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Abstract 

Accurate 𝐶𝑂2 Emission prediction is essential for evidence-based climate policy, yet 

Support Vector Regression (SVR), a leading machine learning approach for prediction 

tasks, requires precise hyperparameter selection, which standard optimizers often address 

poorly due to premature convergence. This chapter proposes SCMSSA, a three-mechanism 

enhancement of the Salp Swarm Algorithm (SSA) that integrates logistic-chaotic single-

dimensional perturbation, convex lens mirror imaging opposition, and sine-cosine 

follower perturbation to simultaneously improve exploration coverage, population 

diversity, and convergence speed, thereby optimizing the parameters of SVR. Applied to 

monthly U.S. Energy Information Administration records (1973-2023), the SVR-SCMSSA 

model attains an accuracy of 95.78%, surpassing all compared models on every evaluation 

metric. 
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1 Introduction 

Fossil fuel combustion accounts for roughly 80% of global primary energy use and is the 

dominant anthropogenic driver of rising CO2 concentrations (Calvin et al., 2023; Holechek 

et al., 2022; Luo et al., 2020). The Copenhagen Accord mandates limiting warming to 2∘C 

requires a significant reduction in emissions relative to 1990 by 2050 yet concentrations 

continue to climb (Ramanathan & Xu, 2010; Schmalensee et al., 1998). Reliable CO2 

forecasting is therefore foundational for evaluating mitigation pathways and informing 

energy policy (Madejski et al., 2022; Yu & Du, 2019). 

Machine learning hybrid architectures coupling regression models with metaheuristic 

optimizers have gained traction for environmental forecasting (Ahmed et al., 2021; Masood 
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& Ahmad, 2021; Qin et al., 2023). SVR (Cortes & Vapnik, 1995) is a strong candidate 

owing to its structural risk minimization and kernel-based nonlinear mapping, but its 

accuracy depends heavily on the penalty 𝐶 and kernel 𝛾 (Malik et al., 2020) parameters, 

which are non-trivial to tune automatically. The SSA (Mirjalili et al., 2017) is a competitive 

optimizer valued for simplicity, yet its canonical form suffers from premature convergence 

and insufficient population diversity on multimodal landscapes (Si et al., 2022), limiting 

accuracy. The No-Free-Lunch theorem (Wolpert & Macready, 1997) motivates continued 

algorithm innovation; this work introduces SCMSSA, three complementary enhancements 

to SSA, and couples it with SVR for high-accuracy CO2 prediction. 

Related Work 

Metaheuristic-Optimized ML for 𝐂𝐎𝟐 and Environmental Prediction 

The fusion of metaheuristic optimizers with ML regressors has produced competitive CO2 

and greenhouse gas (GHG) forecasting models. Ahmed et al. (Ahmed et al., 2021) coupled 

a Multi-Layer Perceptron with Nuclear Reaction Optimization for monthly streamflow 

prediction, demonstrating rapid convergence on long hydrometeorological records. For 

CO2 forecasting specifically, Qin et al. (Qin et al., 2023) introduced an enhanced Marine 

Predator Algorithm paired with multi-kernel SVR to project China's emissions. Jalaee et 

al. (Jalaee et al., 2021) merged an ANN with a Cuckoo Optimization Algorithm (CO-

ANN), yielding a reliable global CO2 projections to 2050, while Uzlu (Uzlu, 2021) applied 

a Grey Wolf Optimizer-trained ANN to Turkey's GHG emissions, reducing relative error 

compared to alternative ANN optimizers. Each of these contributions relies on a single-

mechanism optimizer that may underperform on rugged hyperparameter landscapes, 

motivating the multi-mechanism design of SCMSSA. 

SSA Enhancements and Opposition-Based Learning 

The canonical SSA (Faris et al., 2020; Mirjalili et al., 2017) has been widely recognized 

for its simplicity, yet practical applications confirm its susceptibility to local optima on 

multimodal problems (Mahapatra et al., 2023; Si et al., 2022). Si et al. 2022) addressed this 

by incorporating opposition-based learning (OBL) into SSA, significantly improving 

diversity and coverage. Independently, chaotic maps have been integrated into swarm 

optimizers by Luo et al. (Luo et al., 2020) in firework algorithms and Zhang et al. (Zhang 
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et al., 2022) in butterfly optimization, to inject ergodic perturbations that escape local 

optima. Tizhoosh (Tizhoosh, 2005) established OBL as a general machine-intelligence 

paradigm; Yao et al. (Yao et al., 2023) operationalized convex-lens imaging within the 

Enhanced Snake Optimizer (ESO), confirming geometry-based opposition as an effective 

acceleration strategy. No prior work unifies all three mechanisms-chaotic perturbation, 

lens-mirror imaging, and sine-cosine perturbation-within SSA, the gap addressed by 

SCMSSA. 

Methodology 

SSA and SVR Foundations 

The SSA leader updates its position in dimension 𝑗 as expressed in Eq. (1) 

𝑥𝑗
1 = {

𝐹𝑗 + 𝑟1 ((𝑢𝑏𝑗 − 𝑙𝑏𝑗)𝑟2 + 𝑙𝑏𝑗)    𝑟3 ≥ 0.5

𝐹𝑗 − 𝑟1 ((𝑢𝑏𝑗 − 𝑙𝑏𝑗)𝑟2 + 𝑙𝑏𝑗)    𝑟3 < 0.5
                         (1) 

 where 𝑟1 = 2𝑒−(2𝑡/𝑇)
2
 decays from exploration to exploitation (Faris et al., 2020; Mirjalili 

et al., 2017). SVR (Cortes & Vapnik, 1995) minimizes 
1

2
‖w‖2 + 𝐶∑  𝑖 (𝜀𝑖 + 𝜀𝑖

∗) subject to 

𝜀-insensitive constraints, with the RBF kernel 𝐾(x, x𝑖) = 𝑒−𝛾‖𝐱−𝐱𝑖‖
2
. SCMSSA automates 

joint (𝐶, 𝛾) selection using RMSE as the fitness function. 

SCMSSA Enhancement Mechanisms 

Logistic Chaotic Single-Dimensional Perturbation (LCSDP). A logistic map 𝐶(𝑡 + 1) =

𝜇𝐶(𝑡)(1 − 𝐶(𝑡)) with 𝜇 = 4 generates ergodic, non-repeating sequences (Li et al., 2020; 

Luo et al., 2020; Zhang et al., 2022). At each iteration, one dimension 𝑑 of Xbest  is 

perturbed: 𝑋new ,𝑑 = 𝑙𝑏𝑑 + 𝐶(𝑡)(𝑢𝑏𝑑 − 𝑙𝑏𝑑). The update is accepted only if fitness 

improves. Perturbing a single dimension preserves valuable information in the remaining 

coordinates while providing targeted disruption. 

Convex Lens Mirror Imaging. Inspired by Opposition-Based Learning (Tizhoosh, 2005) 

and the lens-imaging mechanism of Yao et al. (Yao et al., 2023), two opposing candidates, 

a convex-image salp 𝑠∗ and a plane-mirror salp 𝑠∗∗ are generated for each individual. A 

nonlinear scaling factor 𝛿(𝑡) = 10 − (10 − 9)(𝑡/𝑇)2 governs lens thickness, favouring 
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broad exploration early and precise local search near convergence. The candidate with 

lower RMSE replaces the current salp. 

Sine-Cosine Position Perturbation. Perturbation factors 𝑝sin and 𝑝cos functions of the 

iteration ratio 𝑡/𝑇 and the fitness gap ( 𝑓
best 

∗ − 𝑓𝑖 ) replace the canonical SSA follower 

update for salps 𝑖 > 𝑁/2,. Oscillatory disruption diversifies search trajectories and aids 

escape from local optima (Yao et al., 2023) 

Experimental Results 

𝐂𝐎𝟐 Prediction Performance 

The U.S. EIA dataset comprises monthly observations (1973-2023) with eight variables: 

CO2 (target), Fossil Fuels, Nuclear, Hydro, Geothermal, Wood, Waste, and Biomass. 

Features are min-max normalized to [0,1] and partitioned 70%/30% for training/testing. 

Tables 1 and 2 compare SVR-SCMSSA against unoptimized SVR and Extreme Learning 

Machine (ELM) on five metrics. SVR-SCMSSA leads all competitors on every metric for 

both splits. On the test set, RMSE decreases significantly compared to SVR, while the 

accuracy of 0.9578 exceeds the next-best ELM of  0.9286. ELM achieves training 

accuracy of 0.9477, but degrades in the test, indicating overfitting. 

Table 1. Training results 

Model RMSE 𝑅2 MSE MAE MAPE 

SVR-SCMSSA 0.00079 0.9586 0.00055 0.01683 0.2786 

SVR 0.00084 0.9159 0.00102 0.01951 0.3227 

ELM 0.04365 0.9477 0.00191 0.03212 0.7033 

 

Table 2. Test results 

Model RMSE 𝑅2 MSE MAE MAPE 

SVR-SCMSSA 0.00056 0.9578 0.00056 0.01634 0.2699 

SVR 0.00133 0.8998 0.00133 0.03154 0.5200 

ELM 0.04934 0.9286 0.00243 0.03520 0.2766 
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Conclusion 

This chapter introduced SCMSSA, a three-mechanism enhancement of SSA that combines 

logistic-chaotic perturbation, convex-lens mirror imaging, and sine-cosine position 

perturbation. The SVR-SCMSSA hybrid applied to EIA monthly records outperformed all 

compared models across all metrics, achieving test accuracy of 0.9578 and an RMSE of 

0.00056, confirming both high explanatory fidelity and tight error containment. These 

results are particularly notable given the inherent volatility and seasonal irregularity 

embedded in monthly industrial activity data, where conventional single-stage models 

often fail to maintain consistent generalization. 
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