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ABSTRACT  

This research paper is dedicated to the application of machine learning techniques for climate change monitoring 

and prediction, aiming to address the urgent global challenges posed by climate change comprehensively. The 

primary objective is to explore the wide array of machine learning applications in climate science, spanning from 

short-term weather forecasting to long-term climate projections. By leveraging extensive datasets, machine 

learning facilitates the analysis of historical climate trends and enhances the accuracy of predictions concerning 

future climate-related events. Additionally, the study emphasizes critical considerations in climate change 

prediction, emphasizing the significance of data quality, model precision, and the continuous refinement of 

predictive algorithms to bolster the reliability of climate projections. Ethical and policy dimensions are also 

addressed, highlighting the need for an informed and collaborative global response to this existential challenge. 

In conclusion, this research underscores the pivotal role of machine learning in climate change monitoring and 

prediction, with the ultimate goal of deepening our understanding of climate change dynamics and contributing 

to the development of more effective strategies for mitigating its impacts and fostering a sustainable and resilient 

global future. 

 

I. INTRODUCTION 

 

Global warming heightens risks from extreme weather, 

prompting exploration of Machine Learning in Climate 

Change Risk Assessment. The review from 2000–2020 

underscores diverse ML algorithms, like Decision Tree 

and Random Forest, commonly used for events such as 

floods. While ML in remote sensing proves effective, 

literature on future climate scenarios and compound 

hazards is limited. Adaptation strategies, mandated by 

international policies, emphasize science-based risk 

analysis for effective climate response [1]. The impact 

of climate change has caused dramatic and maybe 

irreversible changes in the world's geology, biology, 

and ecosystems [2]. These alterations present a range of 

environmental challenges impacting human health, 

including the global spread of infectious diseases, 

pressures on food production, loss of biodiversity, and 

depletion of the ozone layer [3]. Pacific island nations, 

positioned at lower elevations, face increased 

vulnerability to rising sea levels and erosion, 

compelling evacuations and causing damage to homes 

and infrastructure. The ongoing monitoring of climate 

change involves utilizing datasets to examine its 

consequences and provide guidance for interventions. 

Artificial Intelligence (AI) emerges as a pivotal tool, 

addressing challenges like energy efficiency and 

drought monitoring. The continuous evolution of 
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climate change is a pressing global challenge, evident 

in the rise of global mean temperatures and sea levels 

[4]. 

In Egypt, fundamental shifts in climate are underway, 

characterized by rising temperatures, more frequent 

droughts and wildfires, changing rainfall patterns, and 

the gradual disappearance of snow and glaciers. To 

mitigate climate change, there is a crucial need to 

reduce or eliminate human-induced emissions. The 

enduring changes in weather and temperature patterns 

associated with climate change primarily stem from 

human activities, particularly the combustion of fossil 

fuels [5]. 

Forecasting, a process rooted in early data to make 

informed predictions, holds paramount importance for 

decision-makers. Anticipating air temperatures 

becomes critical for disaster preparedness, agricultural 

planning, water resource management, environmental 

conservation, and sustainable development. The 

interconnection between global warming and rising air 

temperatures has drawn attention, underscoring the 

significance of accurate air temperature forecasts for 

various industries and activities. This chapter 

significantly contributes to examining the impact of 

climate change on temperature through the forecasting 

of global temperatures, utilizing diverse Machine 

Learning (ML) approaches, including LR, RF, KNN, DT, 

SVM, and CBR regressors [6–8]. 

 

Literature Survey 

The primary focus of existing research has revolved 

around forecasting daily [10, 11], monthly [12], and 

yearly mean temperatures [13, 14]. Hourly 

temperature prediction, a relatively underexplored 

area, has only received minimal attention [15,16]. 

Conventional statistical methods, including linear 

regression, cluster analysis, autoregressive integrated 

moving average (ARIMA), and grey prediction, have 

traditionally been employed for air temperature 

forecasting. However, their reliance on statistical 

assessments of historical data faces challenges due to 

the intricate and nonlinear nature of the mechanisms 

influencing air temperature variations [9]. The design 

depicted in Figure 1 embodies the methodology 

employed in our research. To anticipate forthcoming 

climate conditions, we harnessed a diverse array of 

meteorological variables as input, forming the 

foundation for generating seasonal climate predictions. 

These variables encompass data spanning numerous 

years, including temperature, wind, and humidity. By 

constructing an extensive atmospheric state series 

through this approach, our neural network models 

adeptly forecast future precipitation patterns with 

precision  

 
Fig. 1. Representation outlining the prediction 

methodology [9]. 

 

To enhance the precision of air temperature 

predictions, several advanced deep-learning 

techniques have been integrated into models [17]. The 

development of the Convolutional Recurrent Neural 

Network (CRNN) involved merging Convolutional 

Neural Network (CNN) and Recurrent Neural Network 

(RNN) to discern spatial and temporal correlations in 

daily air temperature fluctuations [18, 19]. In the study 

conducted by Tran et al. [20], a combination of 

standard Long Short-Term Memory (LSTM), RNN, and 

multilayer Artificial Neural Network (ANN) models 

was applied to predict the highest air temperature in 

South Korea. Utilizing hybrid models, the maximum 

air temperature for the next one to fifteen days was 

forecasted based on the preceding seven days' air 

temperature readings, with the LSTM model 

demonstrating superior performance in long-term 

predictions. 
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Table 1 summarizes ongoing endeavors to forecast 

temperatures amid climate change 

 
Research Data Methodology Results 

Tran et 
al. [33] 

Past max 
temp (7-36 
days) 

ANN, RNN, LSTM Predict max temp (1–
15 days) 

Tran and 
Lee [34] 

Six prior 
max temps 

Traditional 
ANN 

Forecast max temp 
(1 day) 

Zhang et 
al. [31] 

Historical temp 
maps 
(4) 

CRNN 
Predict  future 
temp maps (4 
days) 

Cifuentes 
et al. [35] 

Max,  min, 
avg temp, 
precipitation 

Deep 
Learning 

MSE = 0.0017 

Lin et al. 
[18] 

Temp, wind, 
humidity, 
water depth 

RBFNN 
MCEEMD 

Forecast daily max 
temps (Next 7 days) 

 

Research Data Methodology Results Tran et al. [33] 

Past max temp (7-36 days) ANN, RNN, LSTM Predict 

max temp (1–15 days) Tran and Lee [34] Six prior max 

temps Traditional ANN Forecast max temp (1 day) 

Zhang et al. [31] Historical temp maps (4) CRNN 

Predict future temp maps (4 days) 

Cifuentes et al. [35] Max, min, avg temp, precipitation 

Deep Learning MSE = 0.0017 Lin et al. [18] Temp, wind, 

humidity, water depth RBFNN MCEEMD Forecast 

daily max temps (Next 7 days) 

In a separate effort [21], advanced multilayer Artificial 

Neural Network (ANN) models were utilized to predict 

South Korea's maximum air temperature for a day, 

revealing minimal error rates. More complex 

methodologies were applied in studies like Zhang et 

al.'s [12], utilizing a Convolutional Recurrent Neural 

Network (CRNN) to forecast the daily average air 

temperature for the next four days. Trained on daily air 

temperature data from 1952 to 2018 in China, the 

model accurately predicted air temperature based on 

historical data [21]. Cifuentes et al. [15] introduced a 

deep learning approach to predict the impact of climate 

change on temperature, achieving a remarkable 

minimum root mean square error of 0.0017. The 

compilation of neural network models in Table 1 

showcases diverse approaches to predicting air 

temperature across varying time spans. Lin et al.'s [12] 

temperature forecasting method, anchored in multi-

dimensional Empirical Decomposition Mode (EDM) 

ensemble and Radial Basis Function (RBF), achieved 

minimal error in predicting the 7-day maximum 

temperature 

 

Methodology 

Global warming, driven by escalating greenhouse gas 

concentrations, presents a paramount environmental 

challenge in the contemporary era—climate change. 

This phenomenon leads to diverse environmental 

impacts, including shifts in precipitation patterns, the 

melting of polar glaciers, and rising sea levels [23]. 

Within this chapter, regression models are effectively 

employed to predict temperature using a climate 

change dataset. The proposed model encompasses key 

stages: data preprocessing involving Z normalization, 

dataset preparation, and segmentation. Regression 

models, including Linear, Random Forest, K-nearest, 

Decision Tree, and Support Vector Regressors, 

alongside the CatBoost Regressor, are trained and 

evaluated for temperature prediction [24]. The dataset, 

sourced globally from the Climatic Research Unit, 

undergoes Z normalization and is split into 70% for 

training and 30% for testing. The predictive system's 

performance is assessed using diverse evaluation 

metrics. 

 
Fig. 2. Deep Belief Network predicts temperatures 

through effective training 
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 In the methodology of the Deep Belief Network (DBN), 

the process initiates with the setup of network 

parameters, encompassing weights and biases. This 

foundational step is pivotal in establishing the 

groundwork for subsequent learning. Following 

initialization, the network enters a training phase, 

during which it acquires a nuanced understanding of 

intricate patterns and features within the input data. 

Throughout training, the iterative adjustment of 

weights and biases is driven by minimizing disparities 

between predicted outcomes and actual values, 

progressively enhancing the network's capability to 

comprehend complex relationships within the data. 

The predictive prowess of the DBN is harnessed 

through its adeptness at extrapolating learned patterns 

from training to novel, unseen data. This predictive 

capacity proves especially valuable in applications like 

temperature forecasting, where capturing intricate 

dependencies and temporal subtleties is crucial for 

precision. The layered architecture of the DBN, 

combined with sophisticated training algorithms, 

empowers it to discern and internalize elaborate data 

patterns, establishing its effectiveness as a formidable 

tool for forecasting temperature trends and variations. 

Fig. 2 illustrates how the Deep Belief Network 

accurately predicts temperatures through meticulous 

training. 

 

Results and Discussions 

The dataset, available on Kaggle, comprises 308 

instances and 11 features, including Year, Month, 

Temp, CO2, N2O, CH4, CFC.11, CFC.12, Aerosols, TSI, 

and 

MEI. Table 2 provides an overview of statistical metrics 

for the features. Covering the period from May 1983 to 

December 2008, the climate data underwent statistical 

analysis, revealing counts, means, standard deviations, 

minimum and maximum values, and percentiles (25%, 

50%, 75%) for each feature. Relationships between 

temperature and factors like year, aerosols, months, 

MEI, CO2, CH4, N2O, CFC-11, CFC-12, and TSI are 

illustrated through scatter plots and boxplots. 

Additionally, a heatmap matrix visually represents the 

relationships and correlations among the dataset 

features. 

Table 2 Summary of Statistical Measures for Features 

  
Fig. 3. Error metrics (MSE, MAE, RMSE) for the 

proposed DBN models 

The assessment of various machine learning models, 

encompassing linear regression, random regressor, k-

nearest regressor, decision tree regressor, support 

vector regressor, and cat boost regressor, was 

conducted using performance metrics, including MSE, 

MAE, RMSE, and R2. Notably, the Deep Belief 

Network (DBN) emerged as a standout performer, 

demonstrating remarkable accuracy with minimal 

errors—specifically, a MSE of 0.002, MAE of 0.0033, 

RMSE of 0.043, and an outstanding R2 of 96%. This 

signifies the superior predictive capabilities of the DBN 

model in temperature forecasting compared to 

alternative methodologies. Figure 3 provides a visual 

representation of the error metrics for the proposed 

DBN models, emphasizing their consistently superior 

performance. The comparative evaluation of different 

methodological approaches, as depicted in Figure 4, 

reinforces the conclusion that the DBN model excels in 

predicting temperature, showcasing its robustness and 

effectiveness in the realm of climate modeling and 

prediction. 
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Fig. 4. Comparative Examination of Different 

Methodological Approaches 

 

Conclusion 

In summary, after evaluating diverse machine learning 

models, including linear regression, random regressor, 

k-nearest regressor, decision tree regressor, support 

vector regressor, and cat boost regressor, using metrics 

such as MSE, MAE, RMSE, and R2, it becomes evident 

that the Deep Belief Network (DBN) outperforms in 

temperature prediction. The DBN consistently exhibits 

exceptional accuracy, displaying minimal errors (MSE: 

0.002, MAE: 0.0033, RMSE: 0.043, and an 

impressive R2 of 96%). The consistently strong 

performance of the DBN underscores its effectiveness 

as a tool for climate temperature prediction, 

showcasing its potential to minimize errors and 

enhance overall predictive accuracy. This positions the 

DBN model as a promising solution within the realm 

of climate modeling and temperature forecasting. 
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