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Abstract-Climate change as a global crisis, necessitates 

the accurate prediction and modeling of temperatures, sea 

level rise as well extreme weather events. Climate models 

are noble but have difficulty with huge datasets and non-

linear relationships to adequately treat in traditional 

climate models. ML (Machine Learning)- based techniques 

like Random Forests, SVMs, Artificial Neural Networks 

(ANN) Gradient Boosting regressors e.g. XGBoost and 

Long Short-Term Memory (LSTM) network brought great 

upgrade in climate forecasting by increasing accuracy to 

improve climate prediction and sizeable climate datasets. 

This comprehensive analysis of the ML models considers its 

utility and shortcomings for climate change modeling. 

Aside from discussing data quality troubles, computing 

power needs and interpretability pitfalls; integration with 

physics-based models are major challenges. The paper calls 

for interdisciplinary effort between climate scientists, data 

scientists and policy makers to increase transparency of 

models, standardize data formats and address ethical 

considerations for climate predictions. Solving the 

challenges will enable ML-based climate models to be put 

into play and reach new frontiers in unraveling climate 

dynamics and design successful mitigation strategies. 
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I.  INTRODUCTION 

Climate change is a set of large statistical shifts in the 

weather driven by the interaction between natural 

processes and anthropogenic activities. Climate change 

is not well-defined by any single organization or 

researcher, the climatological perspective sees it as a 

large long-term maldistribution from the real weather, 

which is very effected by composition of atmosphere 

(anthropogenic AI), external forcings and low-frequency 

climate oscillations system. They play out at both global 

and local scales, which threaten ecosystems and human 

health, economies. Thus, the ability to increasingly 

predict sea level rise, extreme weather patterns or long-

term climate is essential and thus requires the building of 

more sophisticated data-driven modeling approaches. 

In the last couple of decades, international 

organizations such as World Meteorological 

Organization (WMO), United Nations Environment 

Programme (UNEP), International Association of 

Hydrological Sciences (IAHS) have drastically 

influenced topics in climate research focusing on water 

resources under uncertainty of changing climate. 

Although traditional climate models form the basis of 

our understanding, they suffer from shortcomings in 

addressing non-linear processes in the climate system 

and from taking advantage of huge datasets that are 

available after decades of satellite observations, ground-

based measurements and climate simulations. Climate 

models have been based on physical and 

thermodynamical numerical models in general (the most 

famous, General Circulation Models — GCMs using 

various numerical solutions of differential equations for 

atmospheric and oceanic dynamics). The Earth is 

partitioned into a set of computational grid cells to work 

on meteorological variables: temperature, pressure and 

wind velocity etc. Unfortunately, GCMs are resolution 

limited and as such are unable to resolve many aspects 

of small-scale climate phenomena (ex. cloud formation, 

localized precip) which need to be simulated with high 

fidelity.  
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Introduction of Machine Learning (ML) brought 

revolutionary improvements in climate change 

prediction capability and its ability to do data-driven 

pattern recognition and big dataset processing. ML 

differs from traditional models as it does not need you to 

specify a particular relationship, rather their approaches 

to learning are directly from raw data. There are 

advantages to this methodology in that it is flexible for 

working with different data types, e.g., time-series, 

geospatial imagery, and text datasets; computational-

efficient to support the power used in real-time climate 

prediction and scalable which tackles few hundred 

thousand row climate datasets. Many applications 

combining different ML algorithms (e.g.  

Artificial neural networks — ANNs, Support Vector 

Machines (SVMs) and ensemble learning techniques) 

have been used in climatology for similar tasks like 

extreme weather prediction, biodiversity observation 

monitoring and optimization of renewable energy. 

Nonetheless, the effectiveness of ML-based climate 

modeling is conditional, data freshness and richness 

needed for trustworthy climate forecasting, ethical 

dimensions, bias mitigation in climate research and 

safeguards for privacy are indispensable, physics 

integration increased ability to interpret and validity of 

model predictions.  

Another improvement to Climate modeling with ML 

is satellite measurements that provide global 

temperature, humidity, and greenhouse gas 

concentrations while ground-based observations that 

exist as low-noise training sources. They are the same 

reanalysis datasets that are an essential addition to 

climate reconstructions for providing ground truth 

during the ML training processes. Linear regression, 

decision trees and deep neural networks are paramount 

Supervised ML approaches for temperature and 

precipitation/perturbation modeling or forecasting 

intuitively, unsupervised learning methods such as K-

means clustering and Principal Component Analysis 

(PCA) are used for climate zone determination and 

anomaly identification. Moreover, hybrid approaches 

that synthesize physics-based simulations with ML 

models improve forecasts while increasing insight into 

processes related to the climate system as a whole. 

Despite these progresses, many challenges still exist, 

including data standardization issues, interpretability is 

hard to come by due to the black-box nature of ML 

models as well as privacy in climate applications. 

Plugging these challenges is necessary to build 

trustworthy, transparent and ethically responsible 

climate prediction ML frameworks. 

II. LITERATURE REVIEW 

Machine learning (ML) techniques have had a large 

impact on climate change modeling through their fast 

advancement. Climate change is a set of large statistical 

shifts in the weather driven by the interaction between 

natural processes and anthropogenic activities. 

Introduction of Machine Learning (ML) brought 

revolutionary improvements in climate change 

prediction capability and its ability to do data-driven 

pattern recognition and big dataset processing.  

Different ML methodologies were created to interpret 

a huge variety of data in climatic problems, and they 

have different advantages and limitations. Many studies 

evaluated these methods, such as Random Forest (RF), 

Support Vector Machines (SVM) Artificial Neural 

Networks (ANNs) and their variants Long Short-Term 

Memory (LSTM) network and ensemble methods with 

an intent to forecast climate better.  

Lv et al. Comparative analysis (2021) studied the 

different ML models for climate change prediction and 

how efficient RF is in terms of managing high 

dimensions to some complexity that cannot be ignored 

as it is easy to deal with so many dimensions. Lagrazon 

afred al. similarly, [27] looked at rainfall prediction with 

RF and ANN stating that the former provides high 

accuracy but at heavy computational expense and latter 

captures deep patterns but needs large datasets, as to 

train.” SVMs perform well in predicting climatic 

variables, but they need to be carefully tuned to the 

problem and may have a difficult time when working 

with noisy datasets.  

Climate Time Series Forecasting via Deep Learning 

(LSTM networks and others) Hochreiter and 

Schmidhuber [20] demonstrated that LSTMs are 

successful at capturing the temporal dependencies in 

climate data with better predicting results but at high 

computation cost. Furthermore, XGBoost is also 

becoming de-facto standard for predicting high-

resolution extreme weather events because of its skill in 

modelling the climate datasets through nonlinear 

relations, as elaborated by Wadhwa and Tiwari [25] in 

the end though, poor tuning can cause overfitting.  
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Ensemble learning approaches, including bagging, 

boosting, and stacking, have been explored for climate 

forecasting. Dietterich [19] demonstrated that ensemble 

models enhance predictive resilience and reduce 

overfitting risks but increase model complexity. Singh et 

al. [23] compared decision trees, RF, and ANN for 

weather forecasting, concluding that ANN performs well 

for complex weather patterns, whereas RF is more stable 

for general predictions. Moreover, Maheswari and 

Gomathi [24] investigated CNNs, LSTMs, and SVMs 

for weather prediction, finding that CNNs and LSTMs 

outperform traditional ML models but require extensive 

training. 

Hybrid models integrating Machine Learning with 

traditional climate models have gained traction in recent 

research. Studies indicate that combining ML techniques 

with General Circulation Models (GCMs) enhances 

prediction accuracy while introducing additional 

complexity in model selection and validation. Future 

research should explore hybrid Machine-Learning-

physics models, address computational challenges, and 

enhance model interpretability to improve climate 

predictions. Interdisciplinary collaboration is crucial for 

integrating machine learning techniques into reliable 

climate modeling frameworks. 

Ultimately, machine learning approaches have 

advanced climate forecasts tremendously on the whole, 

each technique has its own trade-offs and benefits, which 

must be weighed match by analogy. What is next, both 

for improving model interpretability and computational 

effort as well as to go more hybrid solutions using both 

data-driven approaches and embed physical 

understanding. Enhancing the quality of data, advancing 

interdisciplinary research and enhancing model 

explainability will be vital to construct credible and 

reliable climate prediction systems. 

Table I: Literature Survey: Machine learning algorithms for climate change prediction 

Reference Paper Title Methodologies Used Parameters Compared Findings 

Lv et al.(2024) 
 

Research on Global Climate 

Prediction based on Machine 

Learning Model 

Random Forest (RF), 
Support Vector 

Machines (SVM), 

Artificial Neural 
Networks (ANN) 

RF (high-dimensional 
data handling), SVM 

(hyperparameter 

tuning), ANN (nonlinear 
dependencies) 

RF works well on structured 

data but not interpretable; 

SVM create problems in case 
of noisy data; ANN captures 

complex mapping but 

overfits 

[27] Lagrazon et al. 
(2023) 

A Comparative Analysis of 

ML Models for Rainfall 

Prediction 

RF, Decision Trees, 
ANN 

RF vs. ANN in 
predicting rainfall trends 

RF gives higher accuracy but 
it has higher computational 

cost; ANN captures deep 

patterns but requires large 
datasets 

[20] Hochreiter & 
Schmidhuber 

(1997) 

Long Short-Term Memory 
(LSTM) for Climate Data 

Modeling 

LSTM, Recurrent 

Neural Networks (RNN) 

STM vs. RNN for time-

series forecasting 

LSTM improves climate 

time-series predictions by 
capturing long-term 

dependencies but requires 

high computational power 

[18] Breiman 
(2001) 

Random Forests for Climate 
Pattern Analysis 

RF 
RF vs. Decision Trees 
for pattern detection 

RF improves prediction 

accuracy but is difficult to 

interpret 

[21] Cortes & 

Vapnik (1995) 

Support-Vector Networks in 

Climate Modeling 
SVM 

SVM vs. Neural 

Networks for 
classification 

SVMs require careful tuning, 
are effective for structured 

data but struggle with high 

noise 

[19] Dietterich 
(2000) 

Ensemble Learning for 
Climate Forecasting 

Bagging, Boosting, 
Stacking 

Performance of 

ensemble methods vs. 

individual models 

Ensemble models improve 

accuracy but increase model 

complexity 

[25] Wadhwa & 

Tiwari (2023) 

Machine Learning-Based 

Weather Prediction 
XGBoost, LSTM, ANN 

XGBoost vs. LSTM in 

extreme weather 
prediction 

XGBoost is effective for 
structured data, while LSTM 

captures trends better but is 

computationally expensive 

[23] Singh et al. 

(2019) 

Weather Forecasting Using 
Machine Learning 

Techniques 

Decision Trees, RF, 

ANN 

Decision Trees vs. RF 
vs. ANN in weather 

modeling 

ANN performs well for 

complex weather patterns; 

RF is more stable for general 
predictions 

[24] Maheswari & 
Gomathi (2024) 

A Comprehensive Analysis 
of ML in Weather Prediction 

Convolutional Neural 

Networks (CNN), 

LSTM, SVM 

CNN vs. LSTM vs. 

SVM in prediction 

accuracy 

CNN and LSTM outperform 

traditional ML models but 

require extensive training 
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Table II: Performance comparison of Machine Learning models in climate prediction  

Study ML Technique Climate Variable 
ML Model 

Accuracy (%) 

Traditional 

Model 

Accuracy (%) 

Improvement 

(%) 

Lv et al.  Random Forest (RF) 
Temperature & 

Rainfall 
89.2 76.5 16.6 

[27] Lagrazon et 

al.  

Artificial Neural 

Network (ANN) 
Rainfall prediction 87.5 72.8 20.2 

[21] Cortes & 

Vapnik  

Support Vector Machine 

(SVM) 

Temperature 

prediction 
84.1 69.3 21.4 

[20] Hochreiter 

& Schmidhuber  

Long Short-Term 

Memory (LSTM) 
Climate time series 91.8 74.6 23.1 

[25] Wadhwa & 

Tiwari  
XGBoost 

Extreme weather 

events 
88.3 71.2 19.3 

[23] Singh et al.  Ensemble Learning 
Multiple climate 

variables 
93.2 78.5 18.7 

[24] Maheswari 

& Gomathi  
CNN-LSTM Hybrid Weather forecasting 95.4 80.1 19.2 

[19] Dietterich  Decision Trees + RF 
General climate 

prediction 
90.5 73.4 23.3 

 

III. METHODOLOGY 

A. Time-Series Forecasting Models in Climate Science 

Time-series forecasting models are essential for the 

interpretation and prediction of trends of data sequence, 

and this is a base level of work that climate change 

analysis requires. These models help in gaining 

knowledge of climate by discovering patterns from 

historical data about the climate, this in turn allow us to 

identify seasonal swings and variations on longer 

timescales as well irregular oscillations. Such models 

help stakeholders extrapolate trends of the past to predict 

and project future climate states. In addition to risk 

assessment, forecasting models provide quantifications 

of uncertainties in future climate states that could be of 

strategic importance for policymakers and community. 

These are decision-support models, providing reliable 

forecasts that assist in policy, resource allocation and 

infrastructural planning. 

B. Dataset 

The dataset utilized for climate change prediction 

comprises a rich, multidimensional collection of 

historical temperature data, offering a comprehensive 

perspective on global temperature variations. It includes 

seven key features essential for temperature analysis. 

The datetime (dt) feature serves as a temporal anchor, 

facilitating monitoring of temperature changes over 

time. The average temperature variable represents the 

primary climate condition at a specific location and time, 

while the average temperature uncertainty feature 

quantifies the reliability of each reading. The city and 

country attributes provide a geographical dimension, 

enabling spatial analysis and comparative studies across 

different regions. Furthermore, the latitude and longitude 

coordinates offer precise geographical positioning, 

supporting advanced spatial analysis and visualization of 

temperature trends. The dataset's structure allows for 

temporal and spatial trend analysis, facilitating statistical 

modeling and improving the understanding of climate 

change dynamics on local, regional, and global scales. 

By refining spatial grid resolution and enhancing 

temporal precision, the data set provides critical insights 

into climate patterns.   

C. Experimental Setup and Model Development 

1) Data Collection and Preprocessing Methodology 

The beginning of the experimental methodology had 

data collection from multiple authoritative places such as 

government billboards, weather companies and also 

database of climate research. Data download was done 

in Python using the tools pandas, requests and 

BeautifulSoup for data retrieval. A large dataset was then 

preprocessed up to point of collecting, handling missing 

values, finding outlier, and cleaning. Feature 

engineering, we also had a big deal and decided on 

relevant attributes (the Featurization) by means of 

selection transformation for better predict performance. 
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2) ARIMA Model Parameter Determination 

Time-series forecasting with an ARIMA (Auto 

Regressive Integrated Moving Average) model where 

one needs to determine the best parameters which fulfill 

the properties (p, d, q). These parameters were selected 

by means of statistical criteria for example Akaike 

Information Criterion (AIC) and Bayesian Information 

Criterion (BIC). Here p is the number of lagged 

observations (autoregressive terms), d is the number of 

differencing needed to make the time series stationary 

and q refers to the moving average terms, size of the 

window for error correction. These parameters were 

incredibly important in creating our strong and reliable 

forecasting model. 

3) Dataset Partitioning and Model Training 

The dataset was partitioned to preserve its inherent 

temporal characteristics, following a time-based split 

methodology. This approach maintained the 

chronological order of observations during training and 

validation, preventing data leakage and ensuring a 

realistic assessment of model performance. The training 

subset was used to estimate model parameters and learn 

underlying patterns, while the testing subset served as an 

independent validation set. The train_test_split function 

from Python’s scikit-learn library was utilized for precise 

segmentation of the temporal data. 

4) Performance Evaluation and Validation Techniques 

Statistically rigorous evaluation of the model 

performance against an extended suite was necessary to 

assess errors and uncertainties in climate predictions 

with the comprehensive set. Some of the most important 

performance indicators are Mean Absolute Error (MAE), 

which measures the average magnitude of prediction 

deviations, Mean Squared Error (MSE), which measures 

the total squared differences between actual values and 

predictions, MAE and so-called hit-ratio giving 

additional weight to larger errors and Root Mean 

Squared Error(MAE), which can be interpreted on the 

original temperature scale through a simple 

transformation. Advanced methods such as K-fold cross-

validation and time-series cross-validation were then 

utilized for the model generalization improvement, in 

order not overfit and even though reliable across varying 

timestamps. These validation methods provided an exact 

systematic approach for assessing the consistency and 

flexibility of model’s performance in climate forecasting 

settings. 

5) Model Training and Prediction Strategy 

A country-specific training approach was adopted to 

capture regional variations in temperature dynamics. The 

ARIMA model was trained separately for each country 

using historical temperature data, enabling the 

identification of distinct regional temperature patterns. 

This granularity facilitated more precise temperature 

trend analysis and improved forecasting accuracy. The 

trained models were subsequently employed for future 

temperature predictions, with the forecast horizon 

adjustable based on specific research objectives. By 

accounting for geographical variations, the methodology 

ensured a comprehensive analysis that preserved local 

climate characteristics within the global climate system. 

 

Fig. I Architectural design of proposed model 

 

IV. CHALLENGES 

Machine learning (ML) applications in climate 

modeling, for instance are confronted by data quality, 

sample size, interpretability characteristics or mixing 

with legacy models. Satellite, sensor and radar data 

provides climate with the exactness and resolution to be 

inconsistent due to preprocessing methods data 

imputation, normalization as these data from different 

sources have their peculiar biases. Furthermore, the 

absence of data sparsity in some regions makes ML 
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models foggy and not sure for forecast. Due to the scale 

of large climate datasets, training deep learning models 

with them is computational heavy, limiting accessibility 

and scalability. Furthermore, ML (especially that of the 

black-box deep learning architectures variety) makes 

policy-making opaque and erodes trust among 

stakeholders. There is no easy user-available integration 

of machine learning with physical models and hybrid 

approaches must excel on computational costs versus 

predictive abilities. Fixing all this involves 

interdisciplinary work, agreed methods and ethical 

deployment of AI for improving trustworthiness, 

interpretability and practical utility in climate science. 

V.  DISCUSSION AND CONCLUSION 

Artificial intelligence (AI), machine learning (ML) in 

climate science, has drastically improved predictive 

modeling for environmental impact assessments. The 

way these technologies improve climate forecasts, 

promote analysis-based decision making and unravel the 

story of human made environmental change. In addition 

to identifying extreme weather, both AI and ML improve 

our ability to model common climate phenomena like 

deforestation and loss biodiversity and all that carbon 

sequestration. Through large datasets at a scale and 

computational power, they optimize the focus of 

conservation and environmental interventions. Despite 

all that, some of the biggest challenges in terms of data 

standardization, ethics, model interpretability and policy 

integration are coming. The key will be collaboration of 

specialists in computer science, climate science, ethics 

and policy to make responsible AI deployment possible, 

backed by standardized methodologies and open 

communication to maximize public acceptance.  

This field needs interdisciplinary educational programs 

and linking research in academia (industry or public) 

with government institutions to move forward. 

Directions for future research are to optimize the ML 

models, to investigate into more applications and 

examine the ethics of AI implementations in climate 

science studies, etc. The way to open trust and advocate 

for good AI solutions in climate will be through being 

more transparent about the findings. So, in short, AI and 

ML provide for game-changing approaches in tackling 

climate change with data-driven strategies. The 

realization of their promise will also demand notions of 

ethics and policy embedding in order to foster problem-

oriented, resilient, sustainable research needed to solve 

global climate problems collectively. 
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