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Abstract— Forecasting CO2 emissions is one of the most 

important measures governments must take to maintain 

human health in the current climate. CO₂ levels are a critical 

component of overall air quality and are closely linked to 

industrial activity. Industrial air pollution, particularly CO₂ 

emissions, remains one of the most significant challenges faced 

today. The use of optimization algorithms can support 

accurate predictions of CO2 emissions. This paper proposes an 

optimization strategy based on the proposed Bee- Particle 

Swarm optimization (BPSO) method to estimate CO₂ emissions. 

The proposed method integrates Bee Optimization and enhances 

it using particle swarm technique to achieve higher predictive 

accuracy for CO₂ emission forecasting. The model presented in 

this paper consists of two stages: the first involves data 

preprocessing using the Discrete Wavelet Transform (DWT), 

and the second involves feature selection and CO₂ emission 

prediction using the proposed BPSO algorithm. The results show 

that an increased number of features correlates with a 

heightened potential for improved accuracy. The outcomes 

demonstrate the effectiveness of the proposed methodology. 
 

Keywords— Carbon emission, Particle Swarm Optimization, 

Bee colony optimization, Discrete Wavelet Transform (DWT), 
Climate. 

 

I.   INTRODUCTION 

The construction industry is a major contributor to world 
energy consumption and greenhouse gas emissions, 
attracting considerable scrutiny for its substantial carbon 
output. Carbon emission prediction is the process of 
predicting the future levels of carbon dioxide (CO₂) that 
will be emitted into the atmosphere because of a variety 
of human and natural activities. It is instrumental in the 
mitigation of climate change and the management of the 
environment by allowing industries to predict emission 
trends and devise effective strategies for reduction. This 
prediction typically depends on historical data, 
environmental variables, and sophisticated computational 
methods, including machine learning, optimization 
algorithms, and time-series forecasting. Governments can 
establish informed climate in industries can strive for 
sustainability, and scientists can gain a more 
comprehensive understanding of the potential long-term 
effects on global temperatures and ecosystems by 
accurately forecasting CO₂ emissions.  

 

 

Artificial intelligence (AI) technologies are essential for 
enhancing low-carbon energy plans through precise and 
swift forecast, analysis, and optimisation of energy 
production and consumption. Simultaneously, big data 
technologies facilitate the collecting, integration, and 
analysis of extensive energy-related datasets, providing 
profound insights into market dynamics and industry 
trends. AI and big data collectively establish a robust 
framework for informed decision-making and the 
advancement of sustainable, low-carbon energy systems 
[1-4]. Furthermore, the Hybrid Carbon-Hydrogen 
Metallurgy Manufacturing Process (HCHMP) signifies a 
viable approach for the sustainable evolution of the iron 
and steel sector. In contrast to the conventional Pure 
Carbon Metallurgy Process (PCMP), which depends 
exclusively on carbon-based inputs and has been 
thoroughly examined for material, energy, and emission 
optimisations, HCHMP incorporates hydrogen as a 
reducing agent to diminish carbon emissions. 
Nevertheless, despite its promise, a significant deficiency 
exists in research regarding low-carbon optimisation 
models and methodologies specifically designed for 
HCHMP. Creating such models is crucial for enhancing 
efficiency, reducing environmental impact, and steering 
the sector towards more sustainable production methods 
[5,6]. In contrast, most metaheuristic solutions mimic 
physical, biological, or natural principles that exhibit 
intrinsic predictability and optimisation traits, rendering 
them exceptionally successful for CO₂ emission 
forecasting. These algorithms can traverse intricate, 
multidimensional data environments to discern patterns 
and correlations between industrial processes and 
emission outputs. Metaheuristics can improve the 
precision and efficacy of CO₂ emissions forecasting 
across diverse sectors, especially in energy-intensive 
businesses, by utilising their adaptive search capabilities.  

The prediction of CO2 emissions in this paper is based on 
Bee Optimization and is enhanced with the Particle 
Swarm Optimization (PSO) technique to achieve greater 
predictive accuracy for CO2 emission forecasting.  
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There are two stages in this model: the first involves 
preprocessing data using the Discrete Wavelet Transform 
(DWT), and the second involves feature selection and 
prediction of CO2 emissions using the proposed Bee- 
Particle Swarm optimization (BPSO). Furthermore, BPSO 
algorithm performed better than other algorithms in terms 
of prediction effectiveness and accuracy rate. Section II 
provides an overview of related works in this paper. The 
proposed model is illustrated in Section III. The results of 
the research are presented in Section IV. The conclusion 
is provided in Section V. 

 

II. RELATED  WORKS 

Presently various researchers have introduced a variety of 
optimisation techniques applicable to carbon emission 
analysis and prediction. This section focuses on previous 
research industries aimed at improving the accuracy and 
efficiency of CO₂ emission forecasting models, particularly 
using advanced optimisation strategies (see TABLE I.).  
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TABLE I. LIST OF RELATD WORKS

Study Year Technology Strengths Limitations 

[7] 2025 To identify key drivers of urban expansion and 
predict future growth patterns, the authors used 
advanced Geographic Information Systems (GIS) 
tools and machine learning techniques. Using this 
approach, they were able to shed light on how 
urbanization interacts with cultural and historical 
landscapes. 

Focus on Heritage 
Preservation: By concentrating 
on a heritage-rich area like 
Gharb Sohail, the study 
emphasizes the importance of 
balancing development with 
cultural preservation. 

Data Limitations: The 
accuracy of machine learning 
models heavily depends on the 
quality. 

[8] 2024 Least Squares Support Vector Machine (LSSVM) 
optimised using Whale Optimisation Algorithm 
(WOA) for forecasting emissions in power systems 
incorporating renewable energy sources. 

 

High prediction accuracy with 
Mean Square Error (MSE); 
effectively handles non-linear 
relationships. 

Some difficulties in adapt to 
developing conditions in 
power systems. 

 

[9] 2024 The authors propose a deep learning-based approach 
combining the Long Short-Term Memory (LSTM) 
model and scenario simulation techniques to forecast 
carbon emissions in China's logistics industry.  

- High forecasting accuracy 
using LSTM models. 

-  Provides peak carbon 
emission pathways, aiding 
long-term strategic planning 

 

- Data limitations may affect 
model robustness in real-world 
applications 

[10]  2024 The CNN-BRNN model is proposed as a hybrid deep 
learning model. 

The hybrid architecture 

effectively captures both 

spatial and temporal 
dependencies. 

Does not include CO2 
emissions directly as an output 
variable. 

[11] 2023 Enhances prediction accuracy by combining 
Oscillatory Particle Swarm Optimization (OPSO) 
with Long Short-Term Memory (LSTM) networks. 

Significant improvement over 

standard LSTM models; 

effectively mitigates 
overfitting. 
 

The integration of OPSO 
increases the computational 
complexity. 

[12] 2023 The paper compared SVM, Random Forest, and k-
NN models for predicting PM2.5 and PM10 
concentrations. The paper showed the impact of 
training data characteristics and evaluates model 
performance on a variety of international datasets. 

 

The paper provided practical 
insights into how different 
machine learning algorithms, 
including data preprocessing 
and hybrid models, handle air 
pollution prediction. 
Additionally, the impact of the 
dataset on the accuracy of the 
prediction is highlighted 

 

Focused on particulate matter 
(PM) rather than directly on 
CO₂ emissions 

[13] 2023 The paper proposed a hybrid model combining 
Ensemble Empirical Mode Decomposition (EEMD) 
and Particle Swarm optimisation-based 
backpropagation Neural Networks (PSOBP). 

 

This is the first time EEMD has 
been applied to the prediction 
of carbon emissions, 
effectively handling non-
stationary, nonlinear patterns 
of data. 

The performance of EEMD is 
heavily dependent on accurate 
decomposition; errors may 
cascade into predictions if 
EEMD is not accurate. 

[14] 2022 Several machine learning (ML) approaches were 
used to investigate transportation-related CO2 
emissions. To analyze and predict emission patterns 
in urban areas, the study combined spatial and 
environmental data. To identify dominant 
influencing factors and spatial distribution patterns, 
ML algorithms such as Random Forest (RF), 
Gradient Boosting, and others are used. 

Utilizes high-performance 
models such as RF and GBM 
to capture non-linear 
relationships and feature 
importance. 

The results of tree-based ML 
models such as RF/GBM are 
often difficult to understand by 
non-technical stakeholders due 
to their lack of interpretability. 

[15]  2021 In the proposed system, real-time in-vehicle sensor 
data is used to estimate the CO2 emissions of the 
vehicle using a Recurrent Neural Network (RNN) -
based Long Short-Term Memory (LSTM) model. 

 

Based on public OBD-II data, 
the proposed model provides a 
scalable and efficient method 
of monitoring automobile 
emissions at the vehicle level 
and has been evaluated 

Collecting vehicle-level 
emission data could raise data 
privacy or cybersecurity 
challenges in real-world 
applications. 

[16]  2021   They used deep learning models (LSTM and GRU) 
to forecast carbon emissions. 

According to the authors, deep 
learning can capture complex 

nonlinear trends in CO₂ 
emissions data. 

 

The Long Short-Term Memory 
(LSTM) and Gated Recurrent 
Unit (GRU) models were 
implemented. 

Authorized licensed use limited to: Effat University. Downloaded on February 09,2026 at 10:09:31 UTC from IEEE Xplore.  Restrictions apply. 



The 1st Future International Conference on Artificial Intelligence and Cybersecurity (FICAC25) 

 

138 

 

 

Based on previous studies, we propose an innovative 
optimization-constructed approach. By using real-time 
recorded data, this method uses the Bee- Particle 
Swarm optimization (BPSO) to select features, 
followed by predicting CO2 emissions. This approach 
will be discussed in more detail in the following 
section. 
 

                     III. METHODOLOGY 

The main objective behind this work is to use a 
proposed technique to select features of CO2 and 
classify with predicting CO2 emission. Fig.1 shows the 
main blocks of this work. 

 

 

                          Fig. 1. Proposed system. 

 

A. Real time data recorded  

The first step in the system model involves data 

collection. The data collection of this system is 

database CSV files from an online dataset for providing 

an interactive data Explorer for analyzing historical 

greenhouse gas (GHG) emissions across global regions 

[17]. All greenhouse gases in these databases including 

CO₂, CH₄, N₂O, and F-gases. Based on historical 

emissions data obtained from the Climate Watch 

platform, this paper uses Egypt as the target country for 

CO2 emission prediction. Real-world, time-series 

records of greenhouse gas emissions are included in 

this dataset [17], which serves as the basis for training 

and evaluating the proposed prediction model. 

 

 

B. Preprocessing stage   
 

Preprocessing procedure is applied by using Discrete 

Wavelet Transform (DWT) method based on the 

criteria of the technique on python [18]. This part 

focuses on the extraction of features from datasets 

based on the DWT. The DWT is an effective method 

for decomposing nonstationary data into different 

scales for the purpose of analyzing it. The process 

involves breaking down the CO2 CSV file into a set of 

multi-resolution coefficients to reveal various facets of 

the data, such as trends, discontinuities, and recurring 

patterns.  

 

 

 

Based on a scaling function and a wavelet function, 

DWT extracts the characteristics of CO2 data. During 

this decomposition process, two distinct components 

are produced: the approximation component and the 

detail component. Both components contain important 

information about the CO2 data [19]. 
 
 

C. Feature selection and prediction based on BPSO   
 
The selection of features plays an important role in 
determining the accuracy of prediction models. In the 
case of a dataset with many features, the resulting high-
dimensional space may become cluttered and noisy, 
negatively affecting the accuracy of the prediction. The 
PSO method was found to perform higher than average 
accuracy values when applied to feature selection 
techniques [20,21]. Using it to select the features and 
improving it with Bee Colony Optimization (BCO) to 
help in the prediction values [22], we applied it in this 
paper. According to PSO, the main equation for feature 
selection is as follows: 
Every particle in PSO flies in the search space at a 
velocity established by its own memory of flying and 
that of its companion. . Based on the assumption that a 
minimization problem is being addressed, the following 
equations are given: 
 
𝒑𝒃𝒆𝒔𝒕𝒊

𝒕 =𝑥𝑖
∗|𝑓(𝑥𝑖

∗) = 𝑚𝑖𝑛𝑘=1,2,..,𝑡({𝑓(𝑥𝑖
𝑘)}),                  (1) 

 
𝑤ℎ𝑒𝑟𝑒 𝑖 ∈ {1,2, … . 𝑁} 
 
𝒈𝒃𝒆𝒔𝒕𝒊

𝒕 =𝑥∗
𝑡|𝑓(𝑥∗

𝑡) = 𝑚𝑖𝑛({𝑓(𝑥𝑖
𝑘)}),                           (2) 

 𝑖 = 1,2, … . 𝑁 
 𝑘 = 1,2, … . . , 𝑡 

 
 
Where i denotes the particle's index, t denotes the 
current iteration number, f denotes the objective 
function to be optimized (minimized), x is the position 
vector (or a potential solution), and N denotes the 
number of particles in the swarm [23]. 
According to the following equations, the velocity v 
and position x of each particle i are updated at the 
current iteration t + 1 as follows: 
 
𝑣𝑖

𝑡+1 = 𝜔𝒗𝒊
𝒕 + 𝑐1𝒓𝟏(𝒑𝒃𝒆𝒔𝒕𝒊

𝒕 − 𝒙𝒊
𝒕) + 𝑐2𝒓𝟐(𝒈𝒃𝒆𝒔𝒕𝒊

𝒕 − 𝒙𝒊
𝒕)     () 

 
 
𝒙𝒊

𝒕+𝟏 = 𝒙𝒊
𝒕 + 𝑣𝑖

𝑡+1,                                                           (4) 
 
The velocity vector v represents the velocity vector, the 
inertia weight ⍵ represents the inertia weight employed 
to balance the local exploitation r1 and the global 
exploitation r2, and the random vectors are uniformly 
distributed within the interval [0, 1]. Additionally, we 
developed an enhanced velocity update equation (3) 
based on BCO [24,25]to improve selected PSO features 
by (5) 
𝑣𝑖

𝑡+1 = ⍵𝑣𝑖
𝑡 + 𝑐1𝑟1(𝑝𝑏𝑒𝑠𝑡

𝑡 − 𝑥𝑖
𝑡) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡

𝑡 − 𝑥𝑖
𝑡) + 

𝜙1. 𝜓𝑖𝑗(𝑡)                                                                                (5) 
 
The equation is updated by adding two values: 
- ϕ1 is the Bee-inspired assuming local search 

coefficient based on (6). 
- ψ𝑖𝑗(𝑡)Bee-guided perturbation based on (7) 

                                                                            
ϕ1 = 0.1.   (1-    𝑡 𝑡𝑚𝑎𝑥

⁄ )                                                        (6) 
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 ψ𝑖𝑗(𝑡) =
𝑓(𝑥𝑖𝑗)

∑ 𝑓
. ƞ𝑖𝑗,𝑤ℎ𝑒𝑟𝑒 ƞ𝑖𝑗~𝑁(0,1)

                        (7) 
  
 

 
 

D. The algorithm of BPSO   
 

General algorithm of BPSO to select the features and Predict 
the CO₂ emissions 

Start  

Step 1:  

• The data collection for this system consists of 
CSV files sourced from an online dataset that 
provides an interactive data explorer for analyzing 
historical greenhouse gas (GHG) emissions. In 
this context, the focus is on Egypt's emissions 
data, enabling a detailed analysis of the country's 
GHG trends over time within the global 
framework. 

• Preprocessing for the datasets based on DWT. 

Step 2: 

• Applying the PSO  using the subsequent 
procedures by using equations (1) to (4). 

• The initialization of PSO  within the interval 
values [0, 1]. 

Step 3:  

• The solution (position) of velocity is updated by 

BCO equation(5)  

 

Step 4:  

• Update ϕ1, ψ𝑖𝑗(𝑡) based on equation (6), and (7) 

for BCO. 

 

Step 5:  

• Evaluation of the features and predict the CO₂ 

emissions based on the optimal extracted features 

 

 
End  

 

 
 

IV. RESULTS AND DISCUSSION 

 
This paper focuses on Co2 emission prediction and how 
to choose optimal features for detecting optimal results. 
The model was simulated using Python 3.7 tools on a 
PC with an i7-11800H, GeForce RTX 4GB, 16GB 
RAM, and 1TB SSD. Furthermore, the proposed model 
for predicting and detecting features of CO2 is based on 
real-time recording, as well as recorded data.   
The data were gathered from historical climate data for 
Egypt between June 2021 and January 2025[17]. Using 
the Python library, the data of all transportation areas is 
visualised using the data analysis function and the data 
is visualized using a heatmap of the correlation between 
data points (see Fig.2)  
By applying the BPSO, the model Performance 
illustrates a powerful case for feature selection, 
establishing that reducing the number of features 

simplifies the model and improves its predictive ability 
(see Fig.3).  
 
 
 

 
 
 

a) Accuracy with all 8 features: The model 
achieves 97.63% accuracy when using the 
complete set of features. 

b) Accuracy with 2 selected features: After 
feature selection, the model’s 
performance improves to 98.16% 
accuracy despite using only 2 features. 

 
 

 
Fig. 2. The correlation heatmap of the dataset 

 
 

c) Feature reduction: The algorithm successfully 
reduced the feature set from 8 to 2, 
eliminating 75% of the original 
features while improving accuracy by 0.53 
percentage points. 

 
d) The model is more scalable due to a 75% 

reduction in features, which reduces 
computational costs and speeds up inference. 

e) The higher accuracy suggests that the selected 
features. 

 
Table II shows the comparing between the BPSO 
with the other algorithms from pervious works and 
Fig.4. 
 

 

Fig. 3. The performance of the BPSO model. 
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Fig. 4. The feature selection of the BPSO model vs the pervious works 

 

 

 
 

 

TABLE II. COMPARE The BPSO MODEL WITH PERVIOUS WORK 

Method Iteration Accuracy 
Feature 

Reduction 

PSO[23] 100 95.7% 75% 

ACO[22] 100 98% 75% 

GA[24] 100 97.8% 12.5% 

B-PSO of this paper 100 98.8% 75% 

 
As compared to previous work, PSO provides 
higher accuracy in prediction after being improved 
by BCO, as well as more practical values and 
optimal features. 
 

V.  CONCLUSION 
 

Climate change refers to the long-term change in temperatures 
and weather patterns. Such shifts may be natural, because of 
changes in the sun's activity or large volcanic eruptions. The 
burning of fossil fuels like coal, oil, and gas has been the 
primary driver of climate change since the 1800s. The use of 
optimization algorithms can support accurate prediction of 
CO2 emissions. The purpose of this paper is to propose an 
optimization strategy based on the Bee-Particle Swarm 
Optimization (BPSO) method to estimate the emissions of 
carbon dioxide. By incorporating Bee Optimization and 
particle swarm technique, the proposed method achieves 
higher predictive accuracy for CO2 emission forecasting. It 
consists of two stages: the first stage involves data 
preprocessing using the Discrete Wavelet Transform (DWT), 
and the second stage involves feature selection and CO2 
emission prediction using the proposed BPSO algorithm. 
Results indicate that an increase in features correlates with 
greater potential for improving accuracy. This methodology 
has been shown to be effective based on the outcomes. 
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