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A B S T R A C T

Extreme Learning Machine (ELM) is known for its fast training speed and simplicity of imple
mentation; however, it suffers from certain limitations, including sensitivity to random initiali
zation and inadequate weight optimization, which can result in suboptimal accuracy and 
precision. This study introduces an enhanced Competitive Learning Salp Swarm Algorithm 
(CLSSA), which integrates the Salp Swarm Algorithm (SSA) with Competitive Swarm Optimiza
tion (CSO) to improve the exploitation capabilities of the traditional CSO. The goal is to address 
the limitations of traditional ELM by optimizing the weights and biases of the network more 
effectively, thereby improving the precision and convergence speed of ELM. The research first 
evaluates the efficiency of the improvement made to the CLSSA optimizer in comparison with 
various optimization methods, using CEC 2015 benchmark functions to demonstrate the effec
tiveness of the proposed improvements. The results show that CLSSA outperforms other opti
mizers in 86 % of the CEC 2015 functions, underscoring its superior optimization capabilities. 
Furthermore, the study assesses the effectiveness of the CLSSA-enhanced ELM (ELM-CLSSA) in 
predicting the load capacity factor. The findings reveal that the hybrid ELM-CLSSA framework 
significantly outperforms both alternative approaches and the traditional ELM framework in 
terms of training and prediction accuracy, achieving an impressive accuracy rate of 97%. The 
algorithm’s rapid convergence, high precision, and ability to avoid local optima make it a 
promising solution for complex problems, such as load capacity factor prediction, which is critical 
for environmentally sustainable initiatives. In addition, the feature analysis conducted by ELM- 
CLSSA provides valuable insights into the key variables influencing load capacity factor predic
tion, highlighting the importance of factors such as coal energy, economic growth, technological 
innovation, and biomass. This study advocates for the use of the ELM-CLSSA framework to 
improve the precision and reliability of load capacity factor prediction, offering a valuable tool 
for scientists and policymakers in their efforts to promote ecological conservation and combat 
climate change.

1. Introduction

As humanity continues to strive for advancement, the condition of the Earth is deteriorating steadily, with significant consequences 
for its sustainability [1]. Humans’ impact on the Earth’s climate has a growing potential to activate important tipping points, which 
would accelerate global warming and result in severe and permanent repercussions [2,3]. Despite global efforts, such as the 2015 Paris 
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Climate Accord, where major economies committed to limiting global warming to below 1.5 ◦C, most nations are failing to meet their 
climate goals [4]. These developments underscore the urgent need for efficient resource management and reliable predictive tools to 
guide environmental policy and energy use. Among these analytical tools is the ecological footprint, developed by Wackernagel and 
Rees, which quantifies the environmental impact of human activities on the atmosphere, oceans, and terrestrial ecosystems in terms of 
global hectares (gha) [5,6]. While the ecological footprint provides a measure of the environmental consequences of natural resource 
consumption, Siche et al. contend that an exclusive focus on ecological balance does not constitute an optimal approach [7]. To address 
this limitation, a more robust evaluation can be achieved by calculating the ratio of biocapacity to ecological footprint (bio
capacity/ecological footprint), a metric known as the load capacity factor. This ratio serves as a key criterion for assessing the sus
tainability of current environmental conditions. A load capacity factor value of "1″ indicates sustainability, whereas values below "1″ 
indicate an unsustainable ecological situation [7]. A key advantage of LCF is its ability to integrate both biocapacity and ecological 
footprint into a single metric, providing a comprehensive assessment of ecological sustainability [8]. However, the accuracy of LCF 
predictions depends on the development of robust computational models capable of handling complex and nonlinear environmental 
data.

In recent years, data-driven machine learning models have become increasingly relevant for predictive tasks, demonstrating 
exceptional capabilities in modelling nonlinear data series [9]. One such technique is the ELM, an innovative approach specifically 
designed as a single-layer feed-forward neural networks [10]. A defining feature of ELM is the stochastic initialization of input weights 
and hidden biases without iterative adjustments during the learning process. This allows for the rapid calculation of optimal output 
weights based solely on the predefined network structure [11]. ELM has been successfully applied across a diverse range of predictive 
tasks, including forecasting of wind power generation [12], daily streamflow prediction [13], weather forecasting [14], financial 
market analysis [15], and energy demand prediction [16]. However, due to the random initialization of its parameters, ELM exhibits 
fast training speed and implementation simplicity. It suffers from certain drawbacks, such as sensitivity to random initialization and a 
lack of proper weight optimization, which results in low accuracy. To address these limitations, the literature proposes the use of 
advanced optimization algorithms to fine-tune ELM’s parameters, thereby enhancing its predictive performance [17].

Notably, Wang et al. proposed an Improved Hunter-Prey Optimization (IHPO) algorithm-based ELM to improve the accuracy of 
short-term wind power predictions [18]. This approach incorporates adaptive inertia weights and an improved population initiali
zation within the HPO algorithm to accelerate convergence and enhance global search capabilities. The optimized parameters sub
sequently refine the weights and bias of the ELM, resulting in more accurate wind power forecasts. Similarly, El Bourakadi et al. 
investigate solar energy integration, underscoring the critical role of photovoltaic (PV) power prediction in addressing uncertainties 
associated with weather data [19]. They introduced a novel model that combines stacked Bidirectional Long-Short Term Memory 
(BiLSTM) networks with an enhanced ELM. In this framework, BiLSTM is utilized to predict weather variables that influence PV 
output, while the ELM forecasts PV power based on these predictions. While this model demonstrates superior performance in PV 
power prediction compared to traditional algorithms, its complexity may pose challenges in real-time applications, requiring sub
stantial computational resources. Zang et al. proposed a hybrid model combining an enhanced Particle Swarm Optimization (PSO) 
algorithm with ELM alongside the Principal Component Analysis (PCA) [20]. This model, tested on a hot strip rolling dataset, out
performs three other models in accuracy. The method effectively addresses nonlinear challenges associated with the data, making it 
ideal for parameter prediction and optimization in the steel industry. However, the specific applicability of this model to non-industrial 
contexts remains unexplored, limiting its generalizability.

Zhu et al. introduced a hybrid PSO-ELM model to accurately predict daily reference EvapoTranspiration (ETo) in Northwest China’s 
arid region [21]. The advantages of the PSO-ELM model included its superior accuracy in estimating ETo under various input com
binations, particularly when utilizing radiation data. The introduced PSO-ELM model surpasses traditional approaches in ETo esti
mation accuracy, demonstrating its effectiveness. However, its performance may decline when solely relying on limited temperature 
data, as indicated by the moderate outcomes observed with temperature-based models. Anushkannan et al. utilized the Ant-lion 
Optimizer (ALO) to enhance the ELM by optimizing its input weights and hidden-layer node offsets [22]. The strength of this 
approach lies in the optimization of ELM’s input weights and hidden-layer node offsets through ALO, resulting in a significant 
enhancement in detection accuracy, achieving approximately 98.8 %. This performance surpasses that of both the standalone ALO and 
ELM models, showcasing the effectiveness of the hybrid methodology. However, a limitation of this study is the reliance on MRI images 
for classification, which may not account for variations in image quality. Liu et al. introduced a new method for short-term prediction 
of photovoltaic (PV) power output using an Improved Chicken Swarm Optimizer (ICSO) and ELM [23]. Their approach employs a 
correlation coefficient method to determine input variables and improves the convergence of the CSO for optimizing the weights and 
thresholds of the ELM model. The results indicate that the ICSO-ELM model outperforms traditional models, achieving a Mean Ab
solute Percentage Error (MAPE) of 3.08 % and a Root Mean Square error (RMSE) of 5.54 %. However, the authors acknowledge that 
extreme weather conditions like haze, ice, and snow were not accounted for, suggesting that these can affect the model’s robustness 
and reliability.

Recent research efforts have demonstrated substantial advancements in enhancing the performance of ELM models across various 
domains, as evidenced by the application of hybrid optimization techniques such as IHPO, ALO, ICSO, and PSO-based ELM in recent 
literature. These methodologies have successfully addressed challenges like convergence speed, global search capability, and 
parameter tuning, leading to improved predictive accuracy in several domains. However, these approaches also exhibit notable 
limitations. For instance, the computational complexity of models like BiLSTM-ELM poses challenges for real-time applications, while 
others, such as the ICSO-ELM and PSO-ELM models, struggle with robustness under extreme conditions or with limited data inputs. 
Moreover, domain-specific applicability often restricts the generalizability of these models, as highlighted in the PSO-ELM’s perfor
mance on industrial datasets. Similarly, the reliance on high-quality input data, as seen in the ALO-ELM model, underscores a 
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vulnerability to variations in data quality.
Despite the advancements demonstrated by the various hybrid ELM models across different domains, a significant gap persists in 

their application for predicting Load Capacity Factor (LCF). Given the critical role of LCF in evaluating environmental sustainability 
and optimizing resource management, the lack of research specifically addressing the capabilities of optimally tuned machine learning 
techniques, such as ELM, to accurately forecast LCF represents a significant gap in our understanding. By not exploring ELM’s po
tential, we overlook valuable opportunities to refine sustainability assessments and improve predictive accuracy. Enhancing our 
understanding of ELM in this context could lead to more effective strategies for sustainable resource utilization and management, 
ultimately contributing to more informed environmental policies and practices. In response to the critical gap in LCF forecasting, this 
study introduces an enhanced CLSSA-ELM algorithm, leveraging the capabilities of the Competitive Learning Salp Swarm Algorithm 
(CLSSA) developed by Qaraad et al. [24]. This innovative approach directly addresses the inherent limitations of the traditional ELM, 
which is often hindered by the random initialization of its weights and biases [25]. Such random initialization not only compromises 
the model’s predictive accuracy but also undermines the reliability of LCF prediction, which is vital for effective environmental 
sustainability assessments and resource management. By systematically optimizing these parameters, the proposed CLSSA-ELM 
framework significantly enhances the robustness and precision of LCF predictions, thereby offering a more reliable tool for 
decision-making in sustainable resource utilization.

The remainder of this paper is structured as follows: Section two discusses the CLSSA, ELM, and the proposed CLSSA-ELM 
framework. Section three presents the experiments and discussion, including a comparison of CLSSA with established optimizers 
and an analysis of load capacity factor prediction; section four discusses contributions and observations. Section five presents the 
uncertainties within the model. Finally, Section six concludes the paper.

2. Methodology

2.1. Salp Swarm Algorithm

The Salp Swarm algorithm (SSA) is a newly developed swarm optimization technique that mimics the collective movement of salps 
in water during food hunting [26]. In SSA, individuals are classified as leaders or followers. The leader guides the chain by finding food 
sources, updating positions, and directing the group. Followers mimic the leader to locate optimal food sources (F) within the search 
area. 

• Initialization

SSA begins by initializing a swarm X, which consists of n salps, arranged in a matrix. This matrix is defined in Eq. (1) [24]. 
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(1) 

Where xj
i represents the position of the i-th salp in the j-th dimension. 

• Leader’s Position Update

The leader Salp’s position is updated using Eq. (2)

x1
i =

{
Fi + c1((ubi − lbi)c2 + lbi) c3 ≥ 0.5
Fi − c1((ubi − lbi)c2 + lbi) c3〈0.5 (2) 

x1
i is the position of the leader chain salp in the jth dimension. Fi denotes the food position in the j-th dimension; ubi and lbi represent the 

upper and lower bounds of salp positions, respectively; c2 and c3 are random integers ranging from 0 to 1, as described in the original 
SSA paper by Mirjalili et al. [26]. This equation guides the leader salps toward the optimal solution by balancing exploration and 
exploitation. 

• Control Parameter

The parameter c1 also described in the original SSA paper by Mirjalili et al. is crucial for balancing exploration and exploitation and 
is computed as shown in Eq. (3) [26] 

c1 =2e
−

(
4t
T

)2

(3) 
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Here, t represents the current iteration, whereas T represents the maximum number of iterations. As iterations proceed, c1 reduces, 
allowing the swarm to transition from exploration to fine-tuned exploitation of the search space. 

• Followers’ Position Update

The positions of the followers in the salps chain are updated according to Eq. (4)

xj
i =

1
2

k* dt2
+ s0*dt (4) 

For every value of i greater than or equal to 2, xj
i represents the location of the jth salp in the ith dimension. The variable dt indicates the 

duration and s0 denotes the starting speed, with k = sfinal
s0 

where sfinal = x− x0
t . Given that s0 = 0, the equation simplifies to the following 

form Eq. (5)

xj
i =

1
2

(
xj

i + xj− 1
i

)
(5) 

This equation reflects how the followers salps update their positions based on the average position of their previous and current 
location, effectively smoothing their movement toward the leader.

2.2. Competitive Swarm Optimization algorithm

The Competitive Swarm Optimizer (CSO) differs from many traditional algorithms, as individuals (particles) acquire information 
from randomly selected competitors rather than the best global or individual positions [27]. Initially, during each cycle, all the 
particles are arbitrarily divided into two equal groups. Competition arises among the particles within every group. The particle that 
possesses the highest fitness value after the competition is considered best and promptly progresses to the subsequent iteration [24]. 
The losing particles adjust their velocity and position based on Eq. (6) and Eq. (7)

• Velocity Update

Vt+1
l =Rt

1Vt
l +Rt

2
(
Xt

w − Xt
l
)
+ ϕRt

3
(
X− t − Xt

l
)

(6) 

Fig. 1. Pseudo-code of CSO.
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Where Vt+1
l is the updated velocity of the losing particle; Rt

1, Rt
2, and Rt

3 are random vectors from the interval [0, 1]n at iteration t. These 
random vectors were defined by Ran Cheng and Yaochu Jin in their development of the CSO [27]. Xt

w is the position of the winner 
particle while Xt

l is the position of the loser particle. ϕ is the control parameter that influences the mean location X− t of the current 
swarm at iteration t. 

• Position Update

Xt+1
l =Xt

l + Vt+1
I (7) 

Where Xt+1
l is the updated velocity of the losing particle in the next iteration. These updates ensure that the losing particles adjust their 

positions relative to both the winner’s position and the swarm’s overall mean position, balancing exploration and exploitation in the 
search space [28]. The CSO pseudo-code given in Fig. 1, demonstrates that implementing CSO is straightforward; yet, two factors may 
cause reduced search effectiveness. Initially, the particles are arbitrarily paired in the competition, potentially impacting overall 
exploration. Furthermore, CSO exclusively updates the most unfavourable particles while disregarding the successful ones, which 
hinders the potential for local exploitation. Also, SSA is hindered by its low convergence rate and inclination to be stuck in local 
optima. Thus, Qaraad et al. integrate SSA and CSO into a unified method to enhance the overall efficiency of the CSO algorithm [24]. 
This modification resulted in a better rate of convergence and an increased rate of search space exploration.

2.3. Extreme learning machine

ELMs, as described by Huang et al., are networks of neurons that consist of three distinct layers: the input, the hidden, and the 
output layer [29]. ELM distinguishes itself from Back Propagation Neural Network (BPNN) by utilizing solely one hidden layer. ELM 
algorithms do not require network errors to be propagated backwards for weight updates in order to improve the network’s accuracy 
[30]. Fig. 2 visually represents the network structure of ELM. Let W1 be an l x m-matrix with random starting values distributed 
uniformly over the boundaries of [− 1, 1]. The starting values of the l x 1 matrix have an even distribution in the interval [0, 1]. It 
should be noted that m indicates the total number of neurons in the input layer, n corresponds to the number of neurons in the output 
layer, and l is the number of neurons in the hidden layer. One essential part of ELM involves selecting an activation rule, also known as 
an activation function, denoted as F(x). The outcome of the hidden layer is calculated as follows in Eq. (8). 

H= F(W1 ·P+B) (8) 

Here, W1 represents the interconnecting weight matrix of neurons linking the input layer and the hidden layer(randomly initialized), B 
represents the bias vector at the hidden layer (randomly initialized), W2 denote the interconnecting weight matrix of neurons con
necting the hidden layer to the output layer, and P denotes the input data. The connecting matrix of neurons from the hidden to the 
output layer is denoted by W2 is determined using Eq. (9). 

W2 =H− 1 × T (9) 

Where T denote the target data, H− 1 is the Moore-Penrose pseudoinverse of the matrix H, H denote the hidden layer’s output matrix, 

Fig. 2. Extreme learning machines.
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the output Y of the ELM is calculated as follows in Eq. (10). 

Y =H × W2 (10) 

In ELM, the interconnecting vector between the hidden and output layers is computed. While matrix such as W1 and B are initialized 
with arbitral values. The ELM method eliminates errors in neurons in the output layer and focuses on generating weights for the output 
that minimizes the error. The error minimization objective is mathematically modelled in Eq. (11). 

min ‖ H × W2 − T ‖2 (11) 

The objective function or cost function is defined in Eq. (11). The objective is to find the optimal set of weights w1 and B that 
minimizes this error term. The more this error is reduced, the closer the predicted output H × W2 is to the actual target T.

2.4. Proposed CLSSA-ELM FrameWork

From the literature reviewed in the introduction, the ELM is well-established. Specifically, ELM suffers from low prediction ac
curacy due to the inherent method employed to adjust the network’s weights and biases. The primary objective of this research is to 
address this limitation by developing a hybrid model that integrates ELM with an enhanced optimization algorithm. This algorithm is 
designed to effectively adjust the weights and biases of the network, thereby improving prediction accuracy.

The proposed enhanced optimizer, termed Competitive Learning-based Salp Swarm Algorithm (CLSSA), builds upon the classical 
Competitive Swarm Optimization (CSO) by incorporating Salp Swarm Algorithm (SSA) position update mechanism in Eq. (2). This 
enhancement results in a more robust and effective optimizer for complex optimization problems, including the optimization of ELM 
parameters. The innovation introduced by CLSSA involves an exploitative position update strategy from SSA, the traditional CSO 
divides the population into two groups: "winners" and "losers." This division is achieved by ranking individuals based on the quality of 
their solutions, where the best-performing individuals (winners) have lower fitness values in a minimization problem, and the worst- 
performing individuals (losers) have higher fitness values. The competitive learning strategy aims to enhance the quality of solutions 
over iterations. Specifically, the worst-performing individuals update their positions by learning from the best-performing individuals, 
using the position update strategy in the traditional CSO, as expressed in Eq. (6) and Eq. (7). The traditional CSO does not update the 
winners. In CLSSA, the best-performing individuals are updated using a new exploitative position update strategy from SSA, as shown 
in Eq. (2). Fig. 3 presents the flowchart of the CLSSA iteration process, illustrating how the mechanism is implemented. By introducing 
two distinct learning strategies within the population, CLSSA enhances the quality of solutions by promoting both exploration and 
exploitation, ultimately leading to improved optimization performance.

The flowchart of the new hybrid CLSSA-ELM is given in Fig. 3. This research focuses on optimizing the settings W1 and B of the ELM 
algorithm using the CLSSA in order to enhance the reliability of ELM by improving the accuracy of the conventional ELM. The con
ventional ELM has respectable generalization capability; however, the random initialization of weights and biases can lead to less 
accurate results. Therefore, the input weight W1 and the bias B of the hidden layer neurons in the ELM network are regarded as the 
individuals represented by a vector in the CLSSA optimizer. Each individual in the population is represented as a vector containing the 
corresponding values of the weights and biases of the ELM network. The CLSSA optimization algorithm adjusts these weights and 
biases iteratively until their optimal values are achieved. Initially, the weights and biases for each individual are randomly initialized 
within the search space, which is bounded between − 1 and 1.

The evaluation of each individual is based on the MSE (Error minimization function) of the ELM model. When the weights and 
biases of the ELM are set to the values specified by a given individual, the MSE serves as an indicator of that individual’s performance in 

Fig. 3. CLSSA-ELM flowchart.
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optimizing the model. In other words, the MSE determines the fitness of each individual, measuring how accurately the weights and 
biases align with the optimal solution. Following this evaluation, the population is divided into "winners" and "losers" based on their 
fitness values. The weights and biases of the winners are updated using Eq. (2), while the adjustments for the losers follow the stra
tegies outlined in Eqs. (6) and (7). The process of CLSSA continuously adjusting the weights and biases is controlled by a predefined 
number of iterations. After these iterations, the individual with the optimal weight and bias is returned by the CLSSA algorithm, and 
these values are assigned to the ELM model. To assess the performance of the optimized CLSSA-ELM model, it is then tested on new and 
unseen data, referred to as the test data, to evaluate its accuracy. The CLSSA algorithm is particularly well-suited for optimizing the 
ELM model due to the introduction of the SSA exploitation strategy, which enhances convergence accuracy by guiding the population 
toward optimal weights and biases. Additionally, the improved exploration capability of CLSSA allows for efficient searching within 
the problem space, increasing the likelihood of finding an optimal solution.

3. Experiments and discussion

3.1. Comparison of CLSSA with established optimizers

This study performs experimentation analyses utilizing the CEC2015 test suite to validate the capability of CLSSA. The suite 
consists of single-modal (F1-F2), multimodal (F3-F5), hybrid (F6-F8), and composite functions (F9-F15). Unimodal problems have only 
a single ideal solution. However, these complex mathematical problems, which are often sphere-shaped or valley-shaped, can be 
utilized to showcase the method’s capacity for exploitation. Multimodal problems provide a greater number of locally ideal solutions, 
which may be utilized to demonstrate the technique’s capacity for exploration. Hybrid and composite methods are effective in 
thoroughly assessing the technique’s effectiveness across several dimensions. For a comprehensive interpretation of CEC2015. The 
problems and their formulations are presented in Ref. [31]. In the experiment, every optimizer assigns a value of 30 to the size of N 
(population size) and a value of 1000 as the maximum number of iterations T. The method is executed individually thirty times, and 
subsequently, the average and deviation are calculated for the purpose of comparative analysis. The corresponding optimizer settings 
are listed in Table 1, as described in their respective literature. The techniques utilized in this study include the Exponential Differential 
Optimizer (EDO) [32], Grey Wolf Optimizer (GWO) [33], Harris Hawk Optimizer (HHO) [34], and Salp Swarm Algorithm (SSA) [35] 
and Competitive Swarm Optimizer [27]

3.2. Statistical results and non-parametric analysis

The results of the statistical analysis are presented in Table 2, which demonstrates the superior performance of the CLSSA across 
multiple test functions. Specifically, CLSSA exhibits exceptional proficiency in exploiting functions F1 and F2 when compared to other 
optimization methods. While both the traditional SSA and CSO produced competitive results overall, the fusion of SSA exploitation 
techniques with CSO traditional position update mechanism encouraged local search around the current positions, thereby yielding 
more accurate solutions. Table 2 also highlights CLSSA’s strong capability for exploring multimodal functions, particularly those in the 
F3-F5 range. Although other algorithms, such as EDO, GWO, HHO, SSA, and CSO performed well on these functions, CLSSA 
demonstrated an enhanced and balanced exploration strategy. This improvement can be attributed to the ability of CLSSA to generate 
new positions for suboptimal individuals when the best individuals become trapped in locally optimal solutions. The random variables 
introduced in Eq. (6) allow the worst-performing individuals to explore new regions of the search space, thereby increasing the 
likelihood of escaping local optima. In the case of the more complex hybrid and composite problems (F7-F15), CLSSA also exhibited 
superior efficiency, as evidenced by the mean fitness values reported for functions F7, F8, F9, F10, F11, F12, F14, and F15. This 
demonstrates that CLSSA strikes an optimal balance between exploration and exploitation, preventing excessive emphasis on either, 
which can impede convergence in challenging optimization problems. The synergy between SSA and CSO in CLSSA enhances both 
exploration and exploitation capabilities, allowing it to leverage the strengths of both algorithms for improved overall performance. 
Moreover, the standard deviation (STD) values in Table 2 reveal the strong consistency of CLSSA across a wide range of problems. The 
GWO optimizer performed particularly well on F12, surpassing other methods in that instance and producing competitive results 
comparable to CLSSA on F6.

To statistically evaluate the significance of CLSSA’s performance improvements compared to other optimizers, two widely used 
tests were conducted: the Friedman Ranking (FR) and Wilcoxon Rank-Sum (WRS) tests. The results of the FR, as shown in Table 2, 
indicate that CLSSA ranks first among the evaluated optimizers, demonstrating its statistical superiority. Traditional SSA and CSO 

Table 1 
Algorithm parameters.

Algorithms Parameter setting

CLSSA ϕ = 0.3
SSA c1 = [2 /e,2]
GWO a0 = 2
HHO E0 = [2,0]
EDO Switch Parameter = 0.5
CSO φ = 0.5
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ranked second and fourth, respectively. The WRS test, conducted at a significance level of 0.05, supports these findings. A p-value of 
less than 0.05 indicates that CLSSA’s performance is significantly superior to that of the other optimizers. As shown in Table 2, the p- 
values confirm that CLSSA achieves a substantial performance boost compared to the competing techniques. In conclusion, the results 
of this study clearly indicate that CLSSA provides a marked improvement over other algorithms in terms of both exploration and 
exploitation capabilities, consistency, and statistical significance. This positions CLSSA as a powerful and effective tool for addressing 
complex optimization problems.

3.3. Convergence Curves and box analysis

To provide a comprehensive analysis of the performance of the competing optimizers, convergence charts for all fifteen problems 
(F1-F15) are displayed in Fig. 4. In these charts, the y-axis represents the average solutions obtained across all iterations, while the x- 
axis represents the number of iterations. The convergence graphs offer a clear depiction of the optimization process for each algorithm, 
highlighting their ability to balance exploration and exploitation effectively. The results show that optimizers such as EDO, HHO, 
GWO, SSA, and CSO exhibit lower efficiency, as they tend to suffer from an imbalance between the exploration and exploitation stages. 
This imbalance often causes these algorithms to converge prematurely or stagnate, leading to suboptimal solutions. In contrast, the 
convergence trajectories of CLSSA indicate that the incorporation of an exploitative position update strategy from SSA significantly 
enhances the search mechanism, allowing for a more balanced transition between exploration and exploitation.

The contrasting techniques in many cases, as shown in the graphs, tend to settle on suboptimal solutions, demonstrating the 
limitations of their search strategies. However, CLSSA consistently outperforms these methods, demonstrating superior convergence 
speed and accuracy. This is particularly evident in the results for problems F1, F2, F3, F5, F9, F10, F11, F12, F14, and F15, where 
CLSSA not only reaches better solutions but also does so more rapidly than the other comparative optimizers. The convergence 
performance of CLSSA further substantiates its improved accuracy compared to SSA and CSO, emphasizing the benefits of integrating 
the SSA exploitation method into the traditional CSO framework. This enhancement enables CLSSA to maintain robust exploration 
while efficiently refining solutions in the exploitation phase, resulting in superior outcomes across a wide range of optimization 
problems.

Fig. 5 presents the box plots of the compared optimizers applied to the CEC 2015 (F1-F15) benchmark problems. In conjunction 
with the data displayed in Table 2 and the box plots in Fig. 5, it is evident that CLSSA exhibited the most effective performance and 
demonstrated the highest level of consistency in converging toward optimal solutions across the majority of the evaluated problems. 

Table 2 
Results of CLSSA and compared Optimizer on CEC 2015.

CLSSA EDO GWO HHO SSA CSO

F1 Mean 4.70Eþ4 1.67E+10 1.12E+9 4.41E+10 9.88E+4 2.59E+9
Std 7.90Eþ4 4.59E+9 9.76E+8 7.92E+9 2.44E+5 1.26E+9

F2 Mean 3.42Eþ4 5.17E+4 3.79E+4 6.07E+4 4.42E+4 1.10E+5
Std 1.73Eþ3 9.70E+3 8.18E+3 1.22E+4 1.62E+4 3.37E+4

F3 Mean 3.16Eþ2 3.38E+2 3.17E+2 3.41E+2 3.20E+2 3.32E+2
Std 4.95 2.34 3.66 2.49 3.10 3.17

F4 Mean 3.94Eþ3 8.46E+3 5.66E+3 6.52E+3 3.95E+3 7.54E+3
Std 3.83Eþ2 8.13E+2 2.04E+3 7.30E+2 5.65E+2 5.24E+2

F5 Mean 5.00Eþ2 5.04E+2 5.03E+2 5.02E+2 5.01E+2 5.03E+2
Std 2.19E-1 5.94E-1 4.55E-1 5.12E-1 2.52E-1 4.95E-1

F6 Mean 6.01Eþ2 6.03E+2 6.01Eþ2 6.05E+2 6.01Eþ2 6.01E+2
Std 1.17E-1 7.24E-1 1.49E-1 3.51E-1 1.29E-1 4.27E-1

F7 Mean 7.01Eþ2 7.43E+2 7.02E+2 7.71E+2 7.01Eþ2 7.04E+2
Std 4.01E-1 8.75 2.61 1.52E+1 3.07E-1 4.56

F8 Mean 8.08Eþ2 4.12E+5 1.39E+3 3.28E+6 8.12E+2 5.53E+4
Std 2.43 2.37E+5 8.45E+2 1.87E+6 4.92 3.68E+4

F9 Mean 9.12Eþ2 9.14E+2 9.13E+2 9.13E+2 9.13E+2 9.13E+2
Std 4.09E-1 1.88E-1 5.13E-1 3.49E-1 4.94E-1 3.38E-1

F10 Mean 7.24Eþ5 1.29E+7 1.06E+6 4.65E+7 8.62E+5 1.11E+7
Std 4.33Eþ5 7.76E+6 8.00E+5 2.13E+7 5.48E+5 2.89E+6

F11 Mean 2.72Eþ3 2.52E+7 3.68E+3 2.50E+7 4.00E+3 5.16E+5
Std 2.63Eþ3 1.53E+7 3.66E+3 2.46E+7 3.63E+3 3.51E+5

F12 Mean 3.46Eþ3 1.45E+10 3.62E+3 2.52E+10 4.08E+3 1.51E+9
Std 9.05E+2 6.61E+7 7.66Eþ2 2.79E+9 1.20E+3 2.75E+7

F13 Mean 1.60E+3 1.87E+3 1.57Eþ3 2.12E+3 1.60E+3 1.72E+3
Std 2.84E+1 7.28E+1 9.92 2.51E+2 3.21E+1 1.10E+2

F14 Mean 2.20Eþ3 7.63E+3 2.54E+3 6.13E+3 2.28E+3 3.83E+3
Std 1.97Eþ2 1.00E+3 2.52E+2 2.68E+3 2.91E+2 8.76E+2

F15 Mean 2.27Eþ3 3.04E+3 2.87E+3 2.85E+3 2.33E+3 2.82E+3
Std 1.18E+2 2.04E+2 3.24Eþ1 5.97E+1 1.10E+2 1.74E+2
Friedman Mean 1.7133 5.2377 2.6156 5.1044 2.0800 4.2289
Friedman Rank 1 6 3 5 2 4
Wilcoxon P-Value – 1.6532e-06 2.4720e-05 2.1491e-08 4.1746e-03 5.1357e-04

N. Tahir S Luoka and W.M.S. Khalifa                                                                                                                                                                            Heliyon 11 (2025) e41892 

8 



The box plots illustrate the dispersion of the most optimal outcomes achieved by the algorithms over 30 independent runs, providing 
valuable insights into their performance stability. In the box plots, the red "+" symbols represent anomalies or outliers data points that 
deviate significantly from the expected distribution. The orange line within each plot marks the median of the distribution, serving as 
an indicator of the central tendency of the results. The length of the boxes, which encapsulate the interquartile range, reflects the 
steadiness and regularity of the algorithms in finding suitable solutions. A shorter box height suggests higher consistency and reli
ability in solution quality. As depicted in Fig. 5, CLSSA exhibits relatively small box heights for a significant portion of the problems, 
highlighting its dependable performance in identifying optimal or near-optimal solutions. This consistency underscores the 

Fig. 4. Convergence Curve of CLSSA and other Optimizers on CEC 2015 functions (F1-F15).
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Fig. 5. Box Plot of CLSSA and other Optimizers on CEC 2015 functions (F1-F15).
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algorithm’s robustness in maintaining a balanced exploration-exploitation process across multiple runs, minimizing the variability in 
its results. Furthermore, CLSSA’s ability to converge toward optimal solutions with minimal variance, as evidenced by the compact box 
plots, contrasts with the more variable performances of other optimizers, whose larger box heights and frequent outliers suggest less 
reliability in achieving consistent results.

3.4. Exploration and Exploitation Analysis

Balancing exploration and exploitation is essential for effectively navigating the solution space, as it allows the algorithm to 
discover diverse potential solutions while simultaneously refining the best-known solutions to achieve optimal performance [36]. To 
gain deeper insights into the dynamics of exploitation and exploration in CLSSA while it seeks the optimal solution, Fig. 6 offers a 
visual representation of these two processes within the proposed algorithm using functions F1, F3, F6, F7, F8, and F10. Each image in 
the figure includes two distinct lines: the blue line represents the optimizer’s exploration phase, where it searches for new potential 
solutions, while the red line illustrates the exploitation phase, where it refines and improves the most promising solutions identified 
thus far. At the initial stages, the recommended CLSSA algorithm places a strong emphasis on exploration, focusing on surveying a 
wide range of possible solutions while minimizing its efforts on exploitation. This phase allows CLSSA to broadly investigate the search 
space and avoid premature convergence to suboptimal solutions. However, as the algorithm progresses through the iterations for most 
of the selected problems, there is a noticeable and timely shift towards exploitation. In the latter stages, the focus shifts predominantly 
to refining and optimizing the best-found solutions using the SSA operators, enabling CLSSA to capitalize on its earlier exploration 
efforts.

This strategic transition from exploration to exploitation allows CLSSA to achieve an effective balance between these two critical 
phases of the optimization process. By beginning with robust exploration and then gradually transitioning to focused exploitation, 
CLSSA ensures a comprehensive search of the problem space while maintaining the capability to fine-tune solutions as the algorithm 
converges. The balance between exploration and exploitation, as depicted in Fig. 6, provides key insights into the superior perfor
mance of CLSSA in solving complex optimization problems. This well-managed equilibrium allows CLSSA to avoid the pitfalls of 
excessive exploration, which can slow convergence, and over-exploitation, which can lead to premature convergence on suboptimal 
solutions. Ultimately, this balance contributes to the algorithm’s ability to deliver consistent and high-quality solutions across a wide 
range of optimization tasks.

3.5. Computation time complexity

Table 3 depicts the average runtime of all optimizers on CEC2015 functions. From Table 3 and it is evident that the CLSSA al
gorithm exhibits a lower computational overhead compared to traditional SSA and CSO. Specifically, the average runtime of CLSSA 
(15.27 s) is significantly faster than SSA (22.70 s) and CSO (45.06 s), while being competitive with other swarm-based and meta
heuristic optimizers like EDO and HHO. EDO exhibited the least computational runtime amidst the compared optimizer. The superior 
computational efficiency of CLSSA compared to the traditional CSO and SSA can be attributed to the following. CLSSA integrates a 
simplified update mechanism compared to both SSA and CSO. While CSO employs a velocity-based search mechanism similar to PSO, 
which can result in high computational costs due to the frequent velocity updates and the large number of iterations required to 
achieve optimal solutions and SSA is known for its strong exploration capabilities but often faces challenges in exploitation, leading to 

Fig. 6. Exploration and exploitation analysis of CLSSA on CEC 2015 functions.
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a slower convergence process. This extended search phase can increase computational time, CLSSA adopts a more straightforward 
competitive learning strategy from CSO and an exploitation position update mechanism from SSA, with less internal iteration and 
within the main maximum iteration. This minimizes the amount of computational resources needed per iteration and ensures that each 
iteration efficiently contributes to improving the solution quality without unnecessary redundancy.

3.6. Load capacity factor prediction

3.6.1. Data
The details of the dataset used in this experiment are detailed in Table 4. The target feature is the Load Capacity Factor, whereas the 

input features are Economic Growth, Coal Energy, Biomass Energy, Renewable Energy, Natural Resources, and Political Risk. To 
ensure a rigorous and well-generalized experiment, all the machine learning approaches and hybrid approaches underwent training 
and testing utilizing quarterly data spanning from 1984 to 2022 from South Africa. The correlation heat map, which displays the 
measure of dependence among all features, is shown in Fig. 7. The overall dispersal of every factor (Load Capacity Factor, Economic 
Growth, Coal Energy, Biomass Energy, Renewable Energy, Natural Resources, and Political Risk) and its trend over the years can be 
observed in Figs. 8 and 9, respectively. Various characteristics may exhibit distinct units and ranges. Scaling is a technique used to 
guarantee that all features have equal importance in the model. It prevents features with greater ranges from overpowering the 
learning process. In this research, the process of standardization is employed. This approach standardizes features by removing the 
mean and scaling to have a variance of one. As a result, the adjusted data will have a mean value of 0 and a standard deviation of 1. The 
formula for standardization is given in Eq. (12): 

Xs =
X − μ

σ (12) 

Where X is the original feature value, μ is the mean of the feature, σ is the standard deviation of the feature, and Xs is the scaled data. 
Variability, complexity and heterogeneity of the dataset can stem from several aspects. The diversity in measurement units and scales 
increases the need for standardization to prevent features with larger magnitudes from disproportionately influencing the model. The 
standardization process used in this study (Eq. (12)) ensures that all variables contribute equally to the prediction process by con
verting them to a standardized scale. The data covers a long period, from 1984 to 2022, and captures fluctuations in technological 
innovation, energy consumption, and political stability, among other factors. Quarterly data points introduce additional complexity, as 
many input features, such as energy use or political stability, can show seasonal trends or cyclical behaviors that could influence the 
load capacity factor. The presence of such temporal trends requires a model capable of adapting to changes over time, ensuring robust 
predictions across different periods. The correlation heat map reveals the extent of interdependence between the features. Some 
factors, such as load capacity factor and energy (coal), have strong correlations, while others may have weaker or even nonlinear 
relationships with the target variable. The complexity of these relationships, as well as the presence of interactions among input 
variables, necessitates an advanced optimization algorithm to capture these dynamics effectively. CL-SSA contributes to managing the 
variability and complexity of the dataset in the CLSSA-ELM model through the following methods. 

1. CL-SSA optimizes the weights and biases of the ELM, ensuring that the model can effectively learn from the dataset’s complexities, 
such as the wide range of values and the nonlinear relationships between input features and the target variable. By iterating 
through possible weights and biases, CL-SSA identifies the best-performing configurations that minimize the prediction error.

Table 3 
Average runtime of optimizers on CEC2015 functions.

Optimizer Average Runtime (Seconds)

CLSSA 15.27
EDO 15.01
GWO 16.48
HHO 16.03
SSA 22.70
CSO 45.06

Table 4 
Description of variables.

Variables Metric Sourced

Load capacity factor Hectares per capita Global footprint
Economic growth Constant 2015 US$ World Bank Database
Coal energy Exajoules British Petroleum database
Biomass energy Tonnes Material Flows Database
Natural resources % of GDP World Bank Database
Political risk Index PRS database
Technological Innovation Addition of both residents and non-resident patent applications World Bank Database
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2. Due to the diverse nature of the input features, the optimization problem involves searching through a multidimensional space to 
identify the best model parameters. CL-SSA excels in exploiting the explored regions of the complex and multidimensional search 
spaces, leveraging the exploitation position update strategy to refine the search process. The algorithm’s balance between 
exploration and exploitation ensures that it does not get trapped in local minima, enabling it to find the optimal parameters even in 
highly variable datasets.

3. Non-parametric uncertainties, such as noise in the data, can degrade model performance. CL-SSA mitigates the impact of these 
uncertainties by performing robust optimization, allowing the ELM to remain resilient even when the dataset is noisy and non- 
linear. Additionally, by optimizing the weights and biases of the ELM, CL-SSA ensures that the model is less sensitive to varia
tions in input data and can provide more stable predictions.

4. The presence of correlations and non-linear relationships between the input features and the target variable presents a challenge for 
traditional optimization techniques. CL-SSA, through its iterative and competitive learning approach, can effectively handle such 
nonlinearities and correlations. It adapts to these complexities by refining the model’s parameters in a way that captures the 
underlying relationships, improving the overall prediction accuracy.

3.6.2. Evaluation metric
Evaluation metrics are crucial in machine learning because they provide a quantitative basis to assess the performance of a model. 

These metrics help determine how well a model makes predictions and enables comparisons between different models. Without 
evaluation metrics, it would be challenging to gauge the accuracy, reliability, and overall effectiveness of a model, leading to sub
optimal decisions in model selection and tuning. Therefore, Table 5 gives details of various metrics that are utilized in this work. 
Evaluation metrics such as R2, RMSE, MSE, MAE, and NRMSE are vital for assessing the performance of machine learning models. They 
help in understanding the accuracy, reliability, and overall effectiveness of models, guiding improvements and comparisons to select 
the best model for a given task. Each metric offers a different perspective on model performance, making it essential to consider 
multiple metrics for a comprehensive evaluation. Here, N indicates the number of data points, σ represents the deviation of data points, 
YExp

i refers to the ith observed data point, YELM
i represent the ith approximated value using any of the ELM model, and Y denote the 

mean of the data.

3.6.3. Load capacity prediction, discussion and experiment
In this section of the experiment, we maintain the parameters of each nature-inspired algorithm as previously established in 

Table 1, while the population size and number of iterations are specified as 30 and 100, respectively. Also, 70 % of the data is used to 
train each model, while 30 % is used for testing. The parameters fine-tuned for the ELM model by various optimizers are the weights 
and biases. The upper and lower bounds of the problem space for optimizing the weights and biases of the ELM model are set between 
− 1 and 1. Five optimizers and CLSSA are employed to improve the configurations of the weights and biases of the ELM. The outcomes 
of this optimization process are presented in Tables 6 and 7. These tables provide four error measurement metrics (RMSE, MSE, MAE, 
and NRMSE) and one precision statistic (R2). The statistics demonstrate that the MSE of the CLSSA method for estimating load capacity 

Fig. 7. Correlation heat map.
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factor in South Africa attained the lowest values compared to the five other optimizers and the ELM in both training and testing 
datasets.

The MSE values for CLSSA were 0.00167 and 0.002633, respectively. For the SSA, the MSE values were 0.003715 and 0.003971, 
CSO reached an MSE of 0.004055 and 0.003781 for training and testing, respectively. The discrepancy in forecasting error of load 
capacity factor between CLSSA, CSO and SSA substantially differ, this highlights the efficiency of the proposed CLSSA in handling 
complex optimization problems. The MSE of the nature-inspired method ELM for training is shown in Fig. 10. This graph represents the 
performance of the algorithm over the specified number of iterations. The CLSSA method demonstrates its resilience in exploring a 
challenging terrain to achieve the lowest error, thereby improving the model’s learning capacity. Furthermore, it is evident that the 
CLSSA method also exhibits the lowest error across all error assessment criteria. Tables 6 and 7 provide accuracy data for the pre
dictions made by all the methods, allowing for a comprehensive assessment of their accuracy. The statistics clearly demonstrate that 
the load capacity factor prediction accuracy for CLSSA is superior compared to other techniques. The CLSSA model achieves a training 
accuracy of 0.981327 and a testing accuracy of 0.97365, indicating that the CLSSA optimizer produces an optimal prediction outcome. 
The tables further highlight the advantages of using CLSSA.

Fig. 11 presents scatter plots for all compared models (CLSSA-ELM, HHO-ELM, GWO-ELM, EDO-ELM, SSA-ELM, CSO-ELM, and 
ELM), offering critical insights into the performance and predictive accuracy of the evaluated models. In this plot, when the circles 
representing different data points are tightly clustered near the best-fit line, it indicates high model accuracy, the closer the points are 
to the line, the higher the model’s precision. An R2 value of one signifies that the model has perfectly evaluated all data points without 
any errors. The illustration shows that for every model in the experiment, the data points are closely grouped around the best-fit line in 
both the training and testing data, leading to satisfactory outcomes for all models. The performance of the hybrid models is assessed by 
observing their corresponding R2 scores. The CLSSA model demonstrates an R2 value of 0.977 for overall load capacity factor pre
dictions, which is the highest among the analyzed optimizers. This indicates that the CLSSA optimizer performs exceptionally well 
compared to other hybrid models. After carefully analyzing all the model plots, it is evident that the CLSSA plot stands out as the most 
accurate, while the SSA plot is the second best.

The proper alignment of data points around the red line in these graphs clearly indicates the potential efficacy of these models. 
Fig. 12 displays a line graph comparing the actual and projected values of all machine learning methods CLSSA-ELM, HHO-ELM, GWO- 

Fig. 8. Data distribution of all features in the dataset.
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ELM, EDO-ELM, SSA-ELM, CSO-ELM, and ELM) used in this study, along with a line representing their absolute errors. The plots are 
divided into training and testing data. The spikes represented by the pink line indicate the magnitude of prediction errors, thereby 
reflecting the effectiveness of the approaches used. Less amplitude on the pink line signifies minimal forecasting errors, indicating 
excellent performance. The CLSSA approach stands out in these plots, with few instances of high amplitudes on the error lines 
compared to others, demonstrating its effectiveness in understanding and connecting complex input variables to the target variable. 
The predictive capabilities of the CLSSA approach are impressive. In conclusion, the amplitude provides valuable insight into the 
disparity between predicted and actual values of the hybrid model patterns in both the training and testing datasets.

Fig. 9. Trend of features in the dataset over time.

Table 5 
Evaluation metric definition.

Metric Formula Definition

R2 ∑N
i=1

(
YExp

i − YExp
)2

−
∑N

i=1

(
YExp

i − YELM
i

)2

∑N
i=1

(
YExp

i − YExp
)2

Coefficient of Determination

RMSE ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Σ
(

YELM
i − YExp

i

)2
/n

√ Root Mean Square Error

MSE 1
N

∑N
i=1

(
YELM

i − YExP
i

)2 Mean square error

MAE 1
N
∑n

i=1

⃒
⃒
⃒YExp

i − YELM
i

⃒
⃒
⃒

Mean absolute error

NRMSE ∑(
YELM

i − YExp
i

)2

∑(
YExp

i

)2

Normalized Root Mean Square Error

Table 6 
Evaluation metrics results from training hybrid models and ELM.

Model R2 RMSE MSE MAE NRMSE

CLSSA-ELM 0.981327 0.040861 0.00167 0.032055 0.137974
HHO-ELM 0.944885 0.070201 0.004928 0.053174 0.24161
GWO-ELM 0.954351 0.063889 0.004082 0.053555 0.218482
EDO-ELM 0.962372 0.058005 0.003365 0.044324 0.197736
SSA-ELM 0.959293 0.060949 0.003715 0.047102 0.205909
CSO-ELM 0.95465 0.063679 0.004055 0.049935 0.218335
ELM 0.936372 0.075428 0.005689 0.060394 0.260675
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4. Contribution and observation

Permutation importance is a technique used to evaluate the significance of features in a machine-learning model. It measures the 
change in the model’s performance when the values of a single feature are randomly shuffled. This change in performance indicates the 
impact of each feature on predicting the target variable. However, permutation importance does not indicate whether a feature has a 
positive or negative effect on the target variable, it only measures how much the model’s performance changes when the feature is 
permuted. For instance, if permuting a feature leads to a significant drop in performance, it suggests that the feature is important, but it 
does not reveal whether the feature is positively or negatively correlated with the target variable. The permutation feature importance 
scores derived from the model provide a detailed understanding of the factors influencing the load capacity prediction factor in this 
section in Fig. 13, with the length of each bar indicating their relative impact.

Notably, coal has the highest importance score, highlighting its significant impact on the load capacity factor in this study. Despite 
the global shift towards cleaner energy sources, coal remains a critical component in many regions, such as South Africa, because of 
mining or consumption due to its reliability and established infrastructure. This underscores the necessity of balancing environmental 
concerns with the practicalities of existing energy systems. This finding aligns with other studies showing that coal mining is crucial for 
South Africa’s economy, significantly contributing to GDP, employment, and export revenues. However, it also poses substantial 
environmental challenges [37]. Following coal, economic growth ranks as the second most impactful factor. Economic growth 
significantly influences the load capacity factor by driving energy demand and enabling investments in energy infrastructure and 
technology. As economies expand, energy consumption increases, necessitating higher load capacities. Thus, fostering economic 
growth can have a direct effect on the energy sector’s capacity, reinforcing the interplay between economic growth and energy ca
pacity [38]. Technological innovation ranked third in importance. Innovations in areas such as smart grids, renewable energy tech
nologies, and overall energy efficiency are crucial for enhancing energy production, storage, and distribution capacities. These 
advancements directly impact load capacity, aligning with previous studies by Refs. [39,40].

Biomass energy, with a moderate impact ranking fourth, contributes to the load capacity factor in the dataset by diversifying the 
energy mix and enhancing energy security. However, its relatively lower impact compared to other factors may be due to scalability 
challenges and limited resource availability. Nonetheless, biomass remains an important component of a balanced and sustainable 
energy strategy [41]. Political risk is another significant factor affecting load capacity. The stability and predictability of political 
environments, along with robust regulatory frameworks and governmental support, are crucial for fostering investment and devel
opment in the energy sector. High political risk can create an uncertain investment climate, reducing capacity, whereas stable and 
supportive political conditions can facilitate higher energy production capabilities. This underscores the critical role of governance and 
policy-making in securing and enhancing energy infrastructure. Natural resources hold the least importance in this study, although the 

Table 7 
Evaluation metrics results from testing hybrid models and ELM.

Model R2 RMSE MSE MAE NRMSE

CLSSA-ELM 0.97365 0.051317 0.002633 0.037183 0.160731
HHO-ELM 0.948236 0.071926 0.005173 0.060799 0.228706
GWO-ELM 0.95444 0.067478 0.004553 0.057669 0.214661
EDO-ELM 0.936234 0.07983 0.006373 0.064645 0.251904
SSA-ELM 0.95798 0.063012 0.003971 0.049383 0.210067
CSO-ELM 0.96217 0.061488 0.003781 0.048743 0.19581
ELM 0.947919 0.072146 0.005205 0.05884 0.233735

Fig. 10. Error convergence Curve of hybrid models.
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fundamental role of resource availability and quality, such as water, minerals, and fossil fuels, in sustaining high load capacities. 
Regions rich in natural resources can support more substantial energy production, directly influencing load capacity.

In conclusion, the permutation feature importance scores highlight coal energy, economic growth, technological innovation, and 
biomass as the top critical factors influencing load capacity factor. These insights provide valuable guidance for policymakers, in
vestors, and energy companies. Policymakers can formulate strategies that balance environmental goals with practical energy needs, 
investors can prioritize areas with high potential for innovation and resource availability, and energy companies can develop strategic 
plans to ensure reliable and sustainable energy supplies. This comprehensive analysis enhances the understanding of the factors 
driving load capacity factor and supports efforts to optimize energy systems for sustainable development. Practical applications of the 
knowledge gained from the importance score are as follows. 

1. Policy Formulation: Governments can focus on creating policies that promote technological advancements and political stability to 
maximize load capacity.

2. Investment Decisions: Investors can use these insights to prioritize funding in areas with high potential for technological innovation 
that can promote sustainable energy production.

3. Energy Planning: Energy companies can leverage this information to develop long-term strategies that ensure a reliable and sus
tainable energy supply.

5. Uncertainties in load capacity prediction

This section provides a detailed exploration of both internal and external uncertainties, with an emphasis on how these factors 
impact the outcomes of the hybrid CLSSA-ELM framework. 

1. Internal Uncertainties: These uncertainties arise from within the model itself, particularly from the inherent variability in its pa
rameters, such as the weights and biases in the ELM. The random initialization of these parameters can lead to different optimi
zation performances, resulting in variations in prediction accuracy. Such internal uncertainties underscore the importance of 
employing optimization techniques, like CLSSA, which can stabilize the model by optimizing these parameters effectively.

2. External Uncertainties: External uncertainties originate from factors outside the control of the predictive model. These include 
fluctuations in environmental variables, economic changes, and policy shifts that can influence the load capacity factors. Since 

Fig. 11. Actual vs Predicted R2 Plots of CLSSA-ELM and the Compared Models.
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these variables are often dynamic and unpredictable, they introduce significant variability in the predictions made by the model. A 
well-designed model must account for these variabilities and complexities in the data set by ensuring the model maintains a robust 
optimization strategy during the prediction process, as highlighted in the improvement made to the CLSSA algorithm.

3. Parametric Uncertainties: These uncertainties stem from variability in the parameters of the model itself. For instance, the per
formance of the CLSSA in optimizing the ELM is directly influenced by the variability in its search for optimal weights and biases. 
When these parameters are uncertain or vary greatly, they introduce risks in the prediction outputs, necessitating a robust and 

Fig. 12. Actual vs Predicted Absolute Error Plots of CLSSA-ELM and the Compared Models.

Fig. 13. Permutation importance score.
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adaptive optimization approach to mitigate these risks. Effective parameter tuning, such as that provided by CLSSA, is crucial for 
handling this category of uncertainty.

4. Non-parametric Uncertainties: These uncertainties are not related to the model parameters but rather to the data used for training 
and testing. Examples include noise in the input data, missing values, and incomplete datasets. Such uncertainties can degrade the 
model’s performance and limit its generalizability. The structure of these uncertainties plays a key role in model reliability, and 
understanding the nature of the data used (e.g., its variability, complexity, and noise) is vital for developing a robust prediction 
model.

Uncertainty, both parametric and non-parametric, significantly affects the accuracy and reliability of load capacity predictions. 
Variations in model parameters, coupled with external changes, can lead to fluctuating predictions, making it difficult to achieve 
consistently accurate results. The structure of uncertainty, whether originating from noisy data or volatile environmental conditions, 
can further complicate the prediction process. Understanding and addressing these uncertainties are essential for ensuring that the 
model delivers reliable forecasts, thereby supporting better decision-making for policymakers and energy planners.

6. Conclusion

The forecasting of load capacity factor has garnered significant attention, leading to the development of a strong study field largely 
due to its potential to have a detrimental effect on the ecosystem. This work aims to forecast the load capacity factor by using an 
improved machine learning methodology called ELM hybridized CLSSA. Within this specific framework, the ELM is selected as the 
primary predictive model for analyzing training data and identifying connections among different load capacity factor parameters. In 
order to improve the effectiveness of the ELM, a hybridization technique is employed that combines CLSSA with ELM. CLSSA is the 
fusion of two optimization algorithm, the traditional CSO exploitation phase is improved using the SSA exploitation strategy to 
improve convergence accuracy. The integration enables efficient adjustment and optimization of the parameters, particularly the 
weights and biases, for the machine learning model. Subsequently, a comprehensive assessment is conducted to evaluate the effec
tiveness of the ELM-CLSSA framework. The study’s findings reveal that the ELM-CLSSA hybrid framework has remarkable achieve
ments, achieving the highest levels of accuracy, and efficiency in this study. The ELM-CLSSA achieves impressive overall R2 values, 
especially achieving 0.977 for load capacity factor prediction.

The metrics of the ELM-CLSSA approach transcend those of other methods, indicating that it has a higher level of accuracy in 
prediction compared to its rivals. According to the ELM-CLSSA feature significance assessment, coal energy, economic growth, 
technical innovation, and biomass are identified as the primary factors that contribute the most to the load capacity factor. The 
effectiveness and feasibility of the ELM-CLSSA approach can be limited by a lack of access to comprehensive and reliable data. 
Moreover, in terms of limitation, more analysis is required to ascertain the feasibility of implementing the suggested framework in 
other geographical areas and weather conditions. Finally, it is crucial to acknowledge the resource demands and computational in
tricacy of the model. Learning and procedures for optimization need substantial computational resources and time. In order to enhance 
the precision and robustness of prediction models, forthcoming research will focus on broadening the range of data collection to 
encompass bigger and more diverse datasets from other climatic regions. To enhance understanding and optimize the manner of 
formulating environmentally beneficial policies, we will also explore approaches to elucidating and deciphering the estimations 
provided by ELM-CLSSA.
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