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Abstract 

Cloud task scheduling is a critical optimization problem in cloud computing environments, 
aiming to allocate computational tasks to appropriate virtual machines while reducing 
execution time, balancing resource load, and minimizing scheduling cost. However, due to 
the high dimensionality, nonlinear characteristics, and complex constraints of cloud 
scheduling scenarios, traditional optimization methods often struggle to obtain high-quality 
solutions efficiently. To address these challenges, this paper proposes a Multi-strategy 
Improved Golden Sine Optimization Algorithm (MIGoldSA) for global optimization and 
cloud task scheduling problems. First, an adaptive chaotic opposition initialization strategy is 
incorporated to improve the distribution quality and diversity of the initial population. 
Second, a dynamic elite-guided sine evolution strategy is designed to reduce the dependence 
on a single best individual and improve the coordination between global exploration and local 
exploitation. Third, an Economic Investment Strategy is introduced to adaptively allocate 
search efforts according to the optimization potential of individuals. To verify the effectiveness 
of MIGoldSA, extensive experiments are conducted on the IEEE CEC2017 and CEC2022 
benchmark suites and compared with nine advanced optimization algorithms. The results 
show that MIGoldSA obtains the best or tied-best mean fitness values on 60 out of 84 
benchmark cases, accounting for 71.43% of all test cases. In the Wilcoxon signed-rank test, 
MIGoldSA achieves 662 wins, 57 ties, and 37 losses among 756 pairwise comparisons, 
corresponding to an overall win rate of 87.57% and a non-inferiority rate of 95.11%. In 
addition, the Friedman mean ranks of MIGoldSA are 1.47, 2.00, 3.98, and 4.17 under the four 
benchmark settings, which are reduced by 85.26%, 79.94%, 45.25%, and 42.32%, respectively, 
compared with the original GoldSA. Furthermore, the proposed algorithm is applied to cloud 
task scheduling problems under different task scales. The experimental results show that 
MIGoldSA maintains competitive time-cost performance and achieves clear reductions in 
load cost, price cost, and comprehensive scheduling cost. Compared with the original 
GoldSA, the normalized comprehensive scheduling cost is reduced by approximately 9–14% 
in small-scale scenarios and approximately 18–21% in large-scale scenarios. Meanwhile, the 
normalized load cost and price cost are reduced by about 18–25% and 10–18%, respectively, 
and the time cost shows an approximately 8–12% reduction in large-scale scheduling 
scenarios. These quantitative results demonstrate that MIGoldSA can improve the 
optimization accuracy, statistical robustness, and overall scheduling cost efficiency of the 
original GoldSA on most tested problems. 
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1. Introduction 
With the rapid development of cloud computing [1], the Internet of Things (IoT) [2], 

artificial intelligence [3], mobile communication [4], and big data technologies [5], massive 
computational tasks are continuously generated in modern network environments. Various 
intelligent applications, such as smart healthcare, intelligent transportation, industrial 
automation, online social platforms, and scientific data analysis, require increasingly high 
computing efficiency, storage capacity, and service quality. However, traditional local 
computing paradigms are often insufficient for processing large-scale and computation-
intensive tasks due to their limited computing and storage resources. As a result, cloud 
computing has become an effective paradigm for providing scalable, flexible, and on-demand 
computing services. By employing virtualization technology and distributed resource 
management mechanisms, cloud computing platforms can dynamically allocate computing 
resources according to user requirements, thereby improving computational efficiency and 
reducing operational costs [6,7]. 

Among the key issues in cloud computing systems, cloud task scheduling is one of the 
most critical and challenging optimization problems. Its main purpose is to assign 
heterogeneous tasks to appropriate virtual machines or computing resources while 
optimizing multiple objectives, such as execution time, energy consumption, transmission 
cost, load balancing, and resource utilization. Nevertheless, due to the dynamic, nonlinear, 
and highly complex characteristics of cloud environments, cloud task scheduling is 
generally regarded as an NP-hard problem [8]. As the number of tasks and virtual machines 
increases, the search space expands rapidly, making it difficult for traditional deterministic 
methods to obtain high-quality scheduling solutions within an acceptable computational 
time. Therefore, developing efficient and robust optimization algorithms for cloud task 
scheduling remains an important research topic. 

Metaheuristic optimization algorithms have attracted extensive attention due to their 
strong global search capability, flexible problem adaptability, and limited dependence on 
mathematical properties of optimization problems. However, existing metaheuristic 
algorithms still face several common challenges, including insufficient population diversity, 
premature convergence, poor adaptability in high-dimensional search spaces, and difficulty 
in maintaining a proper balance between exploration and exploitation [9,10]. According to the 
No Free Lunch theorem, no single optimization algorithm can perform best for all 
optimization problems. Therefore, improving existing algorithms and designing more 
effective search mechanisms are still necessary for complex global optimization and practical 
engineering problems. 

The Golden Sine Algorithm (GoldSA) is a metaheuristic optimization algorithm inspired 
by the golden ratio and the periodic characteristics of the sine function [11]. Owing to its 
simple structure, few control parameters, and easy implementation, GoldSA has been applied 
to various optimization problems. However, the original GoldSA still has several limitations 
when dealing with high-dimensional and complex multimodal problems. First, the random 
initialization mechanism may lead to insufficient population diversity and uneven solution 
distribution. Second, the sine-guided position update mechanism mainly depends on the 
current best individual, which may cause population aggregation and increase the risk of 
premature convergence. Third, the original GoldSA lacks an adaptive mechanism to 
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dynamically coordinate exploration and exploitation according to the population state. These 
limitations may reduce its optimization accuracy and robustness in complex search spaces. 

To address the above limitations, this paper proposes a Multi-strategy Improved 
Golden Sine Optimization Algorithm (MIGoldSA) for global optimization and cloud task 
scheduling problems. It should be noted that the proposed method is not intended to 
introduce a completely new optimization paradigm, but to refine the search behavior of the 
original GoldSA through three targeted modifications. These modifications are designed 
from different aspects of the optimization process, including population initialization, elite-
guided evolution, and adaptive search resource allocation. 

First, an adaptive chaotic opposition initialization strategy is incorporated into GoldSA. 
This strategy combines the ergodicity of chaotic mapping with the search-space expansion 
capability of opposition-based learning. Since both chaotic initialization and opposition-
based learning have been widely used in metaheuristic optimization, the contribution of this 
strategy lies mainly in their adaptive integration into the initialization stage of GoldSA. Its 
purpose is to improve the distribution quality of the initial population and provide more 
diverse candidate solutions before the iterative search begins. 

Second, a dynamic elite-guided sine evolution strategy is designed to modify the original 
sine-based position updating mechanism of GoldSA. Different from the original GoldSA, 
which mainly relies on the current best solution as the search target, this strategy constructs a 
weighted elite guidance center using multiple high-quality individuals. In addition, two time-
varying coefficients are introduced to adjust the influence of elite guidance and individual 
historical positions during different search stages. Therefore, this strategy represents a 
mechanism-level modification of the GoldSA updating rule, aiming to reduce the dependence 
on a single best individual and improve the coordination between exploration and 
exploitation. 

Third, an Economic Investment Strategy is introduced as an adaptive search intensity 
allocation mechanism. Inspired by the idea that resources are allocated according to potential 
returns in economic systems, this strategy evaluates the relative optimization potential of each 
individual based on its fitness value. Individuals with higher potential are assigned stronger 
exploitation guidance toward the current best solution, whereas individuals with lower 
potential are encouraged to perform more exploration-oriented updates through differential 
information from randomly selected individuals. The innovation of this strategy lies in 
introducing a fitness-dependent allocation rule into the GoldSA search process, rather than 
proposing an independent economic optimization model. In this way, the strategy provides a 
simple and adaptive mechanism for balancing local refinement and population diversity 
maintenance. 

Overall, the proposed MIGoldSA is a multi-strategy enhanced version of GoldSA. The 
adaptive chaotic opposition initialization strategy mainly serves as a combinatorial 
improvement for population initialization, while the dynamic elite-guided sine evolution 
strategy and the Economic Investment Strategy further modify the search updating process of 
GoldSA. Through these complementary modifications, MIGoldSA aims to improve the 
population diversity, convergence stability, and search adaptability of the original GoldSA in 
complex optimization problems, without substantially increasing the algorithmic complexity. 

The main contributions of this paper are summarized as follows: 

1. A multi-strategy improved version of the Golden Sine Algorithm, named MIGoldSA, 
is proposed for global optimization and cloud task scheduling problems. The proposed 
algorithm improves the original GoldSA from the aspects of population initialization, 
elite-guided evolution, and adaptive search intensity allocation. 

2. An adaptive chaotic opposition initialization strategy is integrated into GoldSA. This 
strategy combines chaotic mapping and opposition-based learning to improve the 
initial population distribution and enhance early-stage search diversity. 
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3. A dynamic elite-guided sine evolution strategy is developed by replacing the single 
best-solution guidance in the original GoldSA with a weighted multi-elite guidance 
center. This mechanism modifies the original sine-based updating rule and helps 
reduce excessive dependence on a single best individual. 

4. An Economic Investment Strategy is introduced to adaptively adjust the search 
intensity of different individuals according to their relative fitness quality. This strategy 
provides a fitness-dependent mechanism for coordinating exploitation-oriented and 
exploration-oriented updates. 

5. The effectiveness of MIGoldSA is evaluated on the IEEE CEC2017 and CEC2022 
benchmark suites and further verified on cloud task scheduling problems. The 
experimental results show that the proposed modifications can improve the 
optimization performance of GoldSA on most tested problems. 

The remainder of this paper is organized as follows. Section 2 reviews the related works 
on cloud task scheduling, metaheuristic optimization algorithms, and GoldSA-based 
methods. Section 3 introduces the original Golden Sine Algorithm. Section 4 presents the 
proposed MIGoldSA algorithm and its three improvement strategies. Section 5 reports the 
experimental results on the IEEE CEC2017 and CEC2022 benchmark suites. Section 6 applies 
MIGoldSA to cloud task scheduling problems and analyzes the corresponding experimental 
results. Finally, Section 7 concludes this paper and discusses future research directions. 

2. Related Work 
2.1. Cloud Task Scheduling Optimization 

Cloud task scheduling has received considerable attention in recent years because it 
directly affects the execution efficiency, resource utilization, load balance, and service quality 
of cloud computing systems. Traditional optimization methods, such as linear programming 
[12], dynamic programming [13], and heuristic rule-based scheduling algorithms [14], can 
obtain satisfactory solutions for small-scale or simplified scheduling problems. However, 
these methods usually have limited scalability and adaptability when dealing with large-scale, 
nonlinear, heterogeneous, and dynamically changing cloud environments. To overcome these 
limitations, metaheuristic optimization algorithms have been widely introduced into cloud 
task scheduling problems. For example, Faten A. Saif et al. proposed a Multi-Objective Gray 
Wolf Optimizer (MGWO) to minimize latency and energy consumption under Quality of 
Service (QoS) requirements. The simulation results demonstrated that MGWO could 
effectively reduce latency and energy consumption compared with existing methods [15]. 
Neetu Sharma et al. developed an improved Ant Colony Optimization algorithm based on a 
neural network mechanism to optimize task allocation and resource organization. The results 
showed that the proposed LBACO algorithm achieved better scheduling performance and 
faster optimization speed [16]. Cui et al. constructed a multi-objective cloud task scheduling 
model by considering execution time, execution cost, and virtual machine load balancing, and 
proposed a scheduling algorithm based on evolutionary multifactor optimization. Their 
results indicated that knowledge transfer among subpopulations could accelerate 
convergence and improve the optimization performance of multiple objectives [17]. 

Although these studies have improved cloud task scheduling performance from 
different perspectives, the scheduling problem remains challenging due to the high 
dimensionality, complex constraints, and strong coupling among scheduling objectives. 
Therefore, more robust and adaptive optimization algorithms are still required to obtain 
high-quality scheduling solutions under different task scales. 
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2.2. Metaheuristic Optimization Algorithms 

Metaheuristic algorithms have been widely used in global optimization and 
engineering applications because they do not require strict mathematical assumptions and 
can effectively search complex solution spaces. In recent years, many improved 
metaheuristic algorithms have been proposed to enhance convergence accuracy, population 
diversity, and robustness. For instance, Qin et al. proposed an Enhanced Red-Tailed Hawk 
algorithm based on a multi-elite strategy and chaotic mapping for cloud task scheduling. 
The proposed ERTH algorithm showed faster convergence speed and higher stability in 
minimizing task completion time and system load cost [18]. Liu et al. proposed an improved 
Ant Colony Optimization variant, named IHMACO, for global path planning problems. By 
incorporating several new mechanisms, IHMACO achieved superior performance 
compared with multiple existing path planning methods [19]. Shen et al. introduced a 
population evolution strategy into the Whale Optimization Algorithm and proposed 
MEWOA for solving the CEC2019 benchmark functions and engineering design problems. 
The experimental results demonstrated its strong competitiveness and solution accuracy 
[20]. 

Despite their successful applications, many metaheuristic algorithms still suffer from 
common drawbacks, such as insufficient population diversity, premature convergence, and 
imbalance between exploration and exploitation. These problems become more serious 
when solving high-dimensional, multimodal, hybrid, and composition optimization 
problems. Therefore, designing effective improvement strategies to maintain population 
diversity, strengthen elite guidance, and adaptively regulate search behaviors is essential 
for improving optimization performance. 

2.3. GoldSA and Its Improved Variants 

The Golden Sine Algorithm (GoldSA), proposed by Tanyildizi et al. [11], is a 
mathematical metaheuristic algorithm inspired by the golden ratio and the periodic 
oscillation of the sine function. By combining sine-based position updating with the golden 
section mechanism, GoldSA can guide search agents toward promising regions and 
gradually narrow the search interval. Due to its simple structure, few parameters, and easy 
implementation, GoldSA has been used as an effective optimization component in several 
hybrid and improved algorithms. 

For example, Liu et al. proposed a hybrid optimization algorithm combining the 
Arithmetic Optimization Algorithm and GoldSA. The population was divided into two 
subgroups and optimized using different search mechanisms. The experimental results on 
industrial engineering design problems demonstrated that the hybrid algorithm achieved 
better optimization accuracy and convergence speed than the original AOA, GoldSA, and 
other comparison algorithms [21]. Li et al. introduced the Runge–Kutta method and the 
Golden Sine strategy into the Arithmetic Optimization Algorithm to improve its 
convergence speed and global search capability. The results showed significant 
improvements in convergence speed, convergence accuracy, and stability compared with 
the standard AOA [22]. 

These studies indicate that the GoldSA mechanism has good potential for improving 
optimization performance. However, the original GoldSA still has some limitations, 
including insufficient diversity in the initialization stage, strong dependence on the current 
best solution, and lack of adaptive search regulation. Therefore, this paper further improves 
GoldSA by introducing an adaptive chaotic opposition initialization strategy, a dynamic 
elite-guided sine evolution strategy, and an Economic Investment Strategy. Compared with 
existing GoldSA-related methods, the proposed MIGoldSA focuses not only on improving 
convergence accuracy but also on strengthening population diversity maintenance and 
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adaptive exploration–exploitation coordination, making it more suitable for complex global 
optimization and cloud task scheduling problems. 

3. Golden Sine Algorithm (GoldSA) 
Golden Sine Algorithm (GoldSA) is a population-based metaheuristic optimization 

algorithm inspired by mathematical mechanisms. Different from traditional swarm 
intelligence algorithms inspired by biological behaviors or physical phenomena, GoldSA is 
developed based on the periodic characteristics of the sine function and the search 
mechanism of the golden section theory. By combining the oscillatory search behavior of 
the sine function with the interval contraction capability of the golden section method, 
GoldSA can effectively balance global exploration and local exploitation during the 
optimization process. Owing to its simple structure, few control parameters, and fast 
convergence characteristics, GoldSA has attracted increasing attention in solving 
continuous optimization problems. 

3.1. Basic Principle of GoldSA 

The inspiration of GoldSA mainly originates from the periodic variation property of 
the sine function. As a classical trigonometric function, the sine function exhibits periodic 
oscillation behavior within the interval [−1, 1]. Such oscillatory characteristics are highly 
similar to the dynamic search behavior of metaheuristic algorithms in the solution space. 
Therefore, GoldSA utilizes the sine function to guide search agents to move periodically 
around the target solution, thereby enhancing the diversity of population search trajectories 
and improving the ability to escape local optima. 

Meanwhile, in order to further improve the search efficiency, GoldSA introduces the 
golden section mechanism into the optimization process. The golden section method is a 
classical mathematical optimization technique that gradually narrows the search interval 
according to the golden ratio, enabling the search process to focus more efficiently on 
promising regions. By integrating the sine oscillation mechanism and the golden section 
strategy, GoldSA achieves dynamic adjustment of the search range during iterations, which 
significantly enhances convergence performance and solution accuracy. 

3.2. Population Initialization 

Similar to most population-based optimization algorithms, GoldSA first randomly 
initializes the population within the feasible search space. Suppose the population size is 𝑁 
and the problem dimension is 𝐷. The position of the 𝑖-th search agent in the 𝑗-th dimension 
is represented by 𝑉(𝑖, 𝑗). The initialization process can be expressed as follows: 𝑉(𝑖, 𝑗) = 𝑟𝑎𝑛𝑑 × (𝑢𝑏௝ − 𝑙𝑏௝) + 𝑙𝑏௝ (1)

Where  𝑟𝑎𝑛𝑑 is a uniformly distributed random number within [0, 1]; 𝑢𝑏௝ and 𝑙𝑏௝ denote 
the upper and lower bounds of the 𝑗-th dimension, respectively; 𝑉(𝑖, 𝑗)  represents the 
position value of the 𝑖-th individual in the 𝑗-th dimension. 

This initialization strategy enables the search agents to be evenly distributed 
throughout the search space, thereby improving the population diversity during the early 
optimization stage and enhancing the global exploration capability of the algorithm. 

3.3. Position Updating Mechanism 

The core component of GoldSA is the position updating strategy based on the sine 
function and golden section coefficients. During each iteration, the search agents 
dynamically update their positions around the current target solution according to the 
following equation: 
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𝑉(𝑖, 𝑗) = 𝑉(𝑖, 𝑗) × |sin(𝑟ଵ)| − 𝑟ଶ × sin(𝑟ଵ) × |𝑥ଵ × 𝐷(𝑗) − 𝑥ଶ × 𝑉(𝑖, 𝑗)| (2)

where 𝑉(𝑖, 𝑗) denotes the current position of the search agent; 𝐷(𝑗) represents the position 
of the current best solution in the 𝑗 -th dimension; 𝑟ଵ ∈ [0, 2𝜋]  is a random parameter 
controlling the periodic variation in the sine function; 𝑟ଶ ∈ [0,𝜋] is a random step-size 
adjustment parameter; 𝑥ଵ and 𝑥ଶ are the golden section coefficients. 

In this mechanism, the periodic oscillation property of the sine function enables the 
search agents to perform nonlinear movements within the search space. When the value of |sin(𝑟ଵ)|  is large, the search step becomes relatively large, which enhances global 
exploration. Conversely, when |sin(𝑟ଵ)| is small, the movement amplitude decreases, and 
the algorithm tends to focus on local exploitation. Meanwhile, the target solution 𝐷(𝑗) 
provides directional guidance for the population, allowing the search agents to gradually 
converge toward promising regions. 

Therefore, the position updating mechanism of GoldSA establishes a dynamic balance 
between exploration and exploitation by integrating periodic oscillatory search behavior 
with elite-guided search. 

3.4. Golden Section Search Mechanism 

The golden section mechanism is one of the most important components of GoldSA, 
and its primary objective is to gradually shrink the search interval to improve optimization 
efficiency. The golden ratio can be defined as follows: 𝜏 = √5− 12 ≈ 0.618 (3)

Assume that the current search interval is [𝑎, 𝑏]. Then, two golden section points can 
be calculated as: 𝑥ଵ = 𝑎(1 − 𝜏) + 𝑏𝜏 (4) 

𝑥ଶ = 𝑎𝜏 + 𝑏(1 − 𝜏) (5) 

where 𝑎 and 𝑏 denote the lower and upper boundaries of the search interval, respectively; 𝜏 is the golden ratio coefficient; 𝑥ଵ and 𝑥ଶ are the two golden section search points. In 
GoldSA, the initial values are generally set as: 𝑎 = −𝜋, 𝑏 = 𝜋 (6)

During the iterative process, the search interval is dynamically adjusted according to 
the fitness relationship between the current individual and the target solution. Specifically, 
if the newly generated solution is better than the current target solution, the corresponding 
interval boundary is updated to further narrow the search region. Consequently, the search 
process gradually focuses on more promising areas, thereby accelerating convergence and 
improving solution precision. 

The incorporation of the golden section mechanism allows GoldSA to avoid excessive 
random exploration and enhances the local exploitation capability of the algorithm. 

3.5. Optimization Procedure of GoldSA 

The overall optimization process of GoldSA can be summarized as follows: 

1. Randomly initialize the population within the feasible search space; 
2. Evaluate the fitness values of all search agents; 
3. Determine the current global best solution as the target solution; 
4. Update the positions of search agents using the sine-based updating equation and 

golden section coefficients; 
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5. Recalculate the fitness values and update the global best solution; 
6. Repeat the iterative process until the termination criterion is satisfied; 
7. Output the final global optimal solution. 

Through the collaborative interaction between the sine oscillation mechanism and the 
golden section search strategy, GoldSA exhibits relatively strong optimization capability in 
solving continuous optimization problems. The GoldSA execution flowchart is shown in 
Figure 1. 

 

Figure 1. GoldSA Execution Flowchart. 

3.6. Advantages and Limitations of GoldSA 

Compared with conventional metaheuristic algorithms, GoldSA possesses several 
advantages, including simple structure, fewer control parameters, fast convergence speed, 
and easy implementation. Furthermore, the sine-based oscillatory search mechanism 
improves population diversity, while the golden section strategy enhances local exploitation 
efficiency. 

However, the original GoldSA still suffers from several shortcomings when dealing with 
complex and high-dimensional optimization problems. First, since the population is 
initialized by a purely random mechanism and the search process gradually contracts around 
promising regions, the population diversity may decrease rapidly in the later optimization 
stage, which increases the risk of premature convergence [9,10]. Second, according to the 
position updating mechanism of GoldSA, the search direction is mainly guided by the current 
target solution, which may make the algorithm prone to being trapped in local optima when 
solving complex multimodal problems [11,21]. Third, although the sine-based search 
mechanism and golden section strategy contribute to exploration and exploitation, the original 
GoldSA lacks an adaptive mechanism to dynamically adjust the search behavior according to 
the population state, which may lead to an insufficient balance between global exploration 
and local exploitation in high-dimensional optimization tasks [22]. Therefore, further 
improvement strategies are necessary to enhance the global optimization performance, 
population diversity maintenance ability, and local exploitation capability of GoldSA. 
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4. Proposed MIGoldSA 
To overcome the shortcomings of the original Golden Sine Algorithm (GoldSA), such 

as insufficient population diversity, weak balance between exploration and exploitation, 
and susceptibility to premature convergence in complex multimodal optimization 
problems, this paper proposes a Multi-Strategy Improved Golden Sine Algorithm 
(MIGoldSA). Specifically, three novel enhancement strategies are introduced, including an 
adaptive chaotic opposition initialization strategy, a dynamic elite-guided sine evolution 
strategy, and an Economic Investment Strategy. The proposed strategies collaboratively 
improve the global exploration capability, local exploitation efficiency, and adaptive 
resource allocation ability of the original GoldSA, thereby significantly enhancing its 
optimization performance in high-dimensional and complex search spaces. In particular, 
the Economic Investment Strategy dynamically allocates search efforts according to the 
optimization potential of individuals, enabling high-quality individuals to receive stronger 
exploitation guidance while maintaining sufficient population diversity through 
exploration-oriented updates for inferior individuals. 

4.1. Adaptive Chaotic Opposition Initialization Strategy 

In the original GoldSA, the initial population is generated purely by uniform random 
distribution. Although such a mechanism is simple and easy to implement, it often suffers 
from uneven population distribution and insufficient diversity, especially in high-
dimensional optimization problems. Consequently, the algorithm may fail to adequately 
explore promising regions during the early search stage. 

To address this issue, an adaptive chaotic opposition initialization strategy is proposed. 
First, chaotic mapping is introduced to improve the randomness and ergodicity of the initial 
population. Then, opposition-based learning is employed to further expand the search 
coverage of the population [23]. 

The chaotic sequence is generated using the Tent chaotic map as follows: 

𝑧௜ାଵ = ൞ 𝑧௜𝜇 , 𝑧௜ < 𝜇1 − 𝑧௜1 − 𝜇 , 𝑧௜ ≥ 𝜇 (7) 

where 𝑧௜  denotes the chaotic variable of the 𝑖 -th iteration; 𝜇 ∈ (0, 1)  is the control 
parameter of the Tent map. Using the generated chaotic sequence, the initial population can 
be constructed as: 𝑋௜,௝ = 𝑙𝑏௝ + 𝑧௜ × (𝑢𝑏௝ − 𝑙𝑏௝) (8) 

where 𝑋௜,௝  represents the position of the 𝑖-th individual in the 𝑗-th dimension; 𝑙𝑏௝  and 𝑢𝑏௝ denote the lower and upper bounds of the 𝑗-th dimension, respectively. 
Subsequently, opposition-based learning is employed to generate opposite candidate 

solutions: 𝑋෠௜,௝ = 𝑙𝑏௝ + 𝑢𝑏௝ − 𝑋௜,௝ (9) 

where 𝑋෠௜,௝ denotes the opposite solution of 𝑋௜,௝. Finally, the better individuals are selected 
from the combined population according to fitness values to construct the initial population 
of MIGoldSA. 

By combining chaotic mapping and opposition-based learning, the proposed strategy 
significantly enhances the diversity and distribution uniformity of the initial population, 
thereby improving the global exploration capability of the algorithm during the early 
optimization stage. Figure 2 illustrates a schematic diagram of this strategy. 
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Figure 2. Schematic Diagram of the Adaptive Chaotic Opposition Initialization Strategy. 

4.2. Dynamic Elite-Guided Sine Evolution Strategy 

In the original GoldSA, the position updating process excessively relies on the current 
global best solution. Although this mechanism accelerates convergence, it also increases the 
risk of premature convergence and population aggregation around local optima. 

To alleviate this issue, a dynamic elite-guided sine evolution strategy is proposed. 
Instead of using only the global best individual, multiple elite individuals are utilized 
collaboratively to guide the population evolution process. 

First, the elite guidance center is constructed as: 

𝐸 = ෍ ௄
௞ୀଵ 𝜔௞𝑋௞ (10) 

where 𝐸  denotes the elite guidance center; 𝐾  is the number of elite individuals; 𝑋௞ 
represents the 𝑘 -th elite individual; 𝜔௞  denotes the adaptive weight of the 𝑘 -th elite 
individual. The adaptive weights are calculated according to fitness values: 𝜔௞ = 1/(𝑓௞ + 𝜀)∑  ௄௠ୀଵ 1/(𝑓௠ + 𝜀) (11) 

where 𝑓௞ denotes the fitness value of the 𝑘-th elite individual; 𝜀 is a very small constant 
used to avoid division by zero. Then, the original GoldSA position updating equation is 
modified as: 𝑋௜,௝௧ାଵ = 𝑋௜,௝௧ ⋅ |sin(𝑟ଵ)| − 𝑟ଶsin(𝑟ଵ) ⋅ |𝑐ଵ𝐸௝ − 𝑐ଶ𝑋௜,௝௧ | (12) 

where 𝑋௜,௝௧  and 𝑋௜,௝௧ାଵ  denote the positions before and after updating, respectively; 𝐸௝  
represents the 𝑗-th dimension of the elite guidance center; 𝑟ଵ ∈ [0, 2𝜋] and 𝑟ଶ ∈ [0, 𝜋] are 
random parameters; 𝑐ଵ and 𝑐ଶ are adaptive control coefficients. The adaptive coefficients 
are dynamically adjusted as: 𝑐ଵ = 2 ൬1 − 𝑡𝑇൰ (13) 

𝑐ଶ = 𝑡𝑇 (14) 

where 𝑡  denotes the current iteration number; 𝑇  denotes the maximum number of 
iterations. 
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At the early optimization stage, larger 𝑐ଵ values encourage global exploration around 
elite regions. As iterations proceed, larger 𝑐ଶ  values gradually enhance local exploitation 
capability. 

Therefore, the proposed strategy effectively improves the balance between exploration 
and exploitation while reducing the dependence on a single best solution. Figure 3 
illustrates a schematic diagram of this strategy. 

 

Figure 3. Schematic Diagram of Dynamic Elite-Guided Sine Evolution Strategy. 

4.3. Economic Investment Strategy 

To further enhance the search efficiency of MIGoldSA and improve its ability to 
allocate search resources adaptively, an Economic Investment Strategy is introduced. The 
main idea of this strategy is inspired by the investment decision-making process in 
economic systems. In real investment activities, more resources are usually allocated to 
assets with higher potential returns, while fewer resources are assigned to low-quality or 
high-risk assets. Similarly, in the optimization process, individuals with better fitness values 
can be regarded as high-return search assets, while inferior individuals are considered low-
return assets. Therefore, different update intensities are assigned to individuals according 
to their fitness quality, so that the algorithm can adaptively balance exploration and 
exploitation. 

First, the investment potential of the 𝑖-th individual is defined according to its fitness 
value: 𝐼௜ = 𝑓௪௢௥௦௧ − 𝑓௜ + 𝜀𝑓௪௢௥௦௧ − 𝑓௕௘௦௧ + 𝜀 (15) 

where 𝐼௜ denotes the investment potential of the 𝑖-th individual, 𝑓௜ represents the fitness 
value of the 𝑖-th individual, 𝑓௕௘௦௧ and 𝑓௪௢௥௦௧ are the best and worst fitness values in the 
current population, respectively, and 𝜀 is a small constant used to avoid division by zero. 
For minimization problems, a larger 𝐼௜ indicates that the individual has better optimization 
potential and should receive stronger exploitation guidance. Then, the investment 
coefficient is calculated as follows: 𝜆௜ = 𝜆௠௜௡ + (𝜆௠௔௫ − 𝜆௠௜௡)𝐼௜ (16) 

where 𝜆௜ is the adaptive investment coefficient of the 𝑖-th individual, and 𝜆௠௜௡ and 𝜆௠௔௫ 
denote the minimum and maximum investment levels, respectively. 



Mathematics 2026, 14, 2445 12 of 41 
 

https://doi.org/10.3390/math14132445 

Based on the investment coefficient, the position of each individual is updated by: 𝑋௜௧ାଵ = 𝑋௜௧ + 𝜆௜𝑟ଵ(𝑋௕௘௦௧௧ − 𝑋௜௧) + (1 − 𝜆௜)𝑟ଶ(𝑋௥ଵ௧ − 𝑋௥ଶ௧ ) (17) 

where 𝑋௜௧ represents the position of the 𝑖-th individual at iteration 𝑡, 𝑋௕௘௦௧௧  denotes the 
current global best solution, 𝑋௥ଵ௧  and 𝑋௥ଶ௧  are two randomly selected individuals from the 
population, and 𝑟ଵ and 𝑟ଶ are random numbers in [0, 1]. 

In this update mechanism, individuals with higher investment potential are guided 
more strongly by the current best solution, thereby accelerating convergence and 
strengthening local exploitation. Conversely, individuals with lower investment potential 
rely more on the difference between randomly selected individuals, which helps maintain 
population diversity and enhances global exploration. Therefore, the proposed Economic 
Investment Strategy enables MIGoldSA to dynamically allocate search resources according 
to individual quality, improving both convergence accuracy and robustness in complex 
optimization problems. Figure 4 illustrates a schematic diagram of this strategy. 

 

Figure 4. Schematic Diagram of Economic Investment Strategy. 

4.4. Computational Complexity Analysis of MIGoldSA 

Assume that the population size is 𝑁, the problem dimension is 𝐷, and the maximum 
iteration number is 𝑇. In MIGoldSA, the adaptive chaotic opposition initialization strategy 
introduces additional opposition-based solution generation operations, whose computational 
complexity is 𝑂(𝑁𝐷). The dynamic elite-guided sine evolution strategy mainly involves elite 
individual weighting, sine-guided position updating, and adaptive search operations, and its 
computational complexity also remains 𝑂(𝑁𝐷) . Furthermore, the proposed Economic 
Investment Strategy dynamically calculates the investment potential and adaptive investment 
coefficient for each individual according to its fitness quality, followed by investment-guided 
position updates. The computational cost of these operations is likewise 𝑂(𝑁𝐷). 

Therefore, the overall computational complexity of MIGoldSA can still be expressed as 𝑂(𝑇 × 𝑁 × 𝐷). which is consistent with the original GoldSA in terms of complexity order. 
Consequently, the proposed improvement strategies do not significantly increase the 
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computational burden of the algorithm while substantially enhancing its global exploration 
capability, local exploitation efficiency, and optimization accuracy in complex search spaces. 
Figure 5 illustrates the flowchart of the MIGoldSA. The global convergence analysis of 
MIGoldSA proposed in this paper is presented in Appendix A. 

 

Figure 5. MIGoldSA Flowchart. 

5. Global Optimization Experiment Analysis 
This section aims to comprehensively evaluate the optimization performance of the 

proposed MIGoldSA through extensive experiments conducted on the IEEE CEC2017 and 
IEEE CEC2022 benchmark test suites. First, a brief introduction to the characteristics of the 
benchmark functions is provided, followed by detailed descriptions of the comparison 
algorithms and their parameter settings. Subsequently, MIGoldSA is compared with nine 
advanced state-of-the-art optimization algorithms to verify its effectiveness and 
competitiveness in solving complex optimization problems. Finally, statistical analyses are 
carried out to further validate the superiority and robustness of the proposed MIGoldSA. 

To ensure the fairness and consistency of the experimental results, the population size 
of all comparison algorithms was uniformly set to 50, while the maximum number of 
iterations was fixed at 1000. Moreover, each algorithm was independently executed 30 times 
to reduce the influence of randomness on the experimental results. All experiments were 
implemented in MATLAB 2023a and conducted on a computer equipped with an Intel Core 
i7-10700F CPU operating at 2.90 GHz and 8 GB RAM. 

5.1. Benchmark Test Functions 

To comprehensively evaluate the optimization capability of the proposed MIGoldSA 
algorithm, the IEEE CEC2017 [24] and IEEE CEC2022 [25] benchmark test suites are 
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employed in this study. These benchmark suites are widely recognized as standard 
evaluation platforms for metaheuristic optimization algorithms and have been extensively 
used to assess the convergence accuracy, robustness, exploration capability, and 
exploitation performance of various swarm intelligence and evolutionary optimization 
methods. 

The IEEE CEC2017 benchmark suite consists of a diverse set of complex optimization 
problems, including unimodal functions, multimodal functions, hybrid functions, and 
composition functions. Among them, unimodal functions are mainly used to evaluate the 
convergence speed and local exploitation capability of optimization algorithms, while 
multimodal functions contain numerous local optima and are therefore suitable for testing 
the global exploration ability and local optimum avoidance capability of algorithms. 
Furthermore, hybrid and composition functions combine multiple search characteristics 
and complex landscape structures, significantly increasing optimization difficulty and 
providing a more challenging evaluation environment for metaheuristic algorithms. 
Consequently, the CEC2017 benchmark suite has become one of the most commonly used 
benchmark platforms for evaluating the overall performance of optimization algorithms. 

Compared with CEC2017, the IEEE CEC2022 benchmark suite introduces more 
complicated landscape characteristics and stronger variable interactions, making the 
optimization problems more challenging. The CEC2022 benchmark functions contain 
highly nonlinear, nonseparable, rotated, and hybrid search landscapes, which can better 
simulate practical complex optimization scenarios. In particular, the benchmark suite places 
greater emphasis on evaluating the balance between global exploration and local 
exploitation, as well as the population diversity maintenance capability of optimization 
algorithms in high-dimensional search spaces. Therefore, CEC2022 is considered a more 
rigorous benchmark suite for testing the robustness and adaptability of advanced 
metaheuristic algorithms. 

Since the CEC2017 and CEC2022 benchmark suites contain a wide variety of 
optimization problems with different characteristics and difficulty levels, they can 
comprehensively reflect the optimization performance of metaheuristic algorithms under 
different search environments. Therefore, in this paper, these two benchmark suites are 
selected to systematically evaluate the performance of the proposed MIGoldSA algorithm 
in terms of convergence accuracy, convergence behavior, robustness, and global 
optimization capability. 

5.2. Competitor Algorithms and Parameters Setting 

In this section, the proposed MIGoldSA algorithm is compared with nine advanced 
optimization algorithms to comprehensively evaluate its optimization performance, 
convergence capability, and robustness in solving complex optimization problems. To 
conduct a comprehensive comparison, we selected algorithms based on group behavior, 
including Velocity pausing particle swarm optimization (VPPSO), Self-Learning Particle 
Swarm Optimizer (SLPSO), Artificial Lemming Algorithm (ALA), Traffic jam optimizer 
(TJO), Gekko Japonicus Algorithm (GJA), Newton Downhill Optimizer (NDO), Zebra 
Optimization Algorithm (ZOA), Stochastic social learning optimization (SSLO), and Golden 
Sine Algorithm (GoldSA). Table 1 summarizes the parameter settings of these algorithms 
for easier reading. 

Table 1. Parameter Configurations of the Compared Algorithms. 

Algorithms Parameter Name Parameter Value Reference 
VPPSO 𝑤_𝑀𝑎𝑥, 𝑤_𝑀𝑖𝑛 0.9, 0.1 [26] 
SLPSO 𝑎𝑙𝑝ℎ𝑎, 𝑏𝑒𝑡𝑎 0.5, 0.01 [27] 
ALA 𝑏𝑒𝑡𝑎 1.5 [28] 
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TJO 𝑎௠௜௡,𝑎௠௔௫, 𝑐௠௜௡, 𝑐௠௔௫ 0, 2, 0, 2 [29] 
GJA 𝑏𝑒𝑡𝑎௦௧௔௥௧, 𝑏𝑒𝑡𝑎௘௡ௗ 1.2, 0.3 [30] 
NDO 𝑢 0.5 [31] 
ZOA 𝑅 0.1 [32] 
SSLO 𝑙𝑝 0.25 [33] 
GoldSA -- -- -- 

5.3. Performance Evaluation on the CEC2017 Benchmark Functions 

In this section, the optimization performance of MIGoldSA is evaluated on the 30-
dimensional and 50-dimensional CEC2017 benchmark functions and compared with nine 
advanced state-of-the-art optimization algorithms. The corresponding experimental results 
are presented in Tables 2 and 3, where “Mean” and “Std” denote the average value and 
standard deviation obtained from 30 independent runs, respectively. To more intuitively 
demonstrate the convergence behavior of different algorithms during the optimization 
process, the convergence curves of the ten algorithms are illustrated in Figure 6. In addition, 
to further analyze the robustness and stability of the algorithms over multiple independent 
runs, the boxplot distributions of the experimental results obtained from 30 runs are provided 
in Figure 7. 

Figure 6 shows that MIGoldSA generally exhibits faster convergence and better final 
optimization accuracy on the CEC2017 benchmark functions. Compared with the other 
algorithms, MIGoldSA can continuously reduce the objective value during the iterative 
process and obtain lower convergence curves on most tested functions. This indicates that the 
proposed strategies effectively improve the search efficiency of GoldSA and enhance its ability 
to escape local optima. In particular, MIGoldSA maintains stable convergence trends in both 
30-dimensional and 50-dimensional cases, demonstrating good robustness when dealing with 
higher-dimensional optimization problems. Overall, the convergence results verify that 
MIGoldSA achieves a better balance between global exploration and local exploitation. 

Tables 2 and 3 present the performance comparison results of different algorithms on the 
CEC2017 benchmark functions under 30-dimensional and 50-dimensional settings, 
respectively. It can be observed that MIGoldSA achieves highly competitive optimization 
performance on most benchmark functions, especially on complex multimodal, hybrid, and 
composition functions. Compared with the other algorithms, MIGoldSA generally obtains 
lower mean values and smaller standard deviations on many test functions, indicating that 
the proposed algorithm possesses better convergence accuracy, stronger robustness, and more 
stable optimization capability. In particular, on several difficult functions such as F12–F19 and 
F23–F30, MIGoldSA demonstrates superior search performance and effectively avoids 
premature convergence. Furthermore, when the problem dimension increases from 30 to 50, 
the optimization difficulty of the benchmark functions becomes significantly higher. 
Nevertheless, MIGoldSA still maintains relatively stable optimization performance and 
exhibits strong adaptability in high-dimensional search spaces. In contrast, some comparison 
algorithms experience obvious performance degradation, larger fluctuations, or premature 
stagnation as the dimensionality increases. This demonstrates that the proposed adaptive 
chaotic opposition initialization strategy, dynamic elite-guided sine evolution strategy, and 
Economic Investment Strategy effectively enhance population diversity, strengthen the 
balance between exploration and exploitation, and improve the global optimization capability 
of the original GoldSA. Overall, the experimental results further verify the effectiveness, 
robustness, and superiority of MIGoldSA in solving complex high-dimensional optimization 
problems. 

Figure 7 presents the boxplot analysis results of different algorithms on the CEC2017 
benchmark functions. It can be observed that MIGoldSA generally exhibits narrower box 
ranges and fewer outliers on most benchmark functions compared with the other 
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algorithms. This indicates that the proposed algorithm possesses better stability and 
stronger robustness during repeated independent runs. In addition, the median values of 
MIGoldSA are lower than those of most comparison algorithms, further demonstrating its 
superior optimization accuracy and convergence capability. 

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 
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Figure 6. Convergence Behavior of Different Algorithms on the CEC2017 Benchmark Functions. 

Moreover, the distribution of MIGoldSA results is more concentrated, especially on 
complex multimodal and hybrid functions, indicating that the proposed strategies 
effectively maintain population diversity and reduce the influence of random fluctuations 
during the optimization process. In contrast, several comparison algorithms exhibit wider 
box distributions and larger fluctuations, suggesting weaker stability and a higher risk of 
falling into local optima. Overall, the boxplot analysis further verifies that MIGoldSA 
achieves a better balance between exploration and exploitation and demonstrates 
excellent reliability and robustness in solving complex optimization problems. 
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Table 2. Performance Results of Different Algorithms on the CEC2017 Benchmark Functions (Dim = 30). 

ID Metric VPPSO SLPSO ALA TJO GJA NDO ZOA SSLO GoldSA MIGoldSA 
F1 mean 5.6061 × 103 3.0584 × 108 4.1623 × 103 4.0307 × 103 1.2171 × 106 5.8024 × 103 7.1922 × 109 1.1349 × 107 4.9825 × 1010 2.9933 × 103 

 std 5.7048 × 103 7.9067 × 108 4.3947 × 103 1.6318 × 103 1.7857 × 105 6.1536 × 103 2.4590 × 109 2.8393 × 106 7.6063 × 109 3.5328 × 103 
F2 mean 2.1408 × 1018 8.5678 × 1032 3.1085 × 1019 4.3324 × 1010 5.3089 × 1012 1.9547 × 1012 1.1541 × 1036 6.4319 × 1022 2.1390 × 1046 5.1535 × 1013 

 std 4.4034 × 1018 4.2457 × 1033 1.5379 × 1020 1.8724 × 1011 8.7509 × 1012 6.4894 × 1012 6.2504 × 1036 2.3616 × 1023 8.0198 × 1046 2.3968 × 1014 
F3 mean 2.1670 × 104 9.8081 × 104 3.0081 × 103 2.0448 × 103 3.2292 × 103 5.4786 × 104 3.2420 × 104 1.0788 × 105 9.2359 × 104 1.9762 × 104 

 std 5.6431 × 103 4.1063 × 104 1.1818 × 103 1.4056 × 103 2.0422 × 103 1.5549 × 104 7.3980 × 103 1.6664 × 104 2.4340 × 103 9.3119 × 103 
F4 mean 4.9605 × 102 6.1041 × 102 5.0096 × 102 4.9765 × 102 5.0660 × 102 4.8660 × 102 1.3751 × 103 5.3323 × 102 9.0482 × 103 4.8757 × 102 

 std 2.0380 × 101 2.5148 × 102 1.8771 × 101 2.6855 × 101 2.0427 × 101 2.8902 × 101 7.7820 × 102 1.2181 × 101 2.4863 × 103 1.6386 × 100 
F5 mean 6.3731 × 102 5.5701 × 102 5.9733 × 102 7.4575 × 102 5.6804 × 102 5.8423 × 102 6.9333 × 102 6.0340 × 102 9.3442 × 102 5.2388 × 102 

 std 2.8690 × 101 2.1067 × 101 2.7262 × 101 4.4449 × 101 1.6974 × 101 2.1953 × 101 3.2358 × 101 8.4801 × 100 2.4820 × 101 6.3039 × 100 
F6 mean 6.2877 × 102 6.0529 × 102 6.0527 × 102 6.5813 × 102 6.0607 × 102 6.0272 × 102 6.5036 × 102 6.0280 × 102 6.8799 × 102 6.0004 × 102 

 std 9.1736 × 100 8.2491 × 100 4.2717 × 100 7.9661 × 100 1.8025 × 100 3.8490 × 100 6.8779 × 100 2.7269 × 10−1 9.8214 × 100 1.9071 × 10−2 
F7 mean 8.8396 × 102 7.8064 × 102 8.4753 × 102 9.8414 × 102 7.9954 × 102 8.2196 × 102 1.1091 × 103 8.9038 × 102 1.4386 × 103 7.5798 × 102 

 std 4.9493 × 101 2.1036 × 101 3.3351 × 101 7.8460 × 101 1.6442 × 101 2.5332 × 101 7.4799 × 101 1.3115 × 101 6.7717 × 101 8.7240 × 100 
F8 mean 9.1109 × 102 8.4408 × 102 8.8544 × 102 9.9733 × 102 8.6479 × 102 8.6965 × 102 9.4439 × 102 9.0383 × 102 1.1384 × 103 8.2611 × 102 

 std 2.2520 × 101 1.0012 × 101 2.2353 × 101 4.6485 × 101 1.5273 × 101 1.7646 × 101 2.6259 × 101 1.2034 × 101 2.6881 × 101 8.1345 × 100 
F9 mean 2.5537 × 103 1.1421 × 103 1.4448 × 103 4.3698 × 103 9.6901 × 102 1.2430 × 103 4.2596 × 103 1.5848 × 103 1.1103 × 104 9.0149 × 102 

 std 8.6171 × 102 3.7469 × 102 3.7349 × 102 1.2651 × 103 5.3714 × 101 4.1076 × 102 5.4761 × 102 1.7647 × 102 1.3944 × 103 1.4919 × 100 
F10 mean 4.7595 × 103 4.3888 × 103 4.9936 × 103 5.3917 × 103 4.0478 × 103 5.0036 × 103 4.7713 × 103 4.9198 × 103 8.6941 × 103 4.8201 × 103 

 std 7.9814 × 102 7.4998 × 102 6.6029 × 102 8.7530 × 102 5.5442 × 102 1.1636 × 103 3.9007 × 102 2.2802 × 102 5.3163 × 102 5.9851 × 102 
F11 mean 1.2764 × 103 1.8272 × 103 1.1871 × 103 1.2621 × 103 1.2244 × 103 1.1634 × 103 1.8085 × 103 1.6500 × 103 1.0910 × 104 1.1565 × 103 

 std 5.2171 × 101 6.0557 × 102 4.2947 × 101 4.2785 × 101 3.9374 × 101 3.4997 × 101 5.5036 × 102 1.3296 × 102 2.7711 × 103 2.7790 × 101 
F12 mean 1.3739 × 107 2.8675 × 107 4.7922 × 105 9.0241 × 106 1.9600 × 106 1.1673 × 105 7.4378 × 108 5.0787 × 106 8.6804 × 109 7.8820 × 104 

 std 1.0482 × 107 8.3195 × 107 5.7902 × 105 6.2874 × 106 1.1426 × 106 7.7218 × 104 8.3637 × 108 2.3600 × 106 3.6630 × 109 6.3747 × 104 
F13 mean 1.1906 × 105 1.0254 × 105 2.0484 × 104 4.5177 × 104 1.0063 × 105 1.1482 × 104 9.3011 × 107 1.7380 × 105 1.4188 × 109 1.6508 × 103 

 std 5.2164 × 104 2.7953 × 105 2.0412 × 104 2.3226 × 104 2.9576 × 104 1.3064 × 104 2.4598 × 108 1.9099 × 105 1.4244 × 109 2.5572 × 102 
F14 mean 2.8476 × 104 3.2049 × 105 1.5283 × 103 1.6603 × 104 1.2220 × 104 1.9470 × 104 3.9716 × 105 1.1189 × 105 6.7249 × 106 1.4305 × 103 

 std 2.4059 × 104 3.5264 × 105 2.3343 × 101 1.2922 × 104 1.0693 × 104 1.1702 × 104 5.3971 × 105 8.5009 × 104 7.9286 × 106 3.1517 × 100 
F15 mean 4.8067 × 104 3.4363 × 104 2.3243 × 103 2.9819 × 104 3.2674 × 104 8.4693 × 103 7.8497 × 105 3.3502 × 104 3.5520 × 108 1.5363 × 103 

 std 3.0120 × 104 3.0440 × 104 2.1190 × 102 1.0625 × 104 1.2187 × 104 7.7855 × 103 2.1476 × 106 1.8773 × 104 3.6685 × 108 2.1658 × 101 
F16 mean 2.7639 × 103 2.4032 × 103 2.4035 × 103 3.2193 × 103 2.4434 × 103 2.4680 × 103 2.9610 × 103 2.5586 × 103 5.5168 × 103 2.0045 × 103 

 std 2.0699 × 102 3.2810 × 102 2.5458 × 102 4.2898 × 102 2.1754 × 102 2.3692 × 102 2.2427 × 102 1.5483 × 102 7.6331 × 102 2.3343 × 102 
F17 mean 2.0986 × 103 2.0610 × 103 2.0212 × 103 2.4458 × 103 1.9568 × 103 2.0172 × 103 2.2330 × 103 1.9869 × 103 3.6017 × 103 1.8605 × 103 

 std 1.6576 × 102 2.3086 × 102 1.1338 × 102 2.2307 × 102 1.0095 × 102 1.7158 × 102 1.9502 × 102 8.9920 × 101 1.8692 × 103 1.2525 × 102 
F18 mean 4.4936 × 105 1.4006 × 106 4.7404 × 103 2.1782 × 105 1.6637 × 105 2.5756 × 105 1.3009 × 106 5.1862 × 105 7.5914 × 107 5.7526 × 103 

 std 3.4356 × 105 1.4592 × 106 1.7083 × 103 1.4345 × 105 8.2392 × 104 2.3382 × 105 1.8634 × 106 3.1270 × 105 8.5157 × 107 4.8761 × 103 
F19 mean 1.0757 × 106 6.6542 × 104 5.7864 × 103 1.4132 × 106 4.4169 × 104 1.2468 × 104 1.3958 × 106 6.2529 × 104 2.6268 × 108 1.9207 × 103 

 std 6.5349 × 105 1.3989 × 105 1.1327 × 104 7.8904 × 105 2.6240 × 104 1.2829 × 104 1.3631 × 106 5.9720 × 104 3.2274 × 108 1.5518 × 101 
F20 mean 2.4645 × 103 2.4949 × 103 2.3952 × 103 2.6243 × 103 2.3042 × 103 2.3450 × 103 2.3955 × 103 2.3464 × 103 3.0700 × 103 2.2868 × 103 

 std 1.5926 × 102 2.2963 × 102 1.5144 × 102 2.0998 × 102 1.6022 × 102 1.8498 × 102 9.8230 × 101 8.5064 × 101 1.7653 × 102 1.9731 × 102 
F21 mean 2.4195 × 103 2.3511 × 103 2.3859 × 103 2.5717 × 103 2.3627 × 103 2.3716 × 103 2.4905 × 103 2.3982 × 103 2.7025 × 103 2.3267 × 103 

 std 3.7287 × 101 1.7826 × 101 2.2305 × 101 5.0602 × 101 1.7637 × 101 2.3480 × 101 2.9361 × 101 1.6661 × 101 5.0231 × 101 8.3942 × 100 
F22 mean 2.9965 × 103 2.7779 × 103 5.3957 × 103 5.1420 × 103 2.3942 × 103 2.3011 × 103 4.8980 × 103 2.3253 × 103 9.3416 × 103 5.9002 × 103 

 std 1.4291 × 103 9.7942 × 102 1.8425 × 103 2.3956 × 103 4.4956 × 102 1.8090 × 100 1.3283 × 103 1.0322 × 101 8.4324 × 102 1.1783 × 103 
F23 mean 2.7852 × 103 2.7331 × 103 2.7492 × 103 3.4112 × 103 2.7152 × 103 2.7351 × 103 3.1677 × 103 2.7450 × 103 3.4031 × 103 2.6765 × 103 

 std 3.1753 × 101 4.5352 × 101 2.8857 × 101 1.4168 × 102 1.5288 × 101 3.1982 × 101 1.0866 × 102 9.6770 × 100 1.2608 × 102 1.0017 × 101 
F24 mean 2.9356 × 103 2.9074 × 103 2.9279 × 103 3.3766 × 103 2.8878 × 103 2.9028 × 103 3.3883 × 103 2.9130 × 103 3.5514 × 103 2.8483 × 103 

 std 3.2441 × 101 6.2834 × 101 2.8388 × 101 1.6881 × 102 2.7397 × 101 2.6681 × 101 9.5601 × 101 1.2823 × 101 1.0339 × 102 8.2906 × 100 
F25 mean 2.9111 × 103 2.9650 × 103 2.8907 × 103 2.9357 × 103 2.9059 × 103 2.8980 × 103 3.1211 × 103 2.9236 × 103 4.2415 × 103 2.8872 × 103 

 std 1.7995 × 101 1.0251 × 102 7.5374 × 100 2.0185 × 101 1.6037 × 101 1.8026 × 101 1.0604 × 102 8.7503 × 100 3.4196 × 102 4.0246 × 10−1 
F26 mean 4.7094 × 103 4.4757 × 103 4.8162 × 103 6.4796 × 103 3.7163 × 103 4.5070 × 103 7.6289 × 103 4.7162 × 103 1.0472 × 104 3.8429 × 103 

 std 1.2369 × 103 6.3194 × 102 3.3384 × 102 2.6704 × 103 9.8336 × 102 6.4443 × 102 1.0577 × 103 1.5324 × 102 1.1402 × 103 1.0995 × 102 
F27 mean 3.2808 × 103 3.2563 × 103 3.2307 × 103 3.7237 × 103 3.2440 × 103 3.2396 × 103 3.8395 × 103 3.2308 × 103 4.0595 × 103 3.2043 × 103 

 std 3.4384 × 101 3.5145 × 101 2.8549 × 101 3.3135 × 102 1.9389 × 101 1.4198 × 101 1.7370 × 102 6.4798 × 100 3.4760 × 102 9.2996 × 100 
F28 mean 3.2687 × 103 3.4311 × 103 3.5557 × 103 3.2403 × 103 3.2382 × 103 3.2048 × 103 3.7632 × 103 3.2901 × 103 6.0767 × 103 3.2367 × 103 

 std 2.7479 × 101 2.0428 × 102 9.4432 × 102 2.5314 × 101 2.2867 × 101 3.2434 × 101 3.3502 × 102 1.3687 × 101 6.7896 × 102 4.7735 × 101 
F29 mean 4.1081 × 103 3.9116 × 103 3.7770 × 103 4.8048 × 103 3.6041 × 103 3.6274 × 103 4.7634 × 103 3.7080 × 103 7.7647 × 103 3.5727 × 103 

 std 2.7611 × 102 2.8905 × 102 1.8143 × 102 4.1294 × 102 1.6193 × 102 1.7664 × 102 4.1356 × 102 8.6705 × 101 2.7939 × 103 1.8747 × 102 
F30 mean 4.4610 × 106 1.4711 × 106 2.3170 × 104 3.8146 × 106 1.7501 × 105 1.0122 × 104 1.8107 × 107 7.7789 × 104 7.9614 × 108 6.0790 × 103 

 std 2.3970 × 106 2.7782 × 106 1.0039 × 104 2.1240 × 106 6.6981 × 104 3.4759 × 103 1.3741 × 107 3.7377 × 104 6.3939 × 108 9.8611 × 102 

 



Mathematics 2026, 14, 2445 19 of 41 
 

https://doi.org/10.3390/math14132445 

Table 3. Performance Results of Different Algorithms on the CEC2017 Benchmark Functions (Dim = 50). 

ID Metric VPPSO SLPSO ALA TJO GJA NDO ZOA SSLO GoldSA MIGoldSA 
F1 mean 4.2045 × 103 1.8688 × 109 1.2938 × 106 4.8990 × 104 4.3135 × 106 4.9588 × 103 2.3851 × 1010 7.0912 × 108 9.7513 × 1010 3.9849 × 106 

 std 6.1414 × 103 1.8361 × 109 1.1236 × 106 1.2356 × 104 5.8348 × 105 4.5754 × 103 7.4182 × 109 9.4557 × 107 8.3235 × 109 2.1131 × 106 
F2 mean 1.0861 × 1045 3.8262 × 1062 7.8306 × 1041 4.5199 × 1028 2.8427 × 1030 4.8393 × 1035 5.5462 × 1063 7.8473 × 1048 6.4632 × 1083 7.1148 × 1036 

 std 3.6612 × 1045 1.5001 × 1063 4.0409 × 1042 2.2735 × 1029 1.2343 × 1031 2.1883 × 1036 2.1765 × 1064 2.0849 × 1049 3.2517 × 1084 3.8056 × 1037 
F3 mean 8.2376 × 104 2.1241 × 105 4.5880 × 104 4.3012 × 104 5.0587 × 104 1.6580 × 105 1.0833 × 105 2.3247 × 105 2.2062 × 105 1.3729 × 105 

 std 1.4826 × 104 6.4426 × 104 1.1753 × 104 1.5581 × 104 1.0137 × 104 2.4104 × 104 1.2924 × 104 3.7843 × 104 3.1772 × 104 2.8063 × 104 
F4 mean 6.1643 × 102 1.0377 × 103 6.1585 × 102 6.1835 × 102 5.8563 × 102 5.5357 × 102 3.9438 × 103 8.0294 × 102 3.1857 × 104 5.9692 × 102 

 std 4.5741 × 101 1.3570 × 103 4.8704 × 101 4.7246 × 101 3.6517 × 101 4.5613 × 101 1.3210 × 103 3.1110 × 101 5.9314 × 103 3.2511 × 101 
F5 mean 7.6291 × 102 6.2409 × 102 6.8289 × 102 8.7660 × 102 6.5296 × 102 6.7212 × 102 8.5267 × 102 7.7265 × 102 1.1843 × 103 5.6870 × 102 

 std 4.9755 × 101 4.3582 × 101 4.0495 × 101 6.3495 × 101 3.1103 × 101 2.8249 × 101 4.1588 × 101 1.9195 × 101 3.0839 × 101 1.1956 × 101 
F6 mean 6.4331 × 102 6.0922 × 102 6.1931 × 102 6.6582 × 102 6.1288 × 102 6.0726 × 102 6.6239 × 102 6.0931 × 102 7.0097 × 102 6.0104 × 102 

 std 6.0944 × 100 1.0972 × 101 6.3907 × 100 7.9134 × 100 3.5329 × 100 4.5835 × 100 4.7693 × 100 5.8353 × 10−1 5.1110 × 100 2.9045 × 10−1 
F7 mean 1.1062 × 103 9.1473 × 102 1.0498 × 103 1.3738 × 103 9.3759 × 102 9.9638 × 102 1.5927 × 103 1.2041 × 103 2.0482 × 103 8.4530 × 102 

 std 7.7925 × 101 6.1786 × 101 7.7756 × 101 1.1714 × 102 2.4082 × 101 6.8876 × 101 8.1290 × 101 2.3449 × 101 5.9770 × 101 1.8963 × 101 
F8 mean 1.0460 × 103 9.1668 × 102 9.9349 × 102 1.2009 × 103 9.3704 × 102 9.7754 × 102 1.1693 × 103 1.0665 × 103 1.4773 × 103 8.7012 × 102 

 std 4.3670 × 101 4.4117 × 101 4.0216 × 101 5.9112 × 101 2.5014 × 101 3.4867 × 101 4.2544 × 101 1.9459 × 101 4.0284 × 101 1.5166 × 101 
F9 mean 8.3531 × 103 1.8816 × 103 4.5213 × 103 1.3494 × 104 1.9894 × 103 4.6483 × 103 1.5159 × 104 6.0798 × 103 3.6253 × 104 9.3806 × 102 

 std 2.5786 × 103 1.0862 × 103 1.9566 × 103 4.3403 × 103 5.9807 × 102 3.1208 × 103 2.6377 × 103 9.4729 × 102 3.0653 × 103 2.3511 × 101 
F10 mean 7.6403 × 103 7.5664 × 103 9.4452 × 103 8.5772 × 103 6.3367 × 103 8.8869 × 103 8.7140 × 103 8.8005 × 103 1.4523 × 104 9.1122 × 103 

 std 1.0761 × 103 1.1287 × 103 1.2769 × 103 7.4429 × 102 9.6502 × 102 1.7948 × 103 7.1677 × 102 4.3286 × 102 7.6653 × 102 1.0523 × 103 
F11 mean 1.5050 × 103 7.5870 × 103 1.3224 × 103 1.4116 × 103 1.3218 × 103 1.2753 × 103 3.7634 × 103 5.5490 × 103 1.9058 × 104 1.2373 × 103 

 std 1.1610 × 102 5.4615 × 103 6.2463 × 101 6.8995 × 101 5.0505 × 101 1.1937 × 102 1.4552 × 103 1.3218 × 103 4.5627 × 103 3.4570 × 101 
F12 mean 4.9124 × 107 1.6407 × 108 8.0985 × 106 3.8673 × 107 2.4837 × 107 2.4547 × 106 7.7347 × 109 1.6110 × 108 5.8566 × 1010 2.3050 × 106 

 std 3.4731 × 107 2.2722 × 108 4.4290 × 106 1.4931 × 107 1.5684 × 107 1.9458 × 106 4.2561 × 109 3.2191 × 107 1.1844 × 1010 1.7385 × 106 
F13 mean 1.1307 × 105 3.7811 × 107 2.9849 × 104 5.7481 × 104 3.8589 × 105 8.1345 × 103 7.8842 × 108 3.2849 × 106 2.9186 × 1010 1.6384 × 104 

 std 7.8157 × 104 1.3918 × 108 2.6399 × 104 2.5284 × 104 7.3762 × 104 8.0952 × 103 1.3100 × 109 2.6438 × 106 1.3530 × 1010 7.3246 × 103 
F14 mean 2.7145 × 105 2.3723 × 106 2.1064 × 103 9.2427 × 104 7.0227 × 104 8.4542 × 104 1.3328 × 106 1.0041 × 106 5.9339 × 107 1.6094 × 103 

 std 2.3359 × 105 2.6745 × 106 6.2843 × 102 4.9972 × 104 4.9273 × 104 4.9770 × 104 1.2755 × 106 5.3453 × 105 5.2241 × 107 6.1529 × 101 
F15 mean 3.2460 × 104 5.6947 × 104 1.9940 × 104 3.5078 × 104 1.1631 × 105 9.3566 × 103 1.5408 × 108 2.7496 × 105 5.3285 × 109 2.4152 × 103 

 std 1.0845 × 104 8.4493 × 104 1.0371 × 104 2.8940 × 104 3.1673 × 104 5.6892 × 103 3.4708 × 108 3.3153 × 105 2.6793 × 109 2.5595 × 102 
F16 mean 3.4217 × 103 3.2651 × 103 3.5518 × 103 4.0970 × 103 2.9612 × 103 3.2887 × 103 3.9243 × 103 3.7294 × 103 8.4224 × 103 2.6607 × 103 

 std 4.8200 × 102 5.2920 × 102 4.2398 × 102 6.4794 × 102 4.3678 × 102 4.6518 × 102 5.3428 × 102 1.8365 × 102 1.5691 × 103 3.9953 × 102 
F17 mean 3.3094 × 103 3.0083 × 103 3.1540 × 103 3.6271 × 103 2.9712 × 103 2.9262 × 103 3.6269 × 103 3.2308 × 103 7.5213 × 103 2.2355 × 103 

 std 3.4878 × 102 3.1702 × 102 2.9416 × 102 4.5986 × 102 3.0963 × 102 4.1354 × 102 3.7759 × 102 1.5611 × 102 2.5432 × 103 2.4859 × 102 
F18 mean 2.2454 × 106 1.3524 × 107 7.9121 × 104 1.2186 × 106 1.4909 × 106 1.3034 × 106 1.0447 × 107 5.7319 × 106 1.8741 × 108 7.3547 × 104 

 std 1.7642 × 106 3.0760 × 107 3.9014 × 104 5.7951 × 105 7.6771 × 105 8.8956 × 105 1.2223 × 107 2.8231 × 106 9.5853 × 107 3.3534 × 104 
F19 mean 7.5591 × 105 2.5697 × 105 1.5177 × 104 1.7763 × 106 1.0131 × 105 1.7692 × 104 7.2366 × 106 9.2403 × 104 1.4812 × 109 2.1019 × 103 

 std 6.7157 × 105 7.5343 × 105 1.5102 × 104 1.5223 × 106 3.6759 × 104 1.2692 × 104 1.3159 × 107 4.7760 × 104 9.7645 × 108 7.1947 × 101 
F20 mean 3.0977 × 103 2.9093 × 103 3.1877 × 103 3.5576 × 103 2.7033 × 103 3.1214 × 103 2.8497 × 103 3.1911 × 103 4.1303 × 103 2.6913 × 103 

 std 3.5757 × 102 3.0462 × 102 2.8118 × 102 3.0895 × 102 2.6595 × 102 4.9475 × 102 1.8977 × 102 1.4617 × 102 3.1682 × 102 3.2473 × 102 
F21 mean 2.5657 × 103 2.4203 × 103 2.4681 × 103 2.8562 × 103 2.4412 × 103 2.4565 × 103 2.7201 × 103 2.5596 × 103 3.1430 × 103 2.3770 × 103 

 std 4.9311 × 101 3.8835 × 101 2.7464 × 101 8.9976 × 101 2.7099 × 101 3.8085 × 101 5.2781 × 101 1.7623 × 101 7.4584 × 101 1.5524 × 101 
F22 mean 9.2477 × 103 8.6038 × 103 1.1337 × 104 1.0759 × 104 6.8848 × 103 9.4578 × 103 1.0732 × 104 9.6054 × 103 1.6564 × 104 1.0790 × 104 

 std 1.6491 × 103 1.3703 × 103 1.1525 × 103 8.5380 × 102 2.6643 × 103 3.1239 × 103 7.1835 × 102 2.2610 × 103 6.2346 × 102 1.3090 × 103 
F23 mean 3.0323 × 103 2.9419 × 103 2.9489 × 103 4.1634 × 103 2.8948 × 103 2.9229 × 103 3.8086 × 103 3.0075 × 103 4.2639 × 103 2.7975 × 103 

 std 6.7370 × 101 1.1486 × 102 4.7123 × 101 2.0214 × 102 3.0457 × 101 4.4311 × 101 1.4121 × 102 1.9362 × 101 2.1007 × 102 2.0971 × 101 
F24 mean 3.1784 × 103 3.1201 × 103 3.1108 × 103 4.1466 × 103 3.0660 × 103 3.0838 × 103 4.0831 × 103 3.1575 × 103 4.4775 × 103 2.9648 × 103 

 std 6.2865 × 101 1.3732 × 102 6.1773 × 101 3.8431 × 102 4.2955 × 101 4.8696 × 101 1.3815 × 102 2.4879 × 101 2.0636 × 102 1.6394 × 101 
F25 mean 3.1511 × 103 3.4950 × 103 3.0894 × 103 3.1082 × 103 3.1138 × 103 3.0735 × 103 4.8980 × 103 3.2914 × 103 1.2921 × 104 3.0459 × 103 

 std 4.2629 × 101 5.1496 × 102 3.1576 × 101 1.7801 × 101 3.0817 × 101 2.8124 × 101 6.4458 × 102 3.6773 × 101 1.5125 × 103 2.3470 × 101 
F26 mean 6.6383 × 103 6.0891 × 103 6.0094 × 103 1.1611 × 104 5.0408 × 103 6.0960 × 103 1.2762 × 104 6.6782 × 103 1.7174 × 104 4.4236 × 103 

 std 2.3982 × 103 1.2140 × 103 5.0308 × 102 2.8025 × 103 2.6174 × 103 7.9529 × 102 9.9059 × 102 1.4859 × 102 1.0056 × 103 1.4485 × 102 
F27 mean 3.6670 × 103 3.6485 × 103 3.4557 × 103 5.7171 × 103 3.4768 × 103 3.4899 × 103 5.4455 × 103 3.5098 × 103 6.6401 × 103 3.3477 × 103 

 std 1.4770 × 102 1.9470 × 102 1.2015 × 102 7.7327 × 102 1.0335 × 102 1.1012 × 102 4.0085 × 102 3.0803 × 101 9.0630 × 102 7.0323 × 101 
F28 mean 3.4443 × 103 4.6069 × 103 4.1021 × 103 3.3600 × 103 3.3884 × 103 3.3559 × 103 5.6640 × 103 3.5907 × 103 1.1807 × 104 4.2406 × 103 

 std 6.9941 × 101 7.3630 × 102 1.7479 × 103 4.1023 × 101 3.7515 × 101 3.9262 × 101 6.2658 × 102 5.2339 × 101 1.1547 × 103 1.4461 × 103 
F29 mean 5.1993 × 103 4.8520 × 103 4.4996 × 103 6.6427 × 103 4.1603 × 103 4.0839 × 103 8.1252 × 103 4.3724 × 103 9.4026 × 104 3.6607 × 103 

 std 3.9444 × 102 4.5561 × 102 3.2452 × 102 5.4717 × 102 3.1224 × 102 2.9229 × 102 1.4485 × 103 1.5847 × 102 2.7531 × 105 2.1093 × 102 
F30 mean 5.5415 × 107 6.7170 × 107 2.9075 × 106 8.6089 × 107 2.8467 × 106 1.1772 × 106 2.8070 × 108 8.0198 × 106 3.7273 × 109 1.0572 × 106 

 std 1.6594 × 107 1.3369 × 108 1.6712 × 106 6.4260 × 106 4.3195 × 105 2.5855 × 105 2.4998 × 108 2.0065 × 106 1.6131 × 109 1.7910 × 105 
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Figure 7. Boxplot Analysis of Different Algorithms on the CEC2017 Benchmark Functions. 

5.4. Performance Evaluation on the CEC2022 Benchmark Functions 

In this section, the optimization performance of MIGoldSA is evaluated on the 10-
dimensional and 20-dimensional CEC2022 benchmark functions and compared with nine 
advanced state-of-the-art optimization algorithms. The corresponding experimental results 
are presented in Tables 4 and 5, where “mean” and “std” denote the average value and 
standard deviation obtained from 30 independent runs, respectively. To more intuitively 
demonstrate the convergence behavior of different algorithms during the optimization 
process, the convergence curves of the ten algorithms are illustrated in Figure 8. In addition, 
to further analyze the robustness and stability of the algorithms over multiple independent 
runs, the boxplot distributions of the experimental results obtained from 30 runs are 
provided in Figure 9. 

Figure 8 illustrates the convergence behavior of different algorithms on the CEC2022 
benchmark functions. It can be observed that MIGoldSA demonstrates faster convergence 
speed and better optimization accuracy on most benchmark functions compared with the 
other algorithms. During the early optimization stage, MIGoldSA can rapidly reduce the 
objective values, indicating that the proposed initialization and exploration strategies 
effectively improve the global search capability of the algorithm. Meanwhile, in the later 
optimization stage, MIGoldSA still maintains continuous convergence trends and achieves 
lower final fitness values, demonstrating strong local exploitation capability and high 
convergence precision. In addition, MIGoldSA exhibits relatively stable convergence 
performance on complex multimodal and composition functions in the CEC2022 test suite. 
Compared with several comparison algorithms that suffer from premature convergence or 
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stagnation during iterations, MIGoldSA can effectively avoid falling into local optima and 
maintain superior search capability throughout the optimization process. This indicates that 
the proposed adaptive chaotic opposition initialization strategy, dynamic elite-guided sine 
evolution strategy, and Economic Investment Strategy collaboratively enhance the balance 
between exploration and exploitation. Overall, the convergence results on the CEC2022 
benchmark functions further verify the effectiveness, robustness, and optimization superiority 
of the proposed MIGoldSA algorithm in solving complex high-dimensional optimization 
problems. 

Tables 4 and 5 present the performance comparison results of different algorithms on 
the CEC2022 benchmark functions under 10-dimensional and 20-dimensional settings, 
respectively. It can be observed that MIGoldSA achieves highly competitive optimization 
results on most benchmark functions and generally obtains lower mean values and smaller 
standard deviations compared with the other algorithms. These results indicate that the 
proposed algorithm possesses strong optimization capability, good convergence accuracy, 
and stable search performance on the CEC2022 benchmark suite. In particular, on several 
complex multimodal and hybrid functions, MIGoldSA demonstrates superior ability to 
avoid local optima and maintain stable convergence behavior during repeated independent 
runs. Furthermore, when the problem dimension increases from 10 to 20, the optimization 
difficulty of the benchmark functions becomes more challenging. Nevertheless, MIGoldSA 
still maintains relatively stable optimization performance and exhibits strong adaptability 
in higher-dimensional search spaces. Compared with several comparison algorithms that 
experience obvious performance degradation or larger fluctuations as dimensionality 
increases, MIGoldSA continues to achieve competitive optimization results on most 
benchmark functions. This demonstrates that the proposed adaptive chaotic opposition 
initialization strategy, dynamic elite-guided sine evolution strategy, and Economic 
Investment Strategy effectively enhance population diversity, strengthen the balance 
between exploration and exploitation, and improve the robustness of the original GoldSA. 
Overall, the experimental results on the CEC2022 benchmark functions further verify the 
effectiveness and superiority of MIGoldSA in solving complex high-dimensional 
optimization problems. 

Figure 9 presents the boxplot analysis results of different algorithms on the CEC2022 
benchmark functions. It can be observed that MIGoldSA generally achieves narrower box 
distributions and lower median values on most benchmark functions compared with the 
other algorithms. This indicates that the proposed algorithm possesses stronger stability, 
higher optimization accuracy, and better robustness during repeated independent runs. In 
particular, the relatively concentrated distribution of MIGoldSA demonstrates that the 
algorithm can consistently obtain high-quality solutions with smaller performance 
fluctuations. Furthermore, compared with several comparison algorithms that exhibit wider 
box ranges and more outliers, MIGoldSA maintains more stable optimization behavior on 
complex multimodal and composition functions. This suggests that the proposed strategies 
effectively improve population diversity and reduce the probability of premature 
convergence during the optimization process. As the complexity of the CEC2022 benchmark 
functions increases, MIGoldSA still maintains good search consistency and convergence 
reliability, further verifying its superior capability in balancing global exploration and local 
exploitation. Overall, the boxplot analysis on the CEC2022 benchmark functions further 
confirms the effectiveness and robustness of the proposed MIGoldSA algorithm in solving 
complex optimization problems. 
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Table 4. Performance Results of Different Algorithms on the CEC2022 Benchmark Functions (Dim = 10). 

ID Metric VPPSO SLPSO ALA TJO GJA NDO ZOA SSLO GoldSA MIGoldSA 
F1 mean 3.0311 × 102 1.6379 × 103 3.0000 × 102 3.0000 × 102 3.0011 × 102 3.0000 × 102 5.7637 × 102 1.7815 × 103 9.3224 × 103 3.0000 × 102 

 std 1.1016 × 101 1.7302 × 103 7.9859 × 10−12 5.1806 × 10−5 2.5974 × 10−2 8.0593 × 10−8 4.6768 × 102 5.2664 × 102 1.1650 × 103 4.3522 × 10−14 
F2 mean 4.1193 × 102 4.1497 × 102 4.0616 × 102 4.1579 × 102 4.0436 × 102 4.0702 × 102 4.4156 × 102 4.0304 × 102 7.5937 × 102 4.0596 × 102 

 std 2.0561 × 101 2.0176 × 101 2.7224 × 100 2.7838 × 101 1.3002 × 101 1.7609 × 101 3.0925 × 101 2.3528 × 100 1.9709 × 102 2.4562 × 100 
F3 mean 6.0347 × 102 6.0010 × 102 6.0000 × 102 6.1853 × 102 6.0024 × 102 6.0001 × 102 6.1735 × 102 6.0000 × 102 6.5250 × 102 6.0000 × 102 

 std 2.7596 × 100 4.7483 × 10−1 2.0187 × 10−4 9.4373 × 100 7.4875 × 10−2 1.1142 × 10−2 5.9866 × 100 1.4971 × 10−4 1.0688 × 101 2.6257 × 10−6 
F4 mean 8.1715 × 102 8.0957 × 102 8.1304 × 102 8.3207 × 102 8.0975 × 102 8.1569 × 102 8.1265 × 102 8.0725 × 102 8.5130 × 102 8.0902 × 102 

 std 7.7188 × 100 5.7424 × 100 4.8250 × 100 1.1508 × 101 3.8922 × 100 7.0677 × 100 4.6101 × 100 2.1447 × 100 1.0500 × 101 4.4183 × 100 
F5 mean 9.0148 × 102 9.0032 × 102 9.0003 × 102 9.0501 × 102 9.0003 × 102 9.0122 × 102 1.0066 × 103 9.0037 × 102 1.6447 × 103 9.0000 × 102 

 std 1.7069 × 100 1.4408 × 100 8.6397 × 10−2 1.8693 × 101 6.7915 × 10−3 1.9852 × 100 5.9061 × 101 2.6782 × 10−1 2.4222 × 102 0.0000 × 100 
F6 mean 3.9008 × 103 3.8765 × 103 1.8079 × 103 3.1663 × 103 2.9363 × 103 3.2961 × 103 3.0928 × 103 2.1859 × 103 1.4848 × 106 1.8006 × 103 

 std 2.1373 × 103 1.9762 × 103 4.9050 × 100 1.8996 × 103 8.8467 × 102 1.5680 × 103 1.1583 × 103 2.9812 × 102 2.6772 × 106 3.6540 × 10−1 
F7 mean 2.0325 × 103 2.0217 × 103 2.0191 × 103 2.0471 × 103 2.0151 × 103 2.0130 × 103 2.0376 × 103 2.0045 × 103 2.1022 × 103 2.0186 × 103 

 std 1.0518 × 101 1.0516 × 101 5.7893 × 100 1.2570 × 101 8.8910 × 100 1.0985 × 101 1.5682 × 101 1.7807 × 100 2.6887 × 101 6.9678 × 100 
F8 mean 2.2248 × 103 2.2231 × 103 2.2103 × 103 2.2316 × 103 2.2189 × 103 2.2202 × 103 2.2255 × 103 2.2163 × 103 2.2431 × 103 2.2043 × 103 

 std 2.2555 × 100 4.7370 × 100 7.9226 × 100 2.1695 × 101 7.5047 × 100 2.3211 × 100 2.5116 × 100 4.5334 × 100 1.7796 × 101 6.3002 × 100 
F9 mean 2.5342 × 103 2.5488 × 103 2.5293 × 103 2.5294 × 103 2.5293 × 103 2.5293 × 103 2.5976 × 103 2.5293 × 103 2.6944 × 103 2.5293 × 103 

 std 2.6815 × 101 3.2772 × 101 0.0000 × 100 7.0042 × 10−2 1.5515 × 10−3 4.8510 × 10−13 3.9184 × 101 6.5552 × 10−10 4.3995 × 101 0.0000 × 100 
F10 mean 2.5192 × 103 2.5566 × 103 2.5152 × 103 2.6105 × 103 2.5365 × 103 2.5005 × 103 2.5614 × 103 2.5004 × 103 2.6334 × 103 2.5003 × 103 

 std 4.2555 × 101 5.7139 × 101 3.8629 × 101 1.7573 × 102 5.2077 × 101 2.1825 × 10−1 6.1882 × 101 6.3435 × 10−2 1.0886 × 102 7.6450 × 10−2 
F11 mean 2.6637 × 103 2.7546 × 103 2.6467 × 103 2.6633 × 103 2.6475 × 103 2.6401 × 103 2.7968 × 103 2.6158 × 103 3.3428 × 103 2.6056 × 103 

 std 1.3073 × 102 1.1443 × 102 1.2243 × 102 1.2994 × 102 9.8233 × 101 7.8256 × 101 1.6128 × 102 4.5967 × 101 5.7381 × 102 3.0424 × 101 
F12 mean 2.8627 × 103 2.8695 × 103 2.8618 × 103 2.9090 × 103 2.8652 × 103 2.8671 × 103 2.9210 × 103 2.8603 × 103 2.9873 × 103 2.8614 × 103 

 std 1.6788 × 100 7.8862 × 100 1.2062 × 100 4.5513 × 101 1.8434 × 100 1.9288 × 100 3.5013 × 101 1.1258 × 100 8.5252 × 101 9.6572 × 10−1 
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Figure 8. Convergence Behavior of Different Algorithms on the CEC2022 Benchmark Functions. 
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Table 5. Performance Results of Different Algorithms on the CEC2022 Benchmark Functions (Dim = 20). 

ID Metric VPPSO SLPSO ALA TJO GJA NDO ZOA SSLO GoldSA MIGoldSA 
F1 mean 1.2036 × 103 1.6623 × 104 3.1899 × 102 3.0008 × 102 3.0109 × 102 4.6532 × 103 1.0108 × 104 2.4522 × 104 6.8513 × 104 5.5101 × 102 

 std 5.6140 × 102 8.7158 × 103 1.7189 × 101 4.1381 × 10−2 3.3516 × 10−1 1.9855 × 103 3.2506 × 103 4.9087 × 103 3.3182 × 104 2.4836 × 102 
F2 mean 4.5714 × 102 4.6607 × 102 4.4493 × 102 4.5501 × 102 4.5490 × 102 4.5069 × 102 5.9822 × 102 4.4699 × 102 2.1348 × 103 4.4867 × 102 

 std 1.9810 × 101 2.7371 × 101 1.7189 × 101 1.0703 × 101 1.0205 × 101 1.6028 × 101 8.3503 × 101 5.9223 × 100 7.0225 × 102 1.2782 × 100 
F3 mean 6.1837 × 102 6.0070 × 102 6.0038 × 102 6.5371 × 102 6.0235 × 102 6.0045 × 102 6.3933 × 102 6.0049 × 102 6.8101 × 102 6.0000 × 102 

 std 7.1862 × 100 1.4787 × 100 3.4262 × 10−1 8.7089 × 100 1.0791 × 100 5.9772 × 10−1 6.3455 × 100 9.8776 × 10−2 7.0252 × 100 5.3748 × 10−4 
F4 mean 8.5642 × 102 8.2523 × 102 8.5050 × 102 9.0881 × 102 8.3463 × 102 8.4476 × 102 8.5808 × 102 8.4281 × 102 9.6426 × 102 8.1457 × 102 

 std 1.4230 × 101 1.3399 × 101 1.6598 × 101 2.3888 × 101 1.3820 × 101 1.3699 × 101 9.0571 × 100 7.8719 × 100 1.6226 × 101 5.1481 × 100 
F5 mean 1.2665 × 103 9.1421 × 102 9.3264 × 102 1.8323 × 103 9.1107 × 102 9.3416 × 102 1.7481 × 103 1.0238 × 103 3.5671 × 103 9.0003 × 102 

 std 2.6886 × 102 2.6562 × 101 2.7365 × 101 4.0346 × 102 8.2394 × 100 5.2462 × 101 2.2159 × 102 3.6551 × 101 4.4631 × 102 8.6974 × 10−2 
F6 mean 4.6218 × 103 4.9753 × 105 4.7260 × 103 4.2688 × 103 1.9557 × 104 4.9942 × 103 5.9108 × 106 1.6788 × 105 1.2056 × 109 3.0903 × 103 

 std 4.4845 × 103 2.7048 × 106 4.8277 × 103 3.1398 × 103 6.6385 × 103 3.5737 × 103 1.1603 × 107 1.4528 × 105 9.8680 × 108 3.3180 × 103 
F7 mean 2.0853 × 103 2.0573 × 103 2.0445 × 103 2.1413 × 103 2.0482 × 103 2.0429 × 103 2.0932 × 103 2.0493 × 103 2.2395 × 103 2.0418 × 103 

 std 2.9922 × 101 3.3434 × 101 1.3220 × 101 4.6224 × 101 2.6424 × 101 1.5974 × 101 1.8890 × 101 5.6464 × 100 7.1950 × 101 2.9682 × 101 
F8 mean 2.2414 × 103 2.2599 × 103 2.2283 × 103 2.2894 × 103 2.2498 × 103 2.2312 × 103 2.2681 × 103 2.2253 × 103 2.2836 × 103 2.2233 × 103 

 std 3.1805 × 101 5.6252 × 101 2.8517 × 100 6.2113 × 101 4.9450 × 101 3.0238 × 101 5.6584 × 101 8.2642 × 10−1 6.5000 × 101 1.6282 × 100 
F9 mean 2.4848 × 103 2.4996 × 103 2.4808 × 103 2.4814 × 103 2.4809 × 103 2.4836 × 103 2.5928 × 103 2.4813 × 103 2.8989 × 103 2.4808 × 103 
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Figure 9. Boxplot Analysis of Different Algorithms on the CEC2022 Benchmark Functions. 
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5.5. Statistical Analysis 

To further investigate whether the performance differences among the compared 
algorithms are statistically significant, a comprehensive statistical analysis of MIGoldSA is 
conducted in this section. Specifically, two widely used nonparametric statistical methods, 
namely the Wilcoxon Signed-Rank Test and the Friedman Mean Rank Test, are employed 
to evaluate the superiority and robustness of the proposed algorithm. The detailed analyses 
are presented as follows: 

5.5.1. Wilcoxon Signed Rank Test 

The Wilcoxon Signed-Rank Test is a widely used nonparametric statistical method for 
evaluating the performance differences between optimization algorithms. Compared with 
traditional parametric statistical tests, the Wilcoxon Signed-Rank Test does not require the 
experimental data to satisfy normal distribution assumptions, making it particularly 
suitable for analyzing the stochastic results generated by metaheuristic algorithms. Due to 
the randomness and uncertainty inherent in heuristic optimization processes, this test has 
been extensively adopted in the literature to determine whether the performance differences 
among optimization algorithms are statistically significant. Therefore, in this subsection, the 
Wilcoxon Signed-Rank Test is employed to statistically evaluate the optimization 
performance of MIGoldSA and further verify the effectiveness and superiority of the 
proposed algorithm [34]. The experimental results are shown below. 

Figure 10 presents the Wilcoxon Signed-Rank Test results of MIGoldSA compared with 
the other state-of-the-art algorithms on the benchmark functions. It can be observed that 
MIGoldSA achieves a larger number of wins against most comparison algorithms on both the 
CEC2017 and CEC2022 benchmark suites. This indicates that the optimization performance 
improvements achieved by MIGoldSA are statistically significant rather than being caused by 
random fluctuations. In particular, MIGoldSA demonstrates clear advantages over several 
traditional and recently proposed optimization algorithms on complex multimodal and 
hybrid benchmark functions. Furthermore, the relatively small numbers of losses and ties 
further verify the robustness and effectiveness of the proposed algorithm. The statistical 
results demonstrate that the proposed adaptive chaotic opposition initialization strategy, 
dynamic elite-guided sine evolution strategy, and Economic Investment Strategy effectively 
improve the search capability and convergence stability of the original GoldSA. Overall, the 
Wilcoxon Signed-Rank Test results confirm that MIGoldSA possesses superior optimization 
performance and strong statistical reliability in solving complex optimization problems. 

  
(a)  (b)  
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Figure 10. Wilcoxon Signed-Rank Test Results. 

5.5.2. Friedman Mean Rank Test 

The Friedman Mean Rank Test is a widely used nonparametric statistical analysis 
method for evaluating the overall performance differences among multiple optimization 
algorithms across multiple benchmark problems. Unlike traditional parametric statistical 
methods, the Friedman Mean Rank Test does not require the experimental results to satisfy 
normal distribution assumptions, making it particularly suitable for analyzing the stochastic 
optimization results produced by metaheuristic algorithms. By calculating the average 
ranking of each algorithm on different benchmark functions, the Friedman Mean Rank Test 
can comprehensively reflect the relative optimization performance and robustness of 
competing algorithms. Due to its effectiveness and reliability in statistical performance 
evaluation, this test has been extensively adopted in the field of swarm intelligence and 
evolutionary optimization. Therefore, in this subsection, the Friedman Mean Rank Test is 
employed to further evaluate the optimization performance of the proposed MIGoldSA 
algorithm and verify its superiority compared with other state-of-the-art optimization 
algorithms [35]. The experimental results are shown below. 

Figure 11 presents the Friedman Mean Rank Test results of different algorithms on the 
CEC2017 and CEC2022 benchmark functions. It can be observed that MIGoldSA achieves 
the best or highly competitive average ranking among all comparison algorithms, indicating 
that the proposed algorithm demonstrates superior overall optimization performance 
across different benchmark functions and dimensional settings. Compared with the other 
algorithms, MIGoldSA maintains more stable ranking performance on both simple and 
complex optimization problems, which further verifies its strong robustness and 
adaptability in various search environments. 

In addition, the Friedman ranking results demonstrate that MIGoldSA achieves a better 
balance between global exploration and local exploitation throughout the optimization 
process. Benefiting from the adaptive chaotic opposition initialization strategy, dynamic 
elite-guided sine evolution strategy, and Economic Investment Strategy, the proposed 
algorithm can effectively improve population diversity, accelerate convergence speed, and 
reduce the probability of premature convergence. Overall, the Friedman Mean Rank Test 
results further confirm the effectiveness, stability, and superiority of MIGoldSA in solving 
complex high-dimensional optimization problems. 
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Figure 11. Friedman Mean Rank Test Results. 

5.6. Ablation Experiment Study 

Ablation experiments are essential for evaluating the effectiveness and contribution of 
each improvement strategy in an enhanced metaheuristic algorithm. Although the overall 
performance of an improved algorithm can be verified through comparisons with other 
algorithms, it is still necessary to further investigate whether each proposed mechanism 
plays a positive role in improving optimization accuracy, convergence speed, population 
diversity, and robustness. By removing or independently combining different strategies, the 
contribution of each component to the final optimization performance can be clearly 
analyzed, thereby demonstrating that the performance improvement is not obtained by 
chance but results from the coordinated effect of the proposed mechanisms. Therefore, in 
this subsection, ablation experiments are conducted on the proposed MIGoldSA to verify 
the effectiveness of its key improvement strategies and to further analyze their individual 
and combined impacts on algorithm performance. The experimental results are shown 
below. 

Figure 12 presents the Friedman mean rank results of the ablation experiments on the 
CEC2017 and CEC2022 benchmark functions. It can be observed that all single-strategy 
variants achieve lower mean ranks than the original GoldSA, indicating that each proposed 
strategy has a positive contribution to the improvement of optimization performance. On 
the CEC2017 benchmark functions, the original GoldSA obtains the worst mean rank of 4.97 
under both 30-dimensional and 50-dimensional settings. After introducing the adaptive 
chaotic opposition initialization strategy, dynamic elite-guided sine evolution strategy, and 
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Economic Investment Strategy separately, the mean ranks are reduced to 2.43, 2.50, and 3.80 
for Dim = 30, and 2.40, 2.33, and 3.93 for Dim = 50, respectively. These results show that 
ACOIS and DEGSES provide more evident improvements on CEC2017, while EIS also 
contributes to performance enhancement compared with the original GoldSA. For the 
CEC2022 benchmark functions, the mean rank of GoldSA is 5.00 in both Dim = 10 and Dim 
= 20 cases, whereas the single-strategy variants obtain better ranks. In particular, DEGSES 
achieves the best performance among the single-strategy variants, with mean ranks of 2.70 
and 2.30 under Dim = 10 and Dim = 20, respectively, suggesting that the dynamic multi-elite 
guidance mechanism is especially helpful for improving the search behavior on more 
complex benchmark functions. More importantly, the complete MIGoldSA consistently 
achieves the best mean rank in all four experimental settings, with values of 1.30, 1.37, 1.50, 
and 1.10, respectively. Compared with the original GoldSA, the mean rank of MIGoldSA is 
reduced by approximately 73.84%, 72.43%, 70.00%, and 78.00%, respectively. These results 
demonstrate that the performance improvement of MIGoldSA is not only obtained from a 
single strategy, but also from the complementary cooperation among the three strategies. 
Therefore, the ablation experiment results verify the effectiveness of ACOIS, DEGSES, and 
EIS, and further confirm that their integration can enhance the overall optimization 
capability and robustness of the original GoldSA. 

  
(a)  (b)  

  
(c)  (d)  

Figure 12. Analysis of ablation experiment results. 

6. MIGoldSA for Cloud Task Scheduling 
To further verify the effectiveness and practical applicability of the proposed 

MIGoldSA algorithm, this section applies MIGoldSA to the cloud computing task 
scheduling problem. Cloud task scheduling is a typical large-scale combinatorial 
optimization problem, whose objective is to reasonably allocate computational tasks to 
different virtual machines in order to optimize overall system performance. In practical 
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cloud computing environments, task scheduling usually involves multiple conflicting 
optimization objectives, such as execution time, load balancing, and execution cost. 
Therefore, a multi-objective cloud task scheduling model is constructed in this section, and 
MIGoldSA is employed to solve the corresponding optimization problem [17,18,36,37]. The 
detailed modeling process is described as follows. 

6.1. Cloud Computing Task Scheduling Model 

Cloud computing task scheduling is one of the core technologies in cloud resource 
management systems. Its fundamental purpose is to efficiently allocate large-scale 
computational tasks to available virtual machine resources according to specific 
optimization objectives, thereby improving resource utilization, reducing execution 
overhead, and enhancing system service quality. In cloud computing environments, 
efficient task scheduling can effectively alleviate resource congestion, improve system 
throughput, and optimize the overall operational efficiency of cloud platforms. 

Assume that the cloud computing environment contains 𝑀 virtual machines and 𝑁 
computational tasks. The virtual machine set and task set can be respectively defined as: 𝑉𝑀𝑠 = {𝑀ଵ,𝑀ଶ,⋯ ,𝑀ெ} (18) 

𝑇𝑎𝑠𝑘𝑠 = {𝑇ଵ,𝑇ଶ,⋯ ,𝑇ே} (19) 

where 𝑉𝑀𝑠 represents the set of virtual machine resource nodes; 𝑇𝑎𝑠𝑘𝑠 denotes the set of 
cloud computing tasks; 𝑀  and 𝑁  denote the numbers of virtual machines and tasks, 
respectively. 

In the cloud task scheduling problem, each task needs to be assigned to one virtual 
machine for execution. The scheduling relationship between tasks and virtual machines can 
be represented by the following allocation matrix: 

𝐴 = ൦𝑎ଵଵ 𝑎ଵଶ ⋯ 𝑎ଵெ𝑎ଶଵ 𝑎ଶଶ ⋯ 𝑎ଶெ⋮ ⋮ ⋱ ⋮𝑎ேଵ 𝑎ேଶ ⋯ 𝑎ேெ൪ (20) 

where 𝑎௜௝ = ൜1,if task 𝑖 is assigned to virtual machine 𝑗0, otherwise . The resource attributes of each 

virtual machine mainly include computational capability, storage capacity, and 
communication bandwidth. Therefore, the resource characteristics of the 𝑗 -th virtual 
machine can be expressed as: 𝑉𝑀௝ = (𝐸௡,௝ , 𝑆௡,௝ ,𝐶௡,௝) (21) 

where 𝐸௡,௝  denotes the computational processing capability of the 𝑗-th virtual machine; 𝑆௡,௝ represents the storage resource capacity; 𝐶௡,௝ denotes the communication bandwidth 
resource. 

Similarly, the resource requirements of the 𝑖-th task can be represented as: 𝑇𝑎𝑠𝑘௜ = (𝐸௧,௜ , 𝑆௧,௜ ,𝐶௧,௜) (22) 

where 𝐸௧,௜  denotes the computational requirement of task 𝑖; 𝑆௧,௜  represents the storage 
requirement; 𝐶௧,௜ denotes the bandwidth requirement. 
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6.2. Objective Function Design 

In practical cloud computing environments, cloud task scheduling generally involves 
multiple optimization objectives. To comprehensively evaluate scheduling performance, 
this paper considers three important optimization objectives, including execution time cost, 
load balancing cost, and execution price cost. 

6.2.1. Time Cost 

Execution time is one of the most important indicators in cloud computing task 
scheduling, which directly affects system response speed and user Quality of Service (QoS). 
Lower execution time indicates that tasks can be completed more efficiently, thereby 
improving overall system throughput and computational efficiency. Therefore, the time cost 
model can be defined as: 𝑇𝑖𝑚𝑒 = ෍ ே

௜ୀଵ ෍  ெ
௝ୀଵ 𝑎௜௝ 𝐸௧,௜𝐸௡,௝ (23)

where 𝐸௧,௜  represents the computational demand of task 𝑖 ; 𝐸௡,௝  denotes the 
computational capability of virtual machine 𝑗. 
6.2.2. Load Balancing Cost 

Load balancing is another critical factor in cloud task scheduling. Reasonable load 
distribution can effectively avoid excessive concentration of tasks on specific resource 
nodes, thereby preventing system congestion and performance degradation. 

The load balancing cost can be expressed as: 𝐿𝑜𝑎𝑑 = ෍ ே
௜ୀଵ ෍  ெ

௝ୀଵ 𝑎௜௝ 𝑆௧,௜𝑆௡,௝ (24)

where 𝑆௧,௜ denotes the storage requirement of task 𝑖; 𝑆௡,௝ represents the storage capacity 
of virtual machine 𝑗. 

A smaller load cost indicates better resource allocation balance and higher resource 
utilization efficiency. 

6.2.3. Price Cost 

In cloud computing systems, execution cost is also an important optimization objective. 
Lower scheduling cost can reduce operational expenses while improving economic 
efficiency and service competitiveness. 

The price cost model can be formulated as: 

𝑃𝑟𝑖𝑐𝑒 = ෍ ே
௜ୀଵ ෍  ெ

௝ୀଵ 𝑎௜௝ 𝐸௧,௜𝐸௡,௝ × 𝐶௧,௜𝐶௡,௝ × 𝑃 (25)

where 𝐶௧,௜  denotes the bandwidth requirement of task 𝑖 ; 𝐶௡,௝  represents the 
communication bandwidth of virtual machine 𝑗 . 𝑃  denotes the unit execution price 
coefficient. 

6.3. Objective Function Normalization 

Since the values of different objective functions vary significantly in magnitude, 
normalization processing is required before constructing the comprehensive fitness 
function. The normalized execution time objective can be expressed as: 
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𝐸𝑥𝑒𝑡𝑖𝑚𝑒 = 1𝑁෍  ே
௜ୀଵ ෍  ெ

௝ୀଵ 𝑎௜௝ 𝐸௧,௜/𝐸௡,௝𝑚𝑎𝑥௜,௝  {𝐸௧,௜/𝐸௡,௝} (26)

The normalized load balancing objective can be represented as: 

𝑉𝑚𝑙𝑜𝑎𝑑 = 1𝑁෍  ே
௜ୀଵ ෍  ெ

௝ୀଵ 𝑎௜௝ 𝑆௧,௜/𝑆௡,௝𝑚𝑎𝑥௜,௝  {𝑆௧,௜/𝑆௡,௝} (27)

Similarly, the normalized execution cost objective is defined as: 

𝐸𝑥𝑒𝑐𝑜𝑠𝑡 = 1𝑁෍  ே
௜ୀଵ ෍  ெ

௝ୀଵ 𝑎௜௝ (𝑃𝐸௧,௜𝐶௧,௜)/(𝐸௡,௝𝐶௡,௝)𝑚𝑎𝑥௜,௝  {(𝑃𝐸௧,௜𝐶௧,௜)/(𝐸௡,௝𝐶௡,௝)} (28)

6.4. Comprehensive Fitness Function 

To comprehensively optimize the cloud task scheduling problem, the above three 
objectives are integrated into a unified weighted fitness function: 𝐹(𝑖) = 𝜔ଵ𝐸𝑥𝑒𝑡𝑖𝑚𝑒(𝑖) + 𝜔ଶ𝑉𝑚𝑙𝑜𝑎𝑑(𝑖) + 𝜔ଷ𝐸𝑥𝑒𝑐𝑜𝑠𝑡(𝑖) (29) 

where 𝜔ଵ,𝜔ଶ,  and 𝜔ଷ  represent the weighting coefficients of execution time, load 
balancing, and execution cost, respectively; 𝜔ଵ + 𝜔ଶ + 𝜔ଷ = 1 

In this paper, to ensure a balanced optimization among different objectives, the three 
weighting coefficients are uniformly set as: 𝜔ଵ = 𝜔ଶ = 𝜔ଷ = 13 (30)

Therefore, minimizing the objective function 𝐹(𝑖)  corresponds to obtaining the 
optimal cloud task scheduling scheme. 

6.5. Analysis of Experimental Results 

In this section, the performance of the proposed MIGoldSA algorithm is 
comprehensively evaluated through a series of cloud task scheduling simulation 
experiments and compared with nine state-of-the-art optimization algorithms. To 
objectively assess the scheduling effectiveness of different algorithms, three important 
evaluation metrics are considered, including time cost, load cost, and price cost. Specifically, 
the time cost reflects the overall task execution efficiency of the cloud system, the load cost 
measures the balance degree of resource allocation among virtual machines, and the price 
cost represents the economic expenditure during task processing. By integrating these three 
components, the comprehensive scheduling cost is finally obtained and used as the primary 
indicator for evaluating the overall optimization performance of the algorithms. The 
detailed experimental results and corresponding analyses are presented as follows: 

6.5.1. Experimental Analysis on Small-Scale Cloud Task Scheduling 

In this section, a comprehensive evaluation of the proposed algorithm is conducted on 
small-scale cloud task scheduling problems. Specifically, the convergence behavior of 
different algorithms is analyzed, and the corresponding scheduling costs under 
dynamically varying task numbers are compared in detail. Through these experiments, the 
effectiveness and robustness of MIGoldSA in handling small-scale scheduling scenarios can 
be thoroughly verified. The detailed experimental results and analyses are presented as 
follows: 

Convergence Behavior Analysis: In this section, the convergence behavior of different 
algorithms is comprehensively analyzed. To ensure the fairness and consistency of the 
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experiments, the number of tasks was fixed at 100, while the maximum number of iterations 
was uniformly set to 100 for all comparison algorithms. Under the same experimental 
conditions, the convergence performance of the proposed MIGoldSA was compared with that 
of the other nine state-of-the-art optimization algorithms. By analyzing the convergence 
curves, the optimization efficiency, convergence speed, and search stability of different 
algorithms can be effectively evaluated. The corresponding experimental results are 
illustrated in Figure 13. 

  
(a)Total Cost (b) Price Cost 

  
(c) Time Cost (d) Load Cost 

Figure 13. Convergence Curves of Different Algorithms on Small-Scale Cloud Task Scheduling 
Problems. 

Figure 13 illustrates the convergence curves of different algorithms on small-scale 
cloud task scheduling problems. It can be observed that MIGoldSA demonstrates faster 
convergence speed and lower scheduling cost compared with the other algorithms 
throughout the iterative process. In the early optimization stage, MIGoldSA can rapidly 
reduce the objective value, indicating that the proposed strategies effectively enhance the 
global exploration capability and improve the search efficiency of the algorithm. 
Meanwhile, during the later optimization stage, MIGoldSA continues to maintain stable 
convergence behavior and achieves lower final scheduling costs, demonstrating strong 
local exploitation capability and high convergence accuracy. Furthermore, compared with 
several comparison algorithms that exhibit premature convergence or stagnation during 
iterations, MIGoldSA maintains better optimization stability and stronger search 
capability. This indicates that the adaptive chaotic opposition initialization strategy, 
dynamic elite-guided sine evolution strategy, and Economic Investment Strategy 
collaboratively improve population diversity and strengthen the balance between 
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exploration and exploitation. Overall, the convergence results further verify that 
MIGoldSA possesses excellent optimization capability and robustness in solving small-
scale cloud task scheduling problems. 

Cost Comparison Under Varying Dynamic Task Loads: In this section, extensive 
experiments were conducted under dynamically varying task loads to further evaluate 
the scheduling performance of different algorithms. Specifically, the number of cloud 
computing tasks was gradually increased from 100 to 1000 in order to analyze the 
scalability and robustness of each algorithm under different scheduling scenarios. Figure 
14 presents the variation trends of four important evaluation metrics for all comparison 
algorithms as the task load continuously increases. Through these experiments, the 
effectiveness and adaptability of MIGoldSA in handling dynamic cloud task scheduling 
problems can be comprehensively assessed. 

  
(a) Total Cost (b) Time Cost 

  
(c) Price Cost (d) Load Cost 

Figure 14. Performance Comparison of Different Algorithms under Varying Small-Scale Task Loads. 

Figure 14 presents the performance comparison results of different algorithms under 
varying small-scale task loads. It can be observed that as the number of cloud computing 
tasks gradually increases, the scheduling costs of all algorithms show an upward trend due 
to the increasing complexity of the scheduling problem. However, compared with the other 
algorithms, MIGoldSA consistently maintains lower comprehensive scheduling costs under 
different task loads, demonstrating superior optimization capability and stronger 
adaptability in dynamic cloud scheduling environments. Furthermore, MIGoldSA exhibits 
more stable performance trends in terms of time cost, load cost, and price cost as the task 
scale increases. Compared with several comparison algorithms that experience obvious 
performance degradation or larger fluctuations under heavier task loads, MIGoldSA can 
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effectively maintain better scheduling efficiency and resource allocation balance. This 
indicates that the proposed adaptive chaotic opposition initialization strategy, dynamic 
elite-guided sine evolution strategy, and Economic Investment Strategy effectively improve 
the global search capability and convergence stability of the algorithm. Overall, the 
experimental results further verify that MIGoldSA possesses excellent robustness, 
scalability, and optimization performance in handling dynamic small-scale cloud task 
scheduling problems. 

6.5.2. Experimental Analysis on Large-Scale Cloud Task Scheduling 

In this section, we conduct a comprehensive evaluation of the proposed algorithm in the 
context of large-scale cloud task scheduling. Specifically, we analyze the convergence 
characteristics of various algorithms and provide a detailed comparison of their respective 
scheduling costs under scenarios involving dynamically changing task loads. Through these 
experiments, we aim to fully validate the effectiveness and robustness of MIGoldSA when 
handling scheduling scenarios of varying scales. The detailed experimental results and 
analysis are presented below: 

Analysis of Convergence Characteristics: In this section, we perform a comprehensive 
analysis of the convergence characteristics of the various algorithms under consideration. 
To ensure experimental fairness and consistency, we fixed the number of tasks at 1000 and 
uniformly set the maximum number of iterations for all comparative algorithms to 100. 
Under these identical experimental conditions, we compared the convergence performance 
of the proposed MIGoldSA algorithm against nine other state-of-the-art optimization 
algorithms. By analyzing the convergence curves, we are able to effectively assess the 
optimization efficiency, convergence speed, and search stability of the different algorithms. 
The corresponding experimental results are illustrated in Figure 15. 

  

(a) Total Cost (b) Price Cost 

  
(c) Time Cost (d) Load Cost 
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Figure 15. Convergence Curves of Different Algorithms on large-Scale Cloud Task Scheduling Problems. 

Figure 15 illustrates the convergence curves of different algorithms on large-scale cloud 
task scheduling problems. It can be observed that as the scale of cloud tasks increases, the 
optimization difficulty of the scheduling problem becomes significantly higher. 
Nevertheless, MIGoldSA still maintains faster convergence speed and lower scheduling 
costs compared with the other algorithms throughout the iterative process. In the early 
optimization stage, MIGoldSA can effectively explore promising search regions and rapidly 
reduce the objective value, indicating that the proposed strategies significantly enhance the 
global exploration capability of the algorithm in large-scale search spaces. Moreover, during 
the later optimization stage, MIGoldSA continues to exhibit stable convergence behavior 
and achieves lower final scheduling costs, demonstrating strong local exploitation 
capability and good convergence precision. In contrast, several comparison algorithms 
show obvious stagnation phenomena or premature convergence under large-scale task 
scheduling scenarios, resulting in poorer optimization performance. This further 
demonstrates that the adaptive chaotic opposition initialization strategy, dynamic elite-
guided sine evolution strategy, and Economic Investment Strategy effectively improve 
population diversity and strengthen the balance between exploration and exploitation. 
Overall, the convergence results verify that MIGoldSA possesses excellent scalability, 
robustness, and optimization capability in solving complex large-scale cloud task 
scheduling problems. 

Cost Comparison under Varying Dynamic Task Loads: In this section, we conducted 
extensive experiments under dynamically changing task loads to further evaluate the 
scheduling performance of various algorithms. Specifically, we progressively increased the 
number of cloud computing tasks from 1000 to 10,000 to analyze the scalability and 
robustness of each algorithm across different scheduling scenarios. Figure 16 illustrates the 
trends observed across four key evaluation metrics for all compared algorithms as the task 
load continuously increased. Through these experiments, we are able to comprehensively 
assess the effectiveness and adaptability of MIGoldSA in addressing dynamic cloud task 
scheduling problems. 

Figure 16 presents the performance comparison results of different algorithms under 
varying large-scale task loads. It can be observed that as the number of cloud computing 
tasks continuously increases, the scheduling complexity and computational burden of all 
algorithms become significantly higher. Consequently, the comprehensive scheduling costs 
of different algorithms gradually increase with the growth of task loads. However, 
compared with the other algorithms, MIGoldSA consistently maintains lower scheduling 
costs and exhibits superior optimization performance under different large-scale scheduling 
scenarios. Furthermore, MIGoldSA demonstrates more stable variation trends in terms of 
time cost, load cost, and price cost as the task scale increases. In contrast, several comparison 
algorithms experience obvious performance degradation, unstable fluctuations, or reduced 
scheduling efficiency under heavy task loads. Benefiting from the adaptive chaotic 
opposition initialization strategy, dynamic elite-guided sine evolution strategy, and 
Economic Investment Strategy, MIGoldSA can effectively improve population diversity, 
strengthen global exploration capability, and maintain strong local exploitation 
performance in complex large-scale search spaces. Overall, the experimental results further 
verify that MIGoldSA possesses excellent scalability, robustness, and optimization 
capability in handling dynamic large-scale cloud task scheduling problems. 
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(a) Total Cost (b) Time Cost 

  
(c) Price Cost (d) Load Cost 

Figure 16. Performance Comparison of Different Algorithms under Varying large-Scale Task Loads. 

7. Conclusions 
In this paper, a Multi-strategy Improved Golden Sine Optimization Algorithm, named 

MIGoldSA, is proposed for global optimization and cloud task scheduling problems. The 
proposed method is developed as an enhanced version of the original GoldSA rather than 
a completely new optimization paradigm. Three targeted strategies are incorporated into 
the original GoldSA framework. The adaptive chaotic opposition initialization strategy 
improves the diversity and distribution quality of the initial population. The dynamic elite-
guided sine evolution strategy replaces the single best-solution guidance with a weighted 
multi-elite guidance mechanism, thereby reducing excessive dependence on one individual. 
The Economic Investment Strategy adaptively allocates search intensity according to 
individual optimization potential, enabling the algorithm to coordinate exploitation-
oriented and exploration-oriented updates more effectively. 

To evaluate the optimization performance of MIGoldSA, comprehensive experiments 
were conducted on the IEEE CEC2017 and CEC2022 benchmark test suites. The 
experimental results show that MIGoldSA achieves the best or tied-best mean fitness values 
on 60 out of 84 benchmark cases, accounting for 71.43% of all test cases. This indicates that 
the proposed modifications can effectively improve the solution accuracy of the original 
GoldSA on most benchmark functions. In addition, the Wilcoxon signed-rank test further 
confirms the statistical reliability of MIGoldSA. Among 756 pairwise comparisons with the 
competing algorithms, MIGoldSA obtains 662 wins, 57 ties, and 37 losses, corresponding to 
an overall win rate of 87.57% and a non-inferiority rate of 95.11%. The Friedman mean-rank 
results also show that MIGoldSA obtains the best overall ranks under the four benchmark 
settings, with mean ranks of 1.47, 2.00, 3.98, and 4.17. Compared with the original GoldSA, 
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these ranks are reduced by 85.26%, 79.94%, 45.25%, and 42.32%, respectively. These 
quantitative statistical results verify the effectiveness, stability, and robustness of MIGoldSA 
in solving complex global optimization problems. 

Furthermore, MIGoldSA was applied to cloud task scheduling problems under both 
small-scale and large-scale task scenarios. The scheduling experiments considered time cost, 
load cost, price cost, and comprehensive scheduling cost as evaluation metrics. The results 
show that MIGoldSA can obtain a better overall cost trade-off than most comparison 
algorithms. In small-scale scheduling scenarios, MIGoldSA maintains the normalized 
comprehensive scheduling cost at approximately 0.20 and reduces it by about 9–14% 
compared with the original GoldSA. In large-scale scheduling scenarios, MIGoldSA 
maintains the normalized comprehensive scheduling cost at approximately 0.33–0.34, 
corresponding to an approximate reduction of 18–21% compared with the original GoldSA. 
In terms of individual scheduling metrics, MIGoldSA reduces the normalized load cost by 
about 18–25% and the normalized price cost by about 10–18%. For time cost, MIGoldSA 
shows competitive performance in small-scale scenarios and achieves an approximate 
reduction of 8–12% in large-scale scenarios compared with the original GoldSA. These 
results indicate that MIGoldSA has good scalability and cost-efficiency in cloud task 
scheduling applications, especially when the task scale increases. 

Although MIGoldSA achieves promising results, there are still several limitations that 
should be further studied. First, the current improvement strategies are mainly evaluated 
on continuous benchmark functions and simulated cloud task scheduling scenarios, and 
their performance in more complex real-world dynamic cloud environments requires 
further validation. Second, although the proposed strategies do not change the overall 
computational complexity order of GoldSA, they still introduce additional operations, such 
as opposition-based initialization, elite weight calculation, and investment coefficient 
updating. Therefore, future work will further investigate lightweight implementations of 
MIGoldSA and extend it to multi-objective scheduling, real-time cloud-edge collaborative 
scheduling, and other practical engineering optimization problems. 
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Appendix A. Global Convergence Analysis of MIGoldSA 
Convergence is an important theoretical property for evaluating the reliability of a 

metaheuristic optimization algorithm. Although metaheuristic algorithms are usually 
stochastic and do not guarantee that the global optimum can be reached within a finite 
number of iterations, their global convergence behavior can be analyzed from a probabilistic 
perspective. In this subsection, the global convergence of MIGoldSA is analyzed based on 
Markov stochastic process theory and the global convergence theorem of random search 
algorithms. 

Assume that the feasible search space of the optimization problem is denoted as Ω ⊆ℝ஽ , where 𝐷  is the problem dimension. For a bounded optimization problem, Ω =[𝑙𝑏,𝑢𝑏]஽. Let 𝑋௜(𝑡) ∈ Ω represent the position of the 𝑖-th search agent at iteration 𝑡, where 
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𝑖 = 1,2, … ,𝑁, and 𝑁 is the population size. The population state of MIGoldSA at iteration 𝑡 can be defined as: 𝑆(𝑡) = 𝑋ଵ(𝑡),𝑋ଶ(𝑡), … ,𝑋ே(𝑡),𝑋∗(𝑡), (A1)

where 𝑋∗(𝑡) denotes the best-so-far solution retained by the algorithm up to iteration 𝑡. 
The corresponding population state space is defined as: 𝒮 = 𝑆(𝑡) ∣ 𝑋௜(𝑡) ∈ Ω, 𝑖 = 1,2, … ,𝑁. (A2)

Since the search space is bounded and the algorithm is implemented under finite 
numerical precision, the population state space 𝒮 can be regarded as a finite or countable 
state space in practical computation. 

In MIGoldSA, the next population state 𝑆(𝑡 + 1) is generated according to the current 
population state 𝑆(𝑡), the current fitness values, and several random variables used in the 
adaptive chaotic opposition initialization strategy, the dynamic elite-guided sine evolution 
strategy, and the Economic Investment Strategy. Specifically, the elite guidance center, 
adaptive weights, investment potential, and investment coefficients are all calculated from 
the current population and its fitness distribution. The random parameters used in the sine-
based update and differential exploration are independently generated during the current 
iteration. Therefore, once 𝑆(𝑡) is given, the distribution of 𝑆(𝑡 + 1) is independent of all 
previous states 𝑆(0), 𝑆(1), … , 𝑆(𝑡 − 1). This satisfies the Markov property, namely 𝑃(𝑆(𝑡 + 1) ∣ 𝑆(𝑡), 𝑆(𝑡 − 1), … , 𝑆(0)) = 𝑃(𝑆(𝑡 + 1) ∣ 𝑆(𝑡)). (A3)

Thus, the population evolution process of MIGoldSA can be regarded as a Markov 
stochastic process on the population state space 𝒮. 

For a minimization problem, let 𝑓∗ denote the global optimal fitness value, and let 𝑋௚ 
be a global optimal solution satisfying 𝑓(𝑋௚) = 𝑓∗. The global optimal individual state set 
is defined as: 𝐺 = 𝑋 ∈ Ω ∣ 𝑓(𝑋) = 𝑓∗. (A4)

Accordingly, the optimal population state set is defined as: 𝐻 = 𝑆 ∈ 𝒮 ∣ ∃𝑋௜ ∈ 𝑆, ;𝑋௜ ∈ 𝐺; or;𝑋∗ ∈ 𝐺. (A5)

That is, if a population state contains at least one global optimal solution or its best-so-
far solution is globally optimal, then this population state belongs to 𝐻. 

Theorem A1. The optimal population state set 𝐻 of MIGoldSA is a closed set. 

Proof. In MIGoldSA, the best-so-far solution is updated according to the greedy 
preservation rule. For a minimization problem, the update rule can be expressed as  

𝑋൫𝑡+1൯ = ൜𝑋௜(𝑡 + 1),if𝑓(𝑋௜(𝑡 + 1)) < 𝑓(𝑋(𝑡)),𝑋∗(𝑡),otherwise.  (A6)

Therefore, the best fitness value satisfies: 𝑓(𝑋൫𝑡+1൯) ≤ 𝑓(𝑋(௧)). (A7)

This indicates that the best-so-far solution will not be replaced by an inferior solution 
during the iterative process. If 𝑆(𝑡) ∈ 𝐻 , then the population already contains a global 
optimal solution or the best-so-far solution 𝑋(௧) is globally optimal. Since 𝑋(௧) is retained 
in the subsequent iteration, 𝑋∗(𝑡 + 1) will still be globally optimal. Therefore, 
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𝑃(𝑆(𝑡 + 1) ∉ 𝐻 ∣ 𝑆(𝑡) ∈ 𝐻) = 0. (A8)

Thus, once the population state enters 𝐻, it cannot leave 𝐻. Hence, 𝐻 is a closed set. 
□ 

Theorem A2. MIGoldSA has global convergence in probability. 

Proof. Let 𝐻ఌ denote the 𝜀-optimal population state set, which is defined as: 𝐻ఌ = 𝑆 ∈ 𝒮 ∣ ∃𝑋௜ ∈ 𝑆;𝑓(𝑋௜) ≤ 𝑓∗𝜀; or𝑓(X) ≤ 𝑓∗ + 𝜀 (A9)

where 𝜀 > 0 is an arbitrarily small positive constant. Similar to Theorem 1, due to the best-
so-far preservation rule, 𝐻ఌ is also a closed set. Once the population reaches an 𝜀-optimal 
solution, the best-so-far solution will preserve this solution or a better one in all subsequent 
iterations. 

During the search process of MIGoldSA, the adaptive chaotic opposition initialization 
strategy increases the probability that the initial population covers different regions of the 
feasible search space. In the iterative stage, the dynamic elite-guided sine evolution strategy 
generates candidate solutions through stochastic sine-based movements around the 
weighted elite guidance center. Meanwhile, the Economic Investment Strategy introduces 
fitness-dependent exploitation and differential exploration components. For individuals 
with lower investment potential, the differential term constructed from randomly selected 
individuals provides additional exploration ability. Since the random variables used in 
these update mechanisms are generated within continuous intervals, for any measurable 
subset 𝐵 ⊆ Ω with positive measure, there exists a nonzero probability that at least one 
candidate solution generated by MIGoldSA enters 𝐵, provided that the search process has 
not yet reached 𝐻ఌ. 

Let 𝑝௧ denote the probability that the population enters 𝐻ఌ at iteration 𝑡. Under the 
above stochastic search condition, 𝑝௧ > 0. Therefore, the probability that MIGoldSA does 
not enter 𝐻ఌ after 𝑇 iterations can be written as: 

𝑃(𝑆(𝑇) ∉ 𝐻ఌ) ≤ෑ(1 − 𝑝௧)்ିଵ
௧ୀ଴  (A10) 

If the stochastic search process satisfies the standard global convergence condition: 

෍𝑝௧ஶ
௧ୀ଴ = ∞ (A11)

then 

𝑙𝑖𝑚்→ஶෑ(1 − 𝑝௧)்ିଵ
௧ୀ଴ = 0. (A12)

Thus, 𝑙𝑖𝑚்→ஶ𝑃(𝑆(𝑇) ∈ 𝐻ఌ) = 1. (A13)

This means that, as the number of iterations tends to infinity, the population state of 
MIGoldSA converges to the 𝜀-optimal population state set with probability 1. Since 𝜀 can 
be arbitrarily small, the best-so-far solution 𝑋∗(𝑡) converges to the global optimal solution 
in probability, namely 
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𝑙𝑖𝑚௧→ஶ 𝑃(|𝑓(𝑋(𝑡) − 𝑓| ≤ 𝜀) = 1. (A14)

Therefore, MIGoldSA is globally convergent in probability. 
The above analysis shows that MIGoldSA satisfies the basic conditions of stochastic 

global convergence. On the one hand, the stochastic search mechanisms introduced by 
chaotic opposition initialization, sine-based elite guidance, and investment-guided 
differential exploration provide a nonzero probability of reaching promising regions in the 
feasible search space. On the other hand, the best-so-far preservation mechanism ensures 
that once an optimal or near-optimal solution is obtained, it will not be lost in subsequent 
iterations. Therefore, with sufficient iterations, MIGoldSA can converge to the global 
optimal solution or an arbitrarily close neighborhood of the global optimum with 
probability 1. □ 
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