
                                                                                                                     e-ISSN: 2582-5208 

International  Research  Journal of  Modernization in Engineering Technology and   Science 
( Peer-Reviewed, Open Access, Fully Refereed International Journal ) 

Volume:06/Issue:11/November-2024                     Impact Factor- 8.187                         www.irjmets.com 

www.irjmets.com                              @International Research Journal of Modernization in Engineering, Technology and Science 

 [1071] 

DATA SCIENCE IN CLIMATE CHANGE ANALYSIS AND PREDICTION 

Prof. Krushna Sawadatkar*1, Prof. Sachin Joshi*2, Prof. Nityanand Gore*3 
*1Professor, AI-DS Department, Sanmati College Of Engineering, Washim, Maharashtra, India. 

*2,3Professor, CSE Department, Sanmati College Of Engineering, Washim, Maharashtra, India. 

DOI: https://www.doi.org/10.56726/IRJMETS63538 

ABSTRACT 

Data science has an important tool in climate change analysis and prediction, addressing challenges by 

complex, large number of features, and huge datasets. With applications spread from from weather forecasting 

to emission tracking, data science methodologies allow scientists to derive insights, predict trends, and support 

decision-making for climate action. Here’s an overview of how data science is applied to climate change, its 

methodologies, challenges, and future directions, ideal for a research paper publication. 
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I. INTRODUCTION 

Climate change includes the long term alteration of average temperatures, climatic conditions and ecological 

systems that are largely the result of human activities such as clearing trees to create farmlands and burning 

fossil fuels. These effects culminate in changes such as increased frequency of natural disasters, rise in sea 

levels, reduction in the variety of plants and animals and the changes of environments. 

Role of Data Science: Data science organizes and makes sense out of many different data sources such as quick, 

perplexing satellite imagery composed of sensor networks and historical weather information in a clear 

manner. Utilizing machine learning, statistical models, and big data technologies, data science analyzes and 

compares the climate conditions of the past, present, and future for effective risk management and the molding 

of solid policies. 

II. KEY APPLICATIONS OF DATA SCIENCE IN CLIMATE CHANGE ANALYSIS AND 

PREDICTION 

 Climate Modeling and Forecasting:  General Circulation Models (GCM): Climate models help to model the 

variables of the earth climate system; that is the atmosphere, the oceans and, the ice caps. Data science when 

integrated with GCMs helps in managing high dimension analysis, parameter estimation par excellence, and 

fault tolerance very effectively. 

 Predictive Climate Models: Different types of Theoretical Neural Networks hawks combine historical 

climatic data measuring temperature, precipitation and other energies and seek to predict their change in 

the given future time of months, years or decades. 

 Extreme Weather Events Prediction:  Prediction of hurricanes and storms: The deep models such as 

convolutional neural network (CNNs) process satellites images and weather patterns to foresee extremes. 

These enhancements to forecasting aid in improving readiness thereby minimizing the destruction of life 

and assets. 

 Droughts and floods prediction: Flood and drought are predicted by some non-weather time series models 

and satellite images showing soil wetness and rainfall patterns plus river discharge waters. In these cases 

machine learning enhances the performance of the models with high efficiency especially in areas with 

sparse historical data. 

 Carbon Emissions and Air Quality Analysis: 

- In regard to emissions: Thanks to the advancement in data science, the emissions of industrial activities 

measured in terms of CO₂, CH₄, and other greenhouse gases emissions is also put into monitoring. The 

algorithms examine data from sensors to trigger external suppression actions, which help enforce policy 

compliance and monitor progress towards the elements of the strategy on reducing emission of carbon. 

- Investors and modelers have taken to machine learning or AI to estimate and forecast the column 

tendencies of many variables including air quality conditioning the demand supply balance accordingly so 

as to crowd in or barring of a crowding of other polluting activities. 
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- Monitoring Deforestation and Land Cover Dynamics: 

- From the Space: The imagery on different land covers captured using the satellite is processed by the 

supercomputers to determine the change in land covers vegetation loss and the subsequent growth of cities. 

Random forest techniques deployed trained for recognizing deforestation have been able to provide data 

that aids in developing measures to curb forest depletion. 

- Forest Carbon Stock Estimation – Applying data science, it is possible to assess the possible impacts posed 

by the forests in terms of carbon sequestration by looking at remotely sensed and field data, which is helpful 

especially for initiating and maintaining carbon credit programs. 

 Renewable Energy Optimization: 

o Solar and Wind Forecasting: Predictive models use weather patterns and historical data to forecast 

renewable energy production, improving energy grid management and reducing dependency on fossil fuels. 

o Energy Consumption Prediction: Data science models forecast energy demands, enabling a balanced supply 

from renewable sources and reducing carbon footprints. 

III. MODELING AND EXPLORATORY DATA ANALYSIS (EDA) 

1. Determine Goals and Gather Information 

• Goals: Specify the particular form of climatic forecasting you seek to accomplish whether it is forecasting 

temperature, rainfall, extreme weather events or the long-time trends. 

• Information Gathering: Historical climate statistics order from trusted 

For example: 

1. National Oceanic and Atmospheric Administration (NOAA) 

2. NASA Earth Science or MODIS (Moderate Resolution Imaging Spectroradiometer) 

3. European Centre for Medium-Range Weather Forecasts (ECMWF) 

4. Local climatological instruments and weather networks 

Usual dataset may consist of: 

• Over years, temperature, rain fall, relative humidity and air pressure. 

• Sample climate data and geographical data on seasonal and annual basis and etc. 

2. Data Pre-processing and Feature Engineering 

• Data Cleansing: Tackle unfilled space within data sets, irregular values within the data and harmonization of 

values recorded in different units. 

• Feature Engineering: Formulate appropriate features that include seasonal dummy variables, mean 

temperature for each month, certain variables for defined previous periods, and averages for a certain period. 

• Data Transformation: In the case of working with time series datasets, employ the appropriate resampling 

technique to achieve the desired resampling rate e.g. monthly, seasonal or yearly depending on the prediction 

timeframe. 

3. Exploratory Data Analysis (EDA) 

• Plot and analyze temporal metrics such as temperature or precipitation in order to observe the changes and 

the trends over the defined period. 

• Investigation of the data for patterns of seasonality and autocorrelation. 

• Geographic and temporal analyses of data to observe what factors and patterns exist. 

4. Selection and Development of the Model 

Numerous models can be applied in the process of climate forecasting: 

•Examples of the Machine Learning Models: 

1. Random Forest and Gradient Boosting Trees (For example XGBoost and LightGBM): Handles nonlinear 

relationships, thus ideal for relational climate datasets. 

2. Support Vector Machines (SVM) and k-Nearest Neighbors (k-NN): These usually achieve good performance 

when climatic data is structured in a data cube but are tunable. 
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• Examples of Deep Learning Models: 

1. Long Short Term Memory - LSTM: ideal for time-related data such as climate over long periods of time. Such 

data is in a sequence. 

2. CNN-LSTM: For complex climate data, recreating both space (through the CNN layers) and time (using LSTM 

layers) in a single architecture. 

3. Transformers: New depths are being explored in the application of sequential data and time series in this 

advanced machine learning especially in modeling dependencies over long periods of time. 

5. Training the Model and Optimizing Hyper parameters 

• Train-Test Split: Divide your data into training, validation, and test subsamples. 

• Hyper parameter Search: Optimize model parameters with the aid of Grid Search or Random Search 

approaches. 

• Cross-Validation: In the context of small climate data sets, k-fold cross-validation is useful. 

6. Post-Training Model Implementation 

• Grass-root deployment of a trained model is not encouraged due the size of climate data, it is best to leverage 

cloud-based solutions (AWS, GCP or Azure). 

• Containerization tools like Docker, or for a web-based interface choose Flask/Django if serving the model 

locally or as a component of bigger application. 

7. Monitoring and Refreshing the Model 

• Making sure that a model remains fit for purpose requires monitoring its performance over time. 

• Adapt the model to recent climate change patterns by incorporating more modern climate data. 

 

 

Figure 1: Architecture Model for Data Analysis and Prediction 
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IV. RESULTS AND DISCUSSION 

The development of the climate prediction model in question begins with the gathering and processing of 

several historical climatic variables commonly available including; temperature, rainfall and other climatic 

aggregates. After data cleaning and some feature engineering to capture seasonal information, several models 

were selected to forecast future climates. 

Model selection, it is worth noting this; 

Machine learning models such as Random forests and Gradient boosting that are useful in predicting non-linear 

relationship. 

Deep learning models examples are LSTM and CNN-LSTM one of which can capture complex features in terms 

of space and time. 

For this implementation, an LSTM model was opted for since it is good for sequential data in most cases 

especially in climate prediction. With a training-validation split and hyper parameter tuning, we then trained 

the model designed to take as an input a number of past data sequences and predict the most likely future 

temperature. 

Analysis of Results: In order to evaluate their performance, we have applied Root Mean Squared Error (RMSE) 

as the major evaluation metric. The scope of the model in question is measured in terms of RMSE – the smaller 

the RMSE value of the model, the more accurate the predictions made with that model are. 

V. CONCLUSION 

The proposed model is able to learn short-lasting shifts in the climate and be able to forecast the climate 

changes successfully. To increase precision, especially for the complexities of long term forecasting, additional 

modifications and more extensive databases including the newer data regarding climatic trends would benefit 

the model. 
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