e+2 (1.44e−14) − 3.09e+3 (1.36e+3) ≈ 1.01e+3 (1.55e+3) − 2.34e+3 (1.92e+3) ≈ 3.09e+3 (1.30e+3) + 3.39e+2 (1.50e+2) − 3.87e+2 (9.23e+2) − 8.05e+2 (8.90e+2) − 2.37e+3 (1.75e+3) ≈ 2.23e+3 (1.93e+3) ≈ 2.23e+3 (1.93e+3) − 2.85e+3 (1.49e+3) 
 F23 4.23e+2 (7.18e+0) − 4.29e+2 (4.15e+0) ≈ 4.33e+2 (7.00e+0) + 4.32e+2 (6.18e+0) + 4.28e+2 (3.75e+0) − 4.22e+2 (7.16e+0) − 4.25e+2 (9.38e+0) − 4.35e+2 (1.18e+1) + 4.30e+2 (4.61e+0) + 4.44e+2 (7.81e+0) + 4.44e+2 (7.81e+0) + 4.28e+2 (4.72e+0) 
 F24 5.04e+2 (6.35e+0) − 5.05e+2 (2.61e+0) − 5.10e+2 (3.50e+0) + 5.09e+2 (4.01e+0) + 5.06e+2 (4.25e+0) − 5.00e+2 (2.73e+0) − 5.00e+2 (4.95e+0) − 5.11e+2 (4.88e+0) + 5.07e+2 (2.66e+0) ≈ 5.15e+2 (8.88e+0) + 5.15e+2 (8.88e+0) + 5.08e+2 (3.06e+0) 
 F25 4.82e+2 (9.55e+0) + 4.81e+2 (2.88e+0) + 4.80e+2 (1.10e+1) − 4.81e+2 (2.32e+0) + 4.83e+2 (1.18e+1) + 4.81e+2 (3.48e+0) + 4.82e+2 (9.47e+0) + 4.73e+2 (1.45e+1) − 4.82e+2 (5.71e+0) + 4.81e+2 (3.15e+0) + 4.81e+2 (3.15e+0) + 4.81e+2 (2.62e+0) 
 F26 1.06e+3 (7.33e+1) − 1.14e+3 (5.07e+1) + 1.14e+3 (5.64e+1) + 1.12e+3 (5.17e+1) + 1.13e+3 (4.75e+1) ≈ 1.04e+3 (4.79e+1) − 1.02e+3 (8.94e+1) − 1.16e+3 (5.33e+1) + 1.13e+3 (4.74e+1) + 1.14e+3 (5.12e+1) + 1.14e+3 (5.12e+1) + 1.09e+3 (5.51e+1) 
 F27 5.12e+2 (9.23e+0) − 5.27e+2 (1.20e+1) + 5.20e+2 (2.29e+1) ≈ 5.12e+2 (1.27e+1) − 5.30e+2 (1.94e+1) + 5.29e+2 (1.38e+1) + 5.24e+2 (9.12e+0) + 4.98e+2 (8.19e+0) − 5.30e+2 (1.22e+1) + 5.17e+2 (1.00e+1) − 5.17e+2 (1.00e+1) ≈ 5.23e+2 (1.78e+1) 
 F28 4.68e+2 (1.96e+1) + 4.62e+2 (1.16e+1) + 4.57e+2 (1.52e+1) − 4.59e+2 (1.81e−13) + 4.64e+2 (1.47e+1) ≈ 4.62e+2 (1.16e+1) + 4.69e+2 (1.99e+1) + 4.76e+2 (2.51e+1) ≈ 4.72e+2 (2.18e+1) + 4.59e+2 (1.70e−13) + 4.59e+2 (1.70e−13) + 4.60e+2 (9.47e+0) 
 F29 3.56e+2 (1.34e+1) − 3.62e+2 (1.23e+1) ≈ 2.79e+2 (2.11e+1) − 3.67e+2 (1.52e+1) ≈ 3.61e+2 (1.33e+1) ≈ 3.05e+2 (8.42e+0) − 3.48e+2 (1.37e+1) − 2.55e+2 (1.06e+1) − 3.56e+2 (1.17e+1) − 3.71e+2 (1.92e+1) + 3.71e+2 (1.92e+1) − 3.62e+2 (1.08e+1) 
 F30 6.08e+5 (3.39e+4) − 6.53e+5 (7.54e+4) ≈ 1.86e+3 (1.83e+3) − 6.11e+5 (4.34e+4) ≈ 6.53e+5 (6.07e+4) + 6.50e+5 (7.12e+4) ≈ 6.01e+5 (2.93e+4) − 1.19e+4 (2.17e+4) − 6.59e+5 (7.38e+4) ≈ 6.12e+5 (3.83e+4) ≈ 6.12e+5 (3.83e+4) ≈ 6.42e+5 (6.51e+4) 
 W 16 14 7 11 15 10 17 7 17 14 20
 L 9 5 7 4 3 14 8 11 5 6 2
 T 4 10 15 14 11 5 4 11 7 9 7
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Table 10
Performance comparison of ADCCDE with state-of-the-art DEs on 100–D functions.
 Problem ADE-DMRM SCSS-L-SHADE FODE LSHADE-RSP EaDE DTDE DE-EXP MSDE dFDB-LSHADE mLSHADE-SPACMA NSM-LSHADE-CnEpSin ADCCDE  
 F1 5.43e−6 (1.00e−5) + 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 4.12e−4 (6.14e−4) + 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0)  
 F3 2.63e−6 (4.88e−6) + 1.41e−4 (2.40e−4) + 2.79e−6 (3.37e−6) + 2.29e−7 (2.93e−7) + 1.10e−4 (1.86e−4) + 1.10e−4 (1.19e−4) + 4.34e−6 (5.07e−6) + 3.95e−6 (6.70e−6) + 1.37e−6 (1.19e−6) + 0.00e+0 (0.00e+0) − 0.00e+0 (0.00e+0) − 8.12e−8 (8.24e−8) 
 F4 1.86e+2 (2.56e+1) − 1.97e+2 (7.07e+0) ≈ 1.74e+2 (4.04e+1) ≈ 2.01e+2 (1.01e+1) + 1.98e+2 (9.22e+0) ≈ 1.98e+2 (6.91e+0) ≈ 1.82e+2 (3.90e+1) ≈ 1.86e+2 (3.20e+1) − 1.90e+2 (2.66e+1) ≈ 2.00e+2 (1.17e+1) + 2.05e+2 (9.90e+0) + 1.99e+2 (1.44e+1) 
 F5 3.99e+1 (3.88e+0) + 2.94e+1 (4.93e+0) + 3.69e+1 (1.18e+1) + 3.01e+1 (7.99e+0) + 2.43e+1 (6.52e+0) − 4.97e+0 (2.76e+0) − 3.57e+1 (5.08e+0) + 3.10e+1 (6.37e+0) + 3.72e+1 (5.57e+0) + 1.41e+1 (3.34e+0) − 5.99e+1 (7.01e+0) + 2.76e+1 (3.35e+0) 
 F6 8.14e−2 (2.91e−2) + 2.00e−3 (1.60e−3) + 1.00e−3 (1.60e−3) + 2.61e−5 (7.50e−5) + 2.10e−3 (1.90e−3) + 2.07e−3 (1.86e−3) + 5.30e−3 (5.00e−3) + 5.15e−4 (1.20e−3) + 4.40e−3 (3.14e−3) + 0.00e+0 (0.00e+0) − 4.59e−5 (1.58e−5) + 1.79e−6 (1.27e−6) 
 F7 1.32e+2 (2.99e+0) + 1.31e+2 (3.58e+0) + 1.59e+2 (1.08e+1) + 1.39e+2 (8.26e+0) + 1.30e+2 (3.96e+0) + 1.12e+2 (1.46e+0) − 1.38e+2 (5.43e+0) + 1.29e+2 (7.79e+0) ≈ 1.40e+2 (4.03e+0) + 1.13e+2 (1.65e+0) − 1.69e+2 (6.43e+0) + 1.27e+2 (3.22e+0) 
 F8 3.92e+1 (4.20e+0) + 2.71e+1 (4.04e+0) − 3.63e+1 (9.37e+0) + 2.97e+1 (7.87e+0) ≈ 2.30e+1 (6.03e+0) − 4.43e+0 (2.32e+0) − 3.66e+1 (4.70e+0) + 2.89e+1 (6.14e+0) ≈ 3.86e+1 (4.34e+0) + 1.32e+1 (2.90e+0) − 5.89e+1 (6.33e+0) + 2.92e+1 (4.88e+0) 
 F9 1.57e+0 (8.89e−1) + 1.15e−1 (2.12e−1) + 0.00e+0 (0.00e+0) ≈ 1.76e−3 (1.25e−2) ≈ 1.17e−1 (1.75e−1) + 8.84e−2 (1.58e−1) + 1.26e+0 (7.86e−1) + 0.00e+0 (0.00e+0) ≈ 3.17e−1 (4.35e−1) + 0.00e+0 (0.00e+0) ≈ 0.00e+0 (0.00e+0 ≈ 0.00e+0 (0.00e+0)  
 F10 9.25e+3 (5.14e+2) + 9.89e+3 (5.90e+2) + 1.04e+4 (8.07e+2) + 1.07e+4 (8.06e+2) + 9.36e+3 (8.86e+2) + 3.91e+2 (3.18e+2) − 8.94e+3 (5.38e+2) ≈ 6.29e+3 (1.41e+3) − 1.03e+4 (5.79e+2) + 9.99e+3 (9.88e+2) + 1.03e+4 (5.27e+2) + 8.97e+3 (4.65e+2) 
 F11 1.29e+2 (3.59e+1) + 1.73e+2 (5.04e+1) + 1.08e+2 (3.13e+1) + 7.41e+1 (2.38e+1) + 1.70e+2 (4.79e+1) + 1.76e+2 (6.51e+1) + 2.50e+2 (6.60e+1) + 1.44e+2 (4.16e+1) + 4.05e+2 (9.00e+1) + 3.28e+1 (1.58e+1) ≈ 4.84e+1 (3.50e+1) ≈ 4.59e+1 (3.54e+1) 
 F12 5.77e+3 (1.35e+3) + 1.71e+4 (6.42e+3) + 1.80e+4 (6.29e+3) + 1.12e+4 (4.77e+3) + 1.64e+4 (6.63e+3) + 1.74e+4 (7.59e+3) + 2.13e+4 (1.45e+4) + 1.70e+4 (7.07e+3) + 2.43e+4 (1.06e+4) + 4.30e+3 (6.59e+2) − 4.56e+3 (6.72e+2) ≈ 4.92e+3 (1.03e+3) 
 F13 4.19e+2 (4.13e+2) + 1.65e+2 (4.67e+1) + 1.20e+2 (3.19e+1) + 1.30e+2 (3.41e+1) + 1.68e+2 (4.97e+1) + 1.73e+2 (5.02e+1) + 8.06e+2 (2.68e+2) + 1.31e+2 (3.74e+1) + 4.80e+2 (4.05e+2) + 8.09e+1 (2.95e+1) + 1.06e+2 (3.56e+1) + 4.65e+1 (2.37e+1)  
 F14 7.08e+1 (1.49e+1) + 8.91e+1 (1.68e+1) + 6.21e+1 (1.00e+1) + 4.36e+1 (5.56e+0) + 8.76e+1 (1.70e+1) + 8.26e+1 (1.95e+1) + 1.00e+2 (2.12e+1) + 6.78e+1 (1.28e+1) + 2.50e+2 (2.86e+1) + 3.74e+1 (3.77e+0) ≈ 5.13e+1 (8.50e+0) + 3.75e+1 (4.04e+0) 
 F15 1.75e+2 (4.40e+1) + 2.58e+2 (5.47e+1) + 1.97e+2 (5.12e+1) + 1.22e+2 (3.62e+1) + 2.57e+2 (5.13e+1) + 2.57e+2 (5.49e+1) + 2.52e+2 (5.24e+1) + 2.00e+2 (4.30e+1) + 2.56e+2 (4.86e+1) + 6.58e+1 (3.18e+1) + 8.01e+1 (2.87e+1) + 5.39e+1 (3.14e+1)  
 F16 1.37e+3 (2.97e+2) ≈ 1.55e+3 (2.56e+2) + 1.18e+3 (3.18e+2) − 1.60e+3 (4.23e+2) + 1.45e+3 (2.84e+2) ≈ 2.70e+2 (1.59e+2) − 1.07e+3 (2.92e+2) − 5.04e+2 (2.65e+2) − 1.76e+3 (2.22e+2) + 1.40e+3 (4.73e+2) ≈ 1.30e+3 (2.47e+2) − 1.42e+3 (2.56e+2) 
 F17 1.10e+3 (2.29e+2) ≈ 1.04e+3 (2.05e+2) ≈ 9.25e+2 (2.20e+2) − 1.10e+3 (2.59e+2) ≈ 1.01e+3 (2.94e+2) ≈ 5.89e+1 (6.08e+1) − 1.04e+3 (2.22e+2) ≈ 3.48e+2 (1.63e+2) − 1.17e+3 (1.93e+2) + 1.01e+3 (3.26e+2) ≈ 1.06e+3 (1.76e+2) ≈ 1.07e+3 (1.66e+2) 
 F18 9.16e+1 (2.08e+1) + 2.19e+2 (4.71e+1) + 2.11e+2 (4.44e+1) + 1.51e+2 (3.47e+1) + 2.12e+2 (4.22e+1) + 2.08e+2 (4.51e+1) + 2.06e+2 (4.09e+1) + 2.22e+2 (4.85e+1) + 2.35e+2 (4.37e+1) + 6.50e+1 (1.32e+1) + 6.67e+1 (1.70e+1) + 4.58e+1 (1.04e+1)  
 F19 9.25e+1 (1.56e+1) + 1.67e+2 (2.55e+1) + 1.32e+2 (2.38e+1) + 6.25e+1 (8.66e+0) + 1.67e+2 (2.60e+1) + 1.60e+2 (2.16e+1) + 1.89e+2 (3.52e+1) + 1.30e+2 (2.71e+1) + 1.76e+2 (2.00e+1) + 4.16e+1 (4.15e+0) − 5.28e+1 (6.64e+0) + 4.51e+1 (4.97e+0) 
 F20 1.71e+3 (1.62e+2) + 1.49e+3 (2.37e+2) + 1.07e+3 (1.73e+2) ≈ 1.35e+3 (2.43e+2) + 1.44e+3 (2.74e+2) + 1.61e+2 (2.44e+1) − 1.44e+3 (2.31e+2) + 3.48e+2 (1.24e+2) − 1.51e+3 (1.85e+2) + 1.39e+3 (3.34e+2) + 1.25e+3 (1.86e+2) + 1.15e+3 (1.82e+2) 
 F21 2.65e+2 (5.98e+0) + 2.53e+2 (3.58e+0) ≈ 2.57e+2 (8.47e+0) + 2.50e+2 (6.66e+0) − 2.50e+2 (6.52e+0) − 2.26e+2 (3.55e+0) − 2.60e+2 (5.84e+0) + 2.55e+2 (7.27e+0) ≈ 2.58e+2 (6.43e+0) + 2.44e+2 (3.30e+0) − 2.85e+2 (1.30e+1) + 2.52e+2 (4.27e+0) 
 F22 9.74e+3 (2.01e+3) + 1.08e+4 (5.46e+2) + 1.07e+4 (9.77e+2) + 1.13e+4 (6.45e+2) + 1.01e+4 (8.79e+2) + 1.08e+3 (2.74e+2) − 9.81e+3 (1.43e+3) ≈ 5.54e+3 (1.20e+3) − 1.13e+4 (5.18e+2) + 9.94e+3 (8.15e+2) ≈ 1.08e+4 (5.79e+2) + 9.79e+3 (5.04e+2) 
 F23 5.83e+2 (1.69e+1) + 5.60e+2 (1.21e+1) ≈ 5.61e+2 (8.68e+0) + 5.62e+2 (9.08e+0) + 5.62e+2 (1.02e+1) + 5.47e+2 (9.95e+0) − 5.66e+2 (1.33e+1) + 5.61e+2 (9.06e+0) + 5.68e+2 (1.01e+1) + 5.88e+2 (7.13e+0) + 6.07e+2 (1.83e+1) + 5.56e+2 (1.13e+1) 
 F24 8.89e+2 (1.51e+1) − 9.04e+2 (8.63e+0) + 9.07e+2 (7.72e+0) + 8.99e+2 (6.50e+0) ≈ 9.05e+2 (7.32e+0) + 8.95e+2 (7.49e+0) − 8.89e+2 (1.16e+1) − 9.09e+2 (9.90e+0) + 9.13e+2 (7.44e+0) + 9.11e+2 (1.63e+1) + 9.16e+2 (9.11e+0) + 8.99e+2 (5.69e+0) 
 F25 7.04e+2 (4.10e+1) + 7.32e+2 (4.15e+1) + 7.25e+2 (3.52e+1) + 7.22e+2 (4.25e+1) + 7.40e+2 (3.16e+1) + 7.29e+2 (4.01e+1) + 7.14e+2 (4.06e+1) + 7.25e+2 (3.38e+1) + 7.47e+2 (2.89e+1) + 6.67e+2 (4.11e+1) ≈ 6.90e+2 (4.41e+1) ≈ 6.86e+2 (4.82e+1) 
 F26 3.04e+3 (8.98e+1) − 3.19e+3 (8.20e+1) + 3.25e+3 (9.30e+1) + 3.16e+3 (8.56e+1) + 3.23e+3 (9.17e+1) + 3.18e+3 (6.82e+1) + 3.06e+3 (1.22e+2) − 3.28e+3 (9.80e+1) + 3.31e+3 (8.68e+1) + 3.14e+3 (7.20e+1) ≈ 3.04e+3 (1.10e+2) − 3.12e+3 (1.01e+2) 
 F27 5.70e+2 (1.40e+1) ≈ 6.24e+2 (1.90e+1) + 5.00e+2 (4.98e−4) − 5.86e+2 (1.92e+1) + 6.20e+2 (1.76e+1) + 6.23e+2 (2.30e+1) + 6.16e+2 (1.52e+1) + 5.00e+2 (8.06e−4) − 6.26e+2 (1.70e+1) + 5.56e+2 (1.79e+1) − 5.72e+2 (1.75e+1) ≈ 5.76e+2 (2.15e+1) 
 F28 5.27e+2 (3.06e+1) ≈ 5.26e+2 (2.03e+1) + 4.98e+2 (5.89e+0) − 5.23e+2 (2.55e+1) ≈ 5.32e+2 (2.56e+1) + 5.34e+2 (2.57e+1) + 5.32e+2 (3.85e+1) ≈ 5.00e+2 (8.76e−4) − 5.25e+2 (2.67e+1) ≈ 5.09e+2 (1.76e+1) ≈ 5.13e+2 (1.69e+1) ≈ 5.19e+2 (2.47e+1) 
 F29 1.10e+3 (1.66e+2) − 1.27e+3 (1.84e+2) ≈ 8.90e+2 (1.78e+2) − 1.21e+3 (2.10e+2) ≈ 1.24e+3 (1.91e+2) ≈ 8.36e+2 (1.27e+2) − 1.12e+3 (1.41e+2) − 7.57e+2 (1.70e+2) − 1.23e+3 (1.55e+2) ≈ 1.44e+3 (3.18e+2) + 1.16e+3 (1.37e+2) ≈ 1.21e+3 (1.67e+2) 
 F30 2.38e+3 (1.68e+2) + 2.35e+3 (1.19e+2) + 1.03e+3 (1.39e+2) − 2.37e+3 (1.75e+2) + 2.34e+3 (1.22e+2) + 2.36e+3 (1.46e+2) + 2.68e+3 (2.13e+2) + 7.25e+2 (3.19e+2) − 2.40e+3 (1.35e+2) + 2.15e+3 (1.21e+2) − 2.18e+3 (7.05e+1) − 2.29e+3 (1.70e+2) 
 W 21 22 19 21 21 15 20 14 25 9 16
 L 4 1 6 1 3 12 4 10 0 10 4
 T 4 6 4 7 5 2 5 5 4 10 9
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Table 11
Comparison results with state-of-the-art DEs according to Wilcoxon’s test.
 Algorithm 30–D 50–D 100–D

 win tie lose win tie lose win tie lose 
 LSHADE-RSP 10 15 4 11 14 4 21 7 1  
 FODE 4 11 14 7 15 7 19 4 6  
 SCSS-L-SHADE 10 14 5 14 10 5 22 6 1  
 EaDE 9 14 6 15 11 3 21 5 3  
 DE-EXP 12 10 7 17 4 8 20 5 4  
 DTDE 7 9 13 10 5 14 15 2 12  
 MSDE 7 10 12 7 11 11 14 5 10  
 ADE-DMRM 11 7 11 16 4 9 21 4 4  
 dFDB-LSHADE 10 16 3 17 7 5 25 4 0  
 mLSAHDE-SPACMA 11 12 6 14 9 6 9 10 10  
 NSM-LSHADE-CnEpSin 15 13 1 20 7 2 16 9 4  
Fig. 4. Convergence plot of the compared DE algorithms on nine selected functions.
by two baseline algorithms, jSO and LSHADE-cnEpSin, through an 
evolutionary scale adaptation mechanism (ESA) (Zhang et al., 2024). 
Comparing ADCCDE with ESADE can clearly reveal the performance 
differences between ADCC and ESA. Their performance comparison on 
30-D, 50-D, and 100-D functions is shown in Table  13.

From Table  13, it can be seen that: ADCCDE wins 7, 7, 8 in 
30-D, 50-D, and 100-D respectively, and only underperforms ESADE 
on 50-D F5 and 100-D F5. Compared with ESADE, ADCCDE mainly 
has advantages in hybrid functions. As the dimensionality increases, 
the number of functions on which it outperforms ESADE increases 
from 3 to 4. When the dimensionality reaches 100, ADCCDE achieves 
performance improvements on 6 functions, while the performance on 
most of the remaining functions is tied with that of ESADE.
17 
The cooperative subpopulations of ADCC, which integrate the ad-
vantages of two subpopulations, have a core mechanism of adaptive 
matching for exploration and exploitation at the individual dimension. 
This mechanism is highly consistent with the functional characteristics 
of randomly split sub-components of variables in hybrid functions. 
Although ESA dynamically selects an appropriate single strategy at the 
current stage, its optimization efficiency is reduced in hybrid functions 
due to cross-subcomponent interactions. This limitation explains why 
ADCCDE demonstrates superior performance on hybrid functions.

To further verify the advantages of ADCC over ESA, these two 
frameworks are integrated into the LSHADE-cnEpSin algorithm to 
construct the algorithms ESA-LSHADE-cnEpSin and ADCC-LSHADE-
cnEpSin. Both algorithms adopt the ‘‘current-to-ci_mbest’’ and ‘‘current-
to-pbest’’ strategies. The former dynamically selects one of the two 
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Table 12
Overall performance ranking of the 
considered DEs.
 Algorithm Ranking 
 ADCCDE 6.253  
 FODE 6.351  
 ESADE 6.511  
 DTDE 6.557  
 MSDE 6.575  
 mLSHADE-SPACMA 6.851  
 LSHADE-RSP 7.684  
 ADE-DMRM 8.529  
 DE-EXP 8.730  
 EaDE 8.839  
 NSM-LSHADE-CnEpSin 8.925  
 LSHADE-cnEpSin 9.017  
 SCSS-L-SHADE 9.155  
 jSO 9.316  
 dFDB-LSHADE 10.707  

strategies via a threshold to generate offspring, while the latter, on 
the basis of generating offspring using the two strategies, addition-
ally incorporates an offspring fusion module that participates in the 
competition.

Performance comparisons of ADCC with ESA are presented in
Table  14. On unimodal and simple multimodal functions, regardless 
of whether it is 30-D, 50-D or 100-D, ADCC-LSHADE-cnEpSin outper-
forms ESA-LSHADE-cnEpSin on F5, F7, and F8. Additionally, it has 
an advantage on 100-D F6. For hybrid functions, improvements are 
18 
observed on 30-D F11, 50-D F13, 50-D F20, 100-D F15, and 100-D 
F16, while the rest are tied. For composition functions, the ‘‘W/L’’ ratio 
for both 30-D and 50-D is ‘‘3/1’’. When the dimensionality increases 
to 100, ADCC-LSHADE-cnEpSin becomes more competitive with the 
‘‘W/L’’ ratio changing to ‘‘6/1’’.

Compared with being equipped with algorithm modules, being 
equipped with strategy modules yields remarkably better performance 
in high-dimensional problems. This may be attributed to the absence 
of conflicts in mechanisms and parameters among different algorithms, 
and such an advantage is particularly prominent in composition func-
tions. Composition functions have multiple local optima, and all their 
basic functions are processed through rotation, which leads to strong 
correlations among variables. In ADCC, the fusion subpopulation adopts 
an allocation method based on the dispersion degree of dimensions. 
Actually, single-strategy subpopulations produce the same effect on 
dimensions with high correlation. Therefore, the allocation method 
based on dispersion degree can make the subpopulations with strong 
correlations consistent in the direction of exploitation or exploration in 
the next generation. That is to say, it can break the problems caused by 
rotation and effectively help escape from local optima. For ESA, which 
also adopts dynamic competition, the global homogenization caused by 
a single strategy at a certain stage may ignore the correlations among 
variables.

4.5. Applications in real-world optimization

To further assess the performance of ADCCDE against state-of-the-
art DE algorithms in real-world optimization scenarios, eight practical 
application problems covering multiple fields are selected from the 
Table 13
Performance comparisons of ADCCDE with ESADE on 30–D, 50–D and 100–D functions.
 Problem 30–D 50–D 100–D

 ESADE ADCCDE ESADE ADCCDE ESADE ADCCDE

 mean std sig mean std mean std sig mean std mean std sig mean std  
 F1 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 
 F3 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 1.62e−07 1.81e−07 + 8.12e−08 8.24e−08 
 F4 5.03e+01 2.03e+00 + 4.90e+01 2.16e+00 7.45e+01 4.80e+01 + 5.14e+01 4.44e+01 1.98e+02 1.32e+01 ≈ 1.99e+02 1.44e+01 
 F5 7.56e+00 1.67e+00 ≈ 7.75e+00 1.47e+00 1.27e+01 2.09e+00 – 1.41e+01 2.17e+00 2.57e+01 4.02e+00 – 2.76e+01 3.35e+00 
 F6 6.98e−08 1.54e−07 + 0.00e+00 0.00e+00 7.76e−07 1.10e−06 + 5.77e−08 1.09e−07 1.90e−05 9.60e−06 + 1.79e−06 1.27e−06 
 F7 3.85e+01 1.69e+00 ≈ 3.89e+01 1.48e+00 6.45e+01 2.15e+00 ≈ 6.47e+01 2.19e+00 1.26e+02 2.79e+00 ≈ 1.27e+02 3.22e+00 
 F8 7.75e+00 1.52e+00 ≈ 8.24e+00 1.44e+00 1.29e+01 2.92e+00 ≈ 1.34e+01 1.81e+00 2.77e+01 3.43e+00 ≈ 2.92e+01 4.88e+00 
 F9 0.00e+00 0.00e+0 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 
 F10 1.51e+03 2.27e+02 ≈ 1.47e+03 2.20e+02 3.10e+03 3.59e+02 ≈ 3.11e+03 3.05e+02 8.86e+03 5.19e+02 ≈ 8.97e+03 4.65e+02 
 F11 8.99e+00 1.67e+01 ≈ 8.94e+00 1.73e+01 2.18e+01 1.99e+00 + 2.05e+01 2.13e+00 5.60e+01 3.71e+01 + 4.59e+01 3.54e+01 
 F12 1.20e+02 1.02e+02 ≈ 1.35e+02 8.33e+01 8.41e+02 3.17e+02 ≈ 8.68e+02 3.92e+02 5.41e+03 1.20e+03 + 4.92e+03 1.03e+03 
 F13 1.76e+01 5.44e+00 ≈ 1.74e+01 3.99e+00 5.47e+01 3.50e+01 + 3.48e+01 2.81e+01 7.88e+01 2.96e+01 + 4.65e+01 2.37e+01 
 F14 2.01e+01 4.09e+00 ≈ 2.10e+01 2.70e+00 2.32e+01 1.24e+00 + 2.27e+01 1.15e+00 3.74e+01 4.05e+00 ≈ 3.75e+01 4.04e+00 
 F15 3.48e+00 2.15e+00 + 9.79e−01 6.64e−01 2.06e+01 1.91e+00 ≈ 2.02e+01 1.53e+00 7.52e+01 3.53e+01 + 5.39e+01 3.14e+01 
 F16 2.06e+01 2.58e+01 ≈ 3.14e+01 4.70e+01 3.20e+02 1.26e+02 ≈ 3.16e+02 1.24e+02 1.45e+03 2.17e+02 ≈ 1.42e+03 2.56e+02 
 F17 3.51e+01 4.99e+00 + 3.13e+01 6.21e+00 2.47e+02 7.90e+01 + 1.95e+02 7.66e+01 1.05e+03 1.83e+02 ≈ 1.07e+03 1.66e+02 
 F18 2.03e+01 2.70e+00 ≈ 2.06e0+1 1.99e−01 2.25e+01 1.24e+00 ≈ 2.23e+01 1.26e+00 6.01e+01 1.44e+01 + 4.58e+01 1.04e+01 
 F19 5.66e+00 1.33e+00 ≈ 5.47e+00 1.77e+00 1.28e+01 2.48e+00 ≈ 1.33e+01 2.55e+00 4.73e+01 4.50e+00 + 4.51e+01 4.97e+00 
 F20 3.37e+01 4.92e+00 + 2.90e+01 7.20e+00 1.19e+02 4.39e+01 ≈ 1.19e+02 4.22e+01 1.17e+03 1.83e+02 ≈ 1.15e+03 1.82e+02 
 F21 2.08e+02 1.58e+00 ≈ 2.08e+02 1.65e+00 2.15e+02 2.82e+00 ≈ 2.15e+02 2.40e+00 2.51e+2 4.64e+00 ≈ 2.52e+02 4.27e+00 
 F22 1.00e+02 6.39e−14 ≈ 1.00e+02 1.44e−14 2.59e+03 1.56e+03 ≈ 2.85e+03 1.49e+03 9.69e+03 4.80e+02 ≈ 9.79e+03 5.04e+02 
 F23 3.50e+02 2.51e+00 ≈ 3.50e+02 2.64e+00 4.28e+02 4.71e+00 ≈ 4.28e+02 4.72e+00 5.53e+02 7.55e+00 ≈ 5.56e+02 1.13e+01 
 F24 4.26e+02 1.99e+00 ≈ 4.26e+02 1.92e+00 5.07e+02 2.77e+00 ≈ 5.08e+02 3.06e+00 8.99e+02 5.53e+00 ≈ 8.99e+02 5.69e+00 
 F25 3.87e+02 5.30e−03 ≈ 3.87e+02 6.30e−03 4.80e+02 1.53e+00 ≈ 4.81e+02 2.62e+00 6.72e+02 5.00e+01 ≈ 6.86e+02 4.82e+01 
 F26 8.91e+02 3.47e+01 ≈ 9.04e+02 4.10e+01 1.08e+03 3.83e+01 ≈ 1.09e+03 5.51e+01 3.08e+03 9.16e+01 ≈ 3.12e+03 1.01e+02 
 F27 5.00e+02 6.31e+00 ≈ 5.02e+02 6.88e+00 5.20e+02 1.11e+01 ≈ 5.23e+02 1.78e+01 5.74e+02 1.81e+01 ≈ 5.76e+02 2.15e+01 
 F28 3.06e+02 2.45e+01 + 3.17e+02 4.00e+01 4.58e+02 1.83e−01 + 4.60e+02 9.47e+00 5.16e+02 2.61e+01 ≈ 5.19e+02 2.47e+01 
 F29 4.36e+02 1.30e+01 ≈ 4.37e+02 7.42e+00 3.58e+02 1.15e+01 ≈ 3.62e+02 1.08e+01 1.17e+03 1.52e+02 ≈ 1.21e+03 1.67e+02 
 F30 1.98e+03 4.07e+01 + 1.97e+03 1.22e0+1 6.48e+05 6.87e+04 ≈ 6.42e+05 6.51e+4 2.25e+03 1.09e+02 ≈ 2.29e+03 1.70e+02 
 W 7 7 8
 L 0 1 1
 T 22 21 20
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Table 14
Performance comparisons of ADCC–LSHADE–cnEpSin with ESA–LSHADE–cnEpSin on 30–D, 50–D and 100–D functions.
 Problem 30–D 50–D 100–D

 ESA–LSHADE–cnEpSin ADCC–LSHADE–cnEpSin ESA–LSHADE–cnEpSin ADCC–LSHADE–cnEpSin ESA–LSHADE–cnEpSin ADCC–LSHADE–cnEpSin

 mean std sig mean std mean std sig mean std mean std sig mean std  
 F1 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00  
 F3 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00  
 F4 4.29e+01 3.94e+00 ≈ 4.40e+01 3.18e+00 4.73e+01 4.06e+01 ≈ 5.24e+01 4.67e+01 2.01e+02 7.89e+00 ≈ 2.00e+02 8.43e+00  
 F5 1.05e+01 2.49e+00 + 9.45e+00 1.60e+00 2.01e+01 6.95e+00 + 1.66e+01 5.43e+00 4.72e+01 7.65e+00 + 3.43e+01 6.19e+00  
 F6 1.61e−08 8.05e−08 ≈ 3.07e−09 1.07e−08 7.88e−07 9.33e−07 ≈ 5.72e−07 6.12e−07 6.56e−05 2.51e−05 + 4.18e−05 1.80e−05  
 F7 4.13e+01 2.39e+00 + 3.92e+01 1.92e+00 7.04e+01 4.99e+00 + 6.63e+01 3.97e+00 1.49e+02 4.93e+00 + 1.42e+02 4.90e+00  
 F8 1.15e+01 2.13e+00 + 9.24e+00 1.93e+00 2.05e+01 6.36e+00 + 1.76e+01 4.83e+00 4.40e+01 1.03e+01 + 3.34e+01 5.98e+00  
 F9 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00 0.00e+00 0.00e+00 ≈ 0.00e+00 0.00e+00  
 F10 1.45e+03 2.29e+02 ≈ 1.41e+03 2.09e+02 3.14e+03 2.91e+02 ≈ 3.11e+03 3.56e+02 1.01e+04 6.03e+02 ≈ 1.01e+04 5.91e+02  
 F11 1.84e+01 2.33e+01 + 1.08e+01 1.79e+01 2.19e+01 1.90e+00 ≈ 2.22e+01 2.61e+00 5.53e+01 3.16e+01 ≈ 4.67e+01 2.90e+01  
 F12 3.82e+02 2.37e+02 ≈ 3.69e+02 1.82e+2 1.22e+03 4.35e+02 ≈ 1.34e+03 2.95e+02 4.48e+03 6.14e+02 ≈ 4.53e+03 6.13e+02  
 F13 1.53e+01 6.17e+00 ≈ 1.52e+01 6.58e+00 7.59e+01 3.47e+01 + 4.73e+01 3.27e+01 1.16e+02 3.86e+01 ≈ 1.03e+02 2.88e+01  
 F14 2.11e+01 2.89e+00 ≈ 2.05e+01 4.04e+00 2.59e+01 1.78e+00 ≈ 2.63e+01 2.94e+00 5.11e+01 7.65e+00 ≈ 5.20e+01 9.75e+00  
 F15 3.65e+00 2.04e+00 ≈ 3.03e+00 1.82e+00 2.58e+01 3.78e+00 ≈ 2.43e+01 3.60e+00 9.25e+01 2.45e+01 + 8.14e+01 2.95e+01  
 F16 1.37e+01 3.48e+00 ≈ 1.70e+01 2.30e+01 2.73e+02 1.10e+02 ≈ 2.56e+02 1.14e+02 1.20e+03 2.44e+02 + 9.43e+02 2.84e+02  
 F17 2.80e+01 6.55e+00 ≈ 2.71e+01 5.84e+00 2.08e+02 6.49e+01 ≈ 2.12e+02 6.85e+01 8.83e+02 1.78e+02 ≈ 8.26e+02 1.54e+02  
 F18 2.08e+01 2.90e+00 ≈ 2.12e+01 8.07e−01 2.45e+01 2.35e+00 ≈ 2.43e+01 1.98e+00 7.47e+01 1.81e+01 ≈ 6.97e+01 1.53e+01  
 F19 5.88e+00 1.65e+00 ≈ 5.77e+00 1.67e+00 1.64e+1 2.55e+00 ≈ 1.69e+01 3.49e+00 5.64e+01 5.45e+00 ≈ 5.54e+01 5.51e+00  
 F20 3.08e+01 5.58e+00 ≈ 3.10e+01 7.87e+00 1.18e+02 3.50e+01 + 1.03e+02 1.54e+01 1.11e+03 1.71e+02 ≈ 1.05e+03 1.37e+02  
 F21 2.11e+02 2.76e+00 + 2.09e+02 2.46e+00 2.23e+02 6.83e+00 + 2.19e+02 5.86e+00 2.69e+02 1.01e+01 + 2.59e+02 5.93e+00  
 F22 1.00e+02 1.44e−14 ≈ 1.00e+02 6.39e−14 1.66e+03 1.70e+03 ≈ 1.24e+03 1.63e+03 1.03e+04 7.00e+02 + 9.83e+03 7.27e+02  
 F23 3.54e+02 2.89e+00 + 3.52e+02 3.83e+00 4.36e+02 5.66e+00 + 4.31e+02 5.72e+00 5.89e+02 8.39e+00 + 5.74e+02 9.16e+00  
 F24 4.27e+02 2.56e+00 ≈ 4.27e+02 2.19e+00 5.11e+02 5.60e+00 ≈ 5.10e+02 4.34e+00 9.12e+02 1.21e+01 + 9.00e+02 9.66e+00  
 F25 3.87e+02 7.00e−03 – 3.87e+02 7.00e−03 4.81e+02 3.12e+00 ≈ 4.81e+02 2.86e+00 6.70e+02 4.52e+01 – 6.92e+02 4.69e+01  
 F26 9.29e+02 4.34e+01 + 9.01e+02 4.33e+01 1.16e+03 8.68e+01 + 1.12e+03 7.69e+01 3.06e+03 8.92e+01 + 3.01e+03 6.39e+01  
 F27 5.04e+02 4.62e+00 ≈ 5.05e+02 5.94e+00 5.26e+02 1.49e+01 ≈ 5.29e+02 1.56e+01 5.91e+02 1.96e+01 ≈ 5.88e+02 1.56e+01  
 F28 3.13e+02 3.60e+01 ≈ 3.21e+02 4.36e+01 4.59e+02 1.17e+01 – 4.60e+02 1.17e+01 5.14e+02 1.60e+01 ≈ 5.12e+02 2.04e+01  
 F29 4.35e+02 6.69e+00 ≈ 4.34e+02 6.37e+00 3.52e+02 1.04e+01 ≈ 3.50e+02 8.78e+00 1.12e+03 1.49e+02 + 1.05e+03 1.23e+02  
 F30 1.99e+03 5.24e+01 ≈ 2.00e+03 7.21e+01 6.53e+05 8.34e+04 ≈ 6.47e+05 8.35e+04 2.35e+03 1.45e+02 ≈ 2.38e+03 1.96e+02  
 W 7 8 12
 L 1 1 1
 T 21 20 16
CEC2011 (Das and Suganthan, 2010) for experiments. These include 
Lennard-Jones Potential Problem (P1), Spread Spectrum Radar Polly 
phase Code Design Problem (P2), Large Scale Transmission Pricing 
Problem (P3), Static Economic Load Dispatch Problem No. 11.5 and 
11.6 with different sizes and constraint (P4 and P5), Hydrothermal 
Scheduling Problem No. 11.8 and 11.20 (P6 and P7), and Messenger: 
Spacecraft Trajectory Optimization Problem (P8). For each algorithm 
and each problem, every run is terminated after 150,000 function 
evaluations. For the eight benchmark problems, the mean, standard 
deviation, best, worst, and p-values of the tested algorithm are re-
ported, along with the Wilcoxon rank-sum test results of ADCCDE, as 
summarized in Table  15.

As presented in Table  15, the ADCCDE algorithm achieves distinct 
advantages on problems of P4 and P5, outperforming 11 advanced DE 
variants in all cases with no defeats. On problems of P6 and P7, it fails 
to outperform the two algorithms, dFDB-LSHADE and NSM-LSHADE-
CnEpSin, with the rest of the results being win or tie. Similarly, among 
the comparisons with numerous algorithms, only the performance on 
P1 and P8 is suboptimal, with the ‘‘W/L’’ ratios of these two problems 
being ‘‘5/2’’ and ‘‘9/2’’ respectively. On P1 problem, it ties with most 
of the compared algorithms. Although it is outperformed by DE-EXP, 
ADE-DMRM and dFDB-LSHADE on P3 problems, it wins in most of the 
other comparisons, with a ‘‘W/L’’ ratio of ‘‘10/3’’. On P2 problem, it 
also suffers three defeats, with a slightly lower ‘‘W/L’’ ratio of ‘‘7/3’’ 
compared with that on P3.

Table  16 summarizes the results of the Wilcoxon rank-sum test of 
the ADCCDE algorithm against 11 state-of-the-art DE algorithms on 
eight problems. Obviously, our ADCCDE algorithm achieves results of 
‘‘win’’ or ‘‘tie’’ in most comparison scenarios. In the vertical comparison 
19 
with these 11 advanced algorithms, ADCCDE suffers no defeats against 
six of them. Among which, it wins as many as 7 problems against both 
LSHADE-RSP and mLSHADE-SPACMA. However, against the three al-
gorithms LSHADE-cnEpSin, dFDB-LSHADE and NSM-LSHADE-CnEpSin, 
it performs less satisfactorily, with the ‘‘W/L’’ ratios being ‘‘5/2’’, ‘‘4/3’’ 
and ‘‘3/2’’ respectively.

To conduct the significance analysis of the overall performance dif-
ferences among multiple algorithms on multiple tests, the Friedman test 
is adopted to eliminate the interference of randomness and instability, 
the results of which are presented in Table  17. With NSM-LSHADE-
CnEpSin as the midpoint, a cliff-like gap emerges between the average 
ranks of the algorithms behind it and those in front of it. ESADE, EaDE, 
DTDE and SCSS-L-SHADE have similar ranks behind it. Similarly, dFDB-
LSHADE has a rank close to that of ADCCDE, yet ADCCDE still ranks 
first with an advantageous average rank of 3.750. 

5. Conclusion

This paper proposes an adaptive dual-module competition and co-
operation (ADCC) optimization framework, aiming to address the dy-
namic balance challenge between exploration and exploitation in com-
plex optimization problems. The core of ADCC lies in designing two 
modules with complementary characteristics and their dynamic in-
tegration scheme to achieve adaptive adjustment of strategies. One 
module is oriented toward global exploration, whereas the other em-
phasizes local exploitation to intensify the search within high-quality 
regions. The fusion module integrates the dimensional fragments of the 
trial vectors generated by the original dual modules at the individual 
level based on the fitness of the offspring and the iteration progress, 
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Table 15
Performance comparisons with state-of-the-art DEs on real-world problems.
  Problem   Algorithm
 jSO LSHADE-

cnEpSin
LSHADE-
RSP

FODE SCSS-
L-SHADE

EaDE DTDE DE-EXP ADE-DMRM MSDE ESADE dFDB-
LSHADE

mLSAHDE-
SPACMA

NSM-LSHADE-
CnEpSin

ADCCDE   

 

P1

Mean −2.62e+01 −2.61e+01 −2.45e+01 −1.76e+01 −2.63e+01 −2.62e+01 −1.09e+01 −2.66e+01 −2.64e+01 −2.71e+01 −2.64e+01 −2.75e+01 −2.75e+01 −2.74e+01 −2.64e+01   
 STD 7.96e−01 5.56e−01 1.41e+00 9.08e−01 4.90e−01 4.86e−01 2.01e+00 5.23e−01 4.86e−01 6.76e−01 6.18e−01 4.24e−01 3.99e−01 4.77e−01 5.19e−01   
 Best −2.45e+01 −2.50e+01 −2.01e+01 −1.95e+01 −2.53e+01 −2.52e+01 −7.03e+00 −2.56e+01 −2.56e+01 −2.54e+01 −2.53e+01 −2.84e+01 −2.83e+01 −2.83e+01 −2.54e+01   
 Worst −2.78e+01 −2.75e+01 −2.68e+01 −1.58e+01 −2.71e+01 −2.72e+01 −1.43e+01 −2.84e+01 −2.78e+01 −2.84e+01 −2.80e+01 −2.72e+01 −2.69e+01 −2.65e+01 −2.75e+01   
 p-value 2.97e−01 5.01e−02 4.31e−08 3.02e−11 6.20e−01 1.96e−01 3.02e−11 1.05e−01 8.30e−01 8.15e−05 7.62e−01 3.78e−02 3.82e−09 4.36e−02 /   
 +∕− ∕ ≈ ≈ ≈ + + ≈ ≈ + ≈ ≈ – ≈ + – + /   
 

P2

Mean 1.05e+00 5.00e−01 1.14e+00 1.29e+00 1.16e+00 1.07e+00 7.16e−01 1.10e+00 1.05e+00 6.17e−01 1.05e+00 1.14e+00 1.10e+00 1.02e+00 1.04e+00   
 STD 1.02e−01 0.00e+00 1.43e−01 1.24e−01 9.00e−02 1.05e−01 1.46e−01 8.55e−02 1.03e−01 1.11e−01 8.75e−02 7.82e−02 1.16e−01 4.76e−02 9.34e−02   
 Best 8.85e−01 5.00e−01 7.71e−01 1.01e+00 9.30e−01 6.83e−01 5.00e−01 8.99e−01 7.25e−01 5.00e−01 8.65e−01 1.00e+00 8.68e−01 8.93e−01 8.54e−01   
 Worst 1.24e+00 5.00e−01 1.40e+00 1.47e+00 1.35e+00 1.22e+00 9.71e−01 1.24e+00 1.19e+00 8.88e−01 1.20e+00 1.30e+00 1.29e+00 1.10e+00 1.22e+00   
 p-value 7.73e−01 1.21e−12 1.17e−03 1.43e−08 4.74e−06 1.09e−01 2.61e−10 1.08e−02 4.29e−01 3.68e−11 6.84e−01 1.17e−04 2.32e−02 4.84e−02 /   
 +∕− ∕ ≈ ≈ – + + + ≈ – + ≈ – ≈ + + + /   
 

P3

Mean 2.71e+03 3.28e+03 2.30e+03 3.70e+04 2.31e+03 2.37e+03 2.44e+03 7.70e+02 1.55e+03 4.43e+03 2.65e+03 1.36e+03 2.55e+04 1.80e+03 1.76e+03   
 STD 5.34e+02 1.12e+03 5.53e+02 5.93e+03 5.69e+02 5.28e+02 5.65e+02 2.14e+02 3.59e+02 4.79e+02 6.41e+02 1.17e+02 1.02e+00 3.57e+02 4.67e+02   
 Best 1.41e+03 1.36e+03 1.35e+03 1.76e+04 9.57e+02 1.28e+03 1.09e+03 3.51e+02 8.93e+02 3.55e+03 1.53e+03 1.18e+03 2.55e+04 1.37e+03 9.62e+02   
 Worst 3.84e+03 6.46e+03 3.67e+03 4.43e+04 3.88e+03 3.72e+03 3.51e+03 1.33e+03 2.51e+03 5.29e+03 3.87e+03 1.61e+03 2.55e+04 2.96e+03 2.81e+03   
 p-value 5.53e−08 4.69e−08 2.53e−04 3.02e−11 1.32e−04 4.08e−05 1.75e−05 1.09e−10 4.21e−02 3.02e−11 1.11e−06 2.39e−04 3.02e−11 8.42e−01 /   
 +∕− ∕ ≈ + + + + + + + – − + + – + ≈ /   
 

P4

Mean 3.27e+04 3.28e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.28e+04 3.28e+04 3.27e+04 3.27e+04 1.00e+30 3.27e+04 3.27e+04   
 STD 5.73e−01 4.58e+01 2.74e−01 2.56e+00 1.54e−01 1.51e−01 2.90e−01 1.25e+00 3.17e+01 1.56e+01 2.88e−01 2.16e−01 1.43e+14 1.08e+01 2.14e−01   
 Best 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 1.00e+30 3.27e+04 3.27e+04   
 Worst 3.27e+04 3.29e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.27e+04 3.29e+04 3.28e+04 3.27e+04 3.27e+04 1.00e+30 3.28e+04 3.27e+04   
 p-value 2.05e−03 4.98e−11 1.17e−03 8.64e−01 7.17e−01 4.12e−01 2.05e−03 4.11e−07 7.12e−09 4.50e−11 9.52e−04 4.36e−02 1.21e−12 1.60e−03 /   
 +∕− ∕ ≈ + + + ≈ ≈ ≈ + + + + + + + + /   
 

P5

Mean 1.24e+05 1.25e+05 1.24e+05 1.23e+05 1.24e+05 1.24e+05 1.24e+05 1.24e+05 1.24e+05 1.25e+05 1.23e+05 1.23e+05 7.24e+08 1.24e+05 1.23e+05   
 STD 5.26e+02 5.30e+02 5.25e+02 4.65e+02 5.17e+02 5.02e+02 4.67e+02 7.28e+02 4.69e+02 6.43e+02 6.30e+02 4.67e+02 2.33e+07 4.14e+02 4.59e+02   
 Best 1.23e+05 1.23e+05 1.23e+05 1.22e+05 1.23e+05 1.23e+05 1.23e+05 1.23e+05 1.23e+05 1.24e+05 1.22e+05 1.22e+05 6.81e+08 1.22e+05 1.22e+05   
 Worst 1.25e+05 1.26e+05 1.25e+05 1.24e+05 1.25e+05 1.25e+05 1.25e+05 1.25e+05 1.25e+05 1.26e+05 1.25e+05 1.24e+05 7.55e+08 1.25e+05 1.24e+05   
 p-value 1.17e−04 1.21e−10 6.28e−06 3.26e−01 5.09e−06 2.57e−07 1.73e−06 1.73e−07 2.67e−09 4.50e−11 1.70e−02 1.15e−01 3.01e−11 5.20e−01 /   
 +∕− ∕ ≈ + + + ≈ + + + + + + + ≈ + ≈ /   
 

P6

Mean 9.33e+05 9.35e+05 9.33e+05 9.53e+05 9.33e+05 9.32e+05 9.33e+05 4.91e+06 4.18e+06 9.41e+05 9.34e+05 9.26e+05 2.57e+07 9.24e+05 9.32e+05   
 STD 1.96e+03 2.02e+03 1.25e+03 3.59e+03 1.63e+03 1.25e+03 1.33e+03 9.19e+05 4.72e+05 1.29e+03 1.42e+03 6.17e+02 4.82e+02 5.05e+02 1.44e+03   
 Best 9.30e+05 9.31e+05 9.30e+05 9.44e+05 9.30e+05 9.30e+05 9.30e+05 2.93e+06 3.33e+06 9.39e+05 9.32e+05 9.25e+05 2.57e+07 9.24e+05 9.29e+05   
 Worst 9.38e+05 9.39e+05 9.35e+05 9.60e+05 9.39e+05 9.36e+05 9.34e+05 6.81e+06 5.62e+06 9.43e+05 9.37e+05 9.27e+05 2.57e+07 9.26e+05 9.35e+05   
 p-value 1.77e−03 1.56e−08 3.15e−02 3.02e−11 1.96e−01 1.96e−01 1.91e−02 3.02e−11 3.02e−11 3.02e−11 5.19e−07 3.02e−11 3.02e−11 3.02e−11 /   
 +∕− ∕ ≈ + + + + ≈ ≈ + + + + + – + – /   
 

P7

Mean 9.34e+05 9.35e+05 9.33e+05 9.52e+05 9.33e+05 9.32e+05 9.32e+05 4.62e+06 4.17e+06 9.41e+05 9.34e+05 9.26e+05 2.57e+07 9.34e+05 9.32e+05   
 STD 1.74e+03 1.58e+03 1.49e+03 3.83e+03 1.74e+03 1.55e+03 1.44e+03 6.15e+05 5.79e+05 1.53e+03 1.17e+03 6.24e+02 3.10e+02 4.62e+02 1.42e+03   
 Best 9.31e+05 9.31e+05 9.30e+05 9.44e+05 9.30e+05 9.30e+05 9.30e+05 3.62e+06 3.30e+06 9.39e+05 9.32e+05 9.25e+05 2.57e+07 9.34e+05 9.30e+05   
 Worst 9.37e+05 9.38e+05 9.35e+05 9.60e+05 9.38e+05 9.37e+05 9.36e+05 5.86e+06 5.77e+06 9.44e+05 9.37e+05 9.27e+05 2.57e+07 9.36e+05 9.36e+05   
 p-value 3.18e−03 5.53e−08 8.77e−02 3.02e−11 3.26e−01 8.53e−01 8.30e−01 3.02e−11 3.02e−11 3.02e−11 7.22e−06 3.02e−11 3.02e−11 3.02e−11 /   
 +∕− ∕ ≈ + + ≈ + ≈ ≈ ≈ + + + + – + – /   
 

P8

Mean 1.59e+01 1.43e+01 1.60e+01 1.83e+01 1.62e+01 1.60e+01 1.62e+01 2.14e+01 2.15e+01 1.37e+01 1.58e+01 1.55e+01 1.00e+30 1.51e+01 1.55e+01   
 STD 5.93e−01 1.83e+00 6.12e−01 1.75e+00 7.28e−01 7.27e−01 5.48e−01 2.66e+00 1.69e+00 1.62e+00 5.08e−01 7.47e−01 1.43e+14 5.82e−01 7.00e−01   
 Best 1.45e+01 1.04e+01 1.37e+01 1.56e+01 1.46e+01 1.44e+01 1.49e+01 1.42e+01 1.74e+01 8.69e+00 1.50e+01 1.28e+01 1.00e+30 1.42e+01 1.42e+01   
 Worst 1.72e+01 1.83e+01 1.72e+01 2.18e+01 1.77e+01 1.73e+01 1.73e+01 2.56e+01 2.51e+01 1.64e+01 1.68e+01 1.67e+01 1.00e+30 1.61e+01 1.65e+01   
 p-value 6.79e−02 3.67e−03 1.17e−02 4.62e−10 2.75e−03 5.32e−03 1.78e−04 6.52e−09 3.02e−11 8.84e−07 7.73e−02 4.14e−03 1.21e−12 3.40e−01 /   
 +∕− ∕ ≈ ≈ – + + + + + + + – ≈ + + ≈ /   
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Table 16
Summary of ADCCDE’s performance compared with state-of-the-art DEs on real-world problems.
 jSO LSHADE-cnEpSin LSHADE-RSP FODE SCSS-L-SHADE EaDE DTDE DE-EXP ADE-DMRM MSDE ESADE dFDB-LSHADE mLSHADE-SPACMA NSM-LSHADE-CnEpSin 
 W 5 5 7 6 4 3 6 6 5 5 5 4 7 3   L 0 2 0 0 0 0 1 1 1 3 0 3 1 2   T 3 1 1 2 4 5 1 1 2 0 3 1 0 3  
Table 17
Overall performance ranking of the considered DEs on real-world problems.
 Algorithm Ranking 
 ADCCDE 3.750  
 dFDB-LSHADE 3.875  
 NSM-LSHADE-CnEpSin 5.250  
 ESADE 7.125  
 EaDE 7.375  
 DTDE 7.625  
 SCSS-L-SHADE 7.750  
 jSO 8.125  
 LSHADE-RSP 8.250  
 MSDE 8.500  
 LSHADE-cnEpSin 9.250  
 DE-EXP 9.875  
 ADE-DMRM 10.125  
 FODE 10.375  
 mLSHADE-SPACMA 12.750  

achieving dynamic collaboration between the dual modules. To enable 
on-demand selection among the three, ADCC integrates population 
diversity and iteration stage information to realize fine-grained control 
throughout the entire process.

Different mutation strategies and algorithms are employed to val-
idate the ADCC framework. Experimental results show that ADCC 
significantly improves the baseline DEs. The proposed ADCCDE algo-
rithm achieves a statistically superior ranking compared to two baseline 
DE algorithms and several state-of-the-art DE variants. Furthermore, 
a comparison is conducted between the ADCC and ESA frameworks, 
verifying the effectiveness of dual-module dimension fusion.

The theoretical significance of the ADCCDE method lies in address-
ing the mismatch defect occurring in the instantaneous replacement 
of subpopulations. This defect emerges under the current paradigm, 
which features adaptive single subpopulation generation and continu-
ous population states throughout the entire stage. By integrating the 
advantages of two complementary modules, collaborative solutions 
fused with the merits of multiple strategies are constructed and allowed 
to participate in competition. This provides a new way of thinking for 
solving such transition phase problems. Meanwhile, aiming at the prob-
lem that strategy mechanisms of most multi-strategy algorithms need 
to be preset in advance, a dynamically autonomous allocation mode is 
developed. This mode relies on the Euclidean distance between strategy 
offspring and parent individuals for allocation. It can reflect the dis-
persion degree of strategy subpopulations to a certain extent, realizing 
real-time allocation of current exploration and exploitation population 
modules. Thus, it offers a new analytical scheme for subsequent similar 
problems.

In future work, ADCCDE can be extended to more types of module 
combinations. These combinations are not limited to strategies and 
algorithms; the same idea may also be applied and extended to modules 
such as parameters. The high-level algorithm integration introduces 
relatively high complexity. In follow-up research, efforts can focus 
on the pre-utilizability of dynamic competition values. This enables 
advance prediction of the modules required for offspring generation, 
further improving the lightweight level of the algorithm. Meanwhile the 
algorithm can be integrated with the reward mechanism of reinforce-
ment learning. Selecting optimal parameters in the current phase based 
on reinforcement learning to achieve parameter self-adaptation can 
effectively eliminate the impact of parameter sensitivity. Additionally, 
21 
its applications in other types of optimization, such as noisy (Zhang 
et al., 2025), multi-modal (Yue et al., 2017), multi-objective (Lin et al., 
2024) and multi-task (G. Li et al., 2022) optimizations, will be further 
expanded.

The source code of ADCCDE is available at https://zsxhomepage.gi
thub.io/.
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