
www.ijcrt.org                                                             © 2025 IJCRT | Volume 13, Issue 3 March 2025 | ISSN: 2320-2882 

IJCRT2503510 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org e468 
 

 Smart Rainfall Insights For Accurate Climate 

Forecasting Using Ensemble Learning 

1Sindhiya S, 2Om Ganesh S, 3Sai kiran  K, 4Mithunesh S, 
1Assistant. Professor, 2Student, 3Student, 4Student, 

1,2,3,4Computer Science And Engineering,  
1,2,3,4Adhiyamaan College of Engineering, Hosur, India 

 

Abstract:  This study presents a comprehensive approach to rainfall prediction by combining Ensemble 

Learning models with Linear Regression, Lasso Regression, Ridge Regression, Support Vector Machine 

(SVM), Random Forest models, and Long Short-Term Memory (LSTM) networks, enhancing predictive 

accuracy using a 122-year dataset (1901-2022) for India. By leveraging the strengths of individual regression, 

ensemble, and deep learning models, and optimizing performance through hyperparameter tuning, the 

proposed model efficiently forecasts seasonal and monthly rainfall for the next five years. The inclusion of 

LSTM networks allows the model to capture long-term dependencies in time-series data, improving the 

reliability of predictions. This predictive framework supports the Government of India in comparing results 

with existing models, facilitating improved decision-making across critical sectors such as Waste Water 

Treatment Plants (WWTP), groundwater reservoir management, and hydroelectric energy planning, all of 

which rely on accurate and timely precipitation information. 

 

Index Terms - Ensemble Learning , Linear Regression ,Lasso Regression ,Ridge Regression , Support 

Vector Machine (SVM) , Random Forest ,Long Short-Term Memory (LSTM) networks , Hyperparameter 

tuning, 122-year dataset (1901-2022). 

I. INTRODUCTION 

For this study, secondary data has been collected to analyze rainfall patterns and improve forecasting 

accuracy in India. The dataset consists of historical rainfall data spanning 122 years (1901-2022), obtained 

from publicly available meteorological sources. This extensive dataset enables a detailed examination of 

seasonal, annual, and regional variations in precipitation trends.   

To enhance predictive accuracy, this study implements a hybrid forecasting approach combining Linear 

Regression, Lasso Regression, Ridge Regression, Support Vector Machine (SVM), Random Forest models, 

and Long Short-Term Memory (LSTM) networks. The integration of these models allows for capturing both 

short-term fluctuations and long-term dependencies in rainfall patterns. Additionally, hyperparameter tuning 

is applied to optimize performance and improve the reliability of forecasts.   

The time-series data used in this study facilitates a comprehensive understanding of rainfall trends, peak 

monsoon periods, and climate variability. The goal is to develop a model that supports critical sectors such as 

Waste Water Treatment Plants (WWTP), groundwater reservoir management, and hydroelectric energy 

planning by providing accurate and timely precipitation forecasts. This predictive framework enables better 

decision-making for water resource management and disaster preparedness, ensuring sustainability and 

resilience in weather-dependent sectors. 

 

 

 

 

 

http://www.ijcrt.org/


www.ijcrt.org                                                             © 2025 IJCRT | Volume 13, Issue 3 March 2025 | ISSN: 2320-2882 

IJCRT2503510 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org e469 
 

1.1Data Collection  

This study relies on secondary data obtained from publicly available meteorological sources, covering 

a 122-year period (1901-2022) for India. The dataset consists of time-series records of monthly and seasonal 

rainfall, which support accurate forecasting and trend analysis. 

The dataset includes key attributes such as total rainfall, seasonal variations, regional distribution, and climatic 

factors affecting precipitation patterns. To improve the accuracy of predictions, additional environmental 

variables like temperature, humidity, and atmospheric pressure are considered. 

To ensure data reliability, preprocessing techniques are applied. Missing values are handled using 

interpolation methods, and relevant features such as timestamps and regional classifications are selected. Min-

Max Scaling is used to normalize the dataset, ensuring consistency across different models. This refined data 

serves as the foundation for the hybrid forecasting model, integrating Linear Regression, Lasso Regression, 

Ridge Regression, Support Vector Machine (SVM), Random Forest, and Long Short-Term Memory (LSTM) 

networks to enhance the precision of rainfall predictions. 

1.2 Preprocessing and Analysis 
  

In this phase, the collected rainfall data is refined to ensure accuracy, consistency, and suitability for 

model training. The process begins with data cleaning, which involves identifying and handling missing 

values, outliers, and inconsistencies that may impact predictive accuracy. Missing values are addressed using 

interpolation techniques, while outliers are managed through statistical analysis to prevent distortion in the 

model's performance. Redundant or irrelevant data points are removed to enhance computational efficiency.   

Following data cleaning, normalization techniques such as Min-Max Scaling are applied to standardize 

features across different ranges. Since rainfall is measured in millimeters while other climatic factors like 

temperature and humidity have different units, normalization ensures that all variables contribute equally to 

the model, preventing bias and improving computational stability.   

Feature extraction is conducted to identify key attributes that influence rainfall patterns. Time-based features 

such as monthly and seasonal variations are extracted to capture recurring trends. Climatic conditions, 

including temperature, humidity, and atmospheric pressure, are also incorporated as they play a crucial role 

in precipitation levels. Additionally, correlation analysis is performed to determine the relationship between 

different meteorological variables.   

Once preprocessing is complete, exploratory data analysis (EDA) is carried out to uncover underlying trends 

and dependencies. Visualization techniques such as time-series plots, histograms, and correlation matrices are 

used to analyze rainfall variations over the years. This refined and analyzed dataset serves as the foundation 

for training the proposed hybrid forecasting model, integrating Linear Regression, Lasso Regression, Ridge 

Regression, Support Vector Machine (SVM), Random Forest, and Long Short-Term Memory (LSTM) 

networks to improve predictive accuracy. 

1.3 Modeling Approach 

The predictive model for rainfall forecasting integrates multiple machine learning and deep learning 

techniques, including Linear Regression, Lasso Regression, Ridge Regression, Support Vector Machine 

(SVM), Random Forest, and Long Short-Term Memory (LSTM) networks, to enhance prediction accuracy.   

The modeling process begins with traditional regression-based approaches, such as Linear, Lasso, and Ridge 

Regression, which establish baseline predictive performance by capturing linear relationships in the data. 

SVM and Random Forest models are then employed to handle nonlinear dependencies and improve 

generalization by leveraging ensemble learning techniques.   

To capture long-term dependencies and temporal variations in rainfall patterns, LSTM networks are utilized. 

LSTM is particularly effective for time-series forecasting as it retains memory of previous observations, 

identifying intricate trends in historical precipitation data. The model is trained on a 122-year dataset (1901–

2022), ensuring robust learning of seasonal and annual rainfall trends.   

Hyperparameter tuning is performed to optimize each model, enhancing performance and reducing 

overfitting. The accuracy of the proposed model is evaluated using error metrics such as Mean Absolute Error 

(MAE) and Root Mean Square Error (RMSE), which quantify the deviation between actual and predicted 

rainfall values. Lower error values indicate higher forecasting reliability.   

By integrating regression, ensemble learning, and deep learning models, this hybrid approach significantly 

improves rainfall prediction accuracy. The model’s outputs support critical sectors, including agriculture, 

water resource management, and energy planning, by providing precise and timely precipitation forecasts. 
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1.4 Model Evaluation 

 The rainfall forecasting model is evaluated based on its accuracy and reliability in predicting 

precipitation levels. Key performance metrics, including Mean Absolute Error (MAE) and Root Mean Square 

Error (RMSE), are used to quantify the deviation between predicted and actual rainfall values. These metrics 

ensure an objective assessment of the model's forecasting capability. 

The model’s effectiveness is tested across different seasons to analyze its adaptability to varying climatic 

conditions. Since rainfall patterns exhibit seasonal and regional fluctuations, evaluating the model under 

diverse conditions ensures its robustness and applicability. 

A comparative analysis with traditional statistical models, such as Linear Regression and ARIMA, is 

conducted to highlight the advantages of using hybrid machine learning and deep learning techniques. The 

integration of models like Support Vector Machine (SVM), Random Forest, and Long Short-Term Memory 

(LSTM) networks significantly enhances predictive accuracy by capturing complex dependencies in time-

series data. 

II. Literature Review 

                Ghosh et al. (2023) introduced an ensemble learning approach combining multiple DL models for 

improved rainfall prediction. Their results indicated significant improvements in forecasting accuracy[1].  

Sowmya et al. (2023) utilized Dynamic Mode Decomposition (DMD) along with deep learning models to 

predict rainfall in North-East India. The study found that incorporating atmospheric pressure data enhanced 

predictive power[2]. Liyew & Melese (2021) proposed a daily rainfall prediction model using various ML 

techniques, highlighting the importance of feature selection in improving predictive performance[3].  Sani 

(2020)[4] explored ensemble learning techniques for rainfall prediction and found that combining multiple 

models significantly enhanced forecast accuracy compared to individual models. - Ghaziasgar & Thron (2020) 

applied SVM classification to large-scale precipitation maps and demonstrated the effectiveness of ML 

techniques in regional rainfall forecasting[5].  Kumar et al. (2021) compared CNNs, LSTMs, and ANNs, 

finding that hybrid deep learning models yield the best results in rainfall forecasting[6].  Ghosh et al. 

(2021)proposed a hybrid deep learning framework for rainfall prediction in the Indian subcontinent, 

demonstrating the importance of multi-source data integration[7].  Gupta et al. (2022)examined the impact of 

different ML and DL models on weather forecasting, highlighting that data preprocessing and feature 

engineering significantly influence prediction accuracy[8]. Zhou et al. (2021) demonstrated the effectiveness 

of LSTM networks in handling time-series rainfall data, showing that deep learning models outperform 

traditional ML techniques[9]. Kumar et al. (2022) analyzed artificial neural networks (ANNs) for rainfall 

prediction, emphasizing their ability to model complex relationships in weather data[10].Zhang et al. 

(2021)explored SVMs for rainfall prediction in different climatic zones, showcasing how regional factors 

affect model performance[11].  Sunil Kumar et al. (2022 proposed an optimized hybrid deep learning model 

that combines CNN and LSTM for improved rainfall forecasting accuracy) [12].Feng Wang et al. (2022) 

introduced a hybrid ARIMA-LSTM model for urban and rural rainfall forecasting, demonstrating that 

integrating statistical and DL methods enhances predictive accuracy[13]. Lakshmi Narayanan et al. (2023) 

conducted a comparative study of different ML models for rainfall estimation using Indian meteorological 

data, highlighting the strengths and limitations of various approaches[14]. Xiaoming Li et al. (2022)developed 

a CNN-based model with data augmentation techniques, improving rainfall prediction performance across 

diverse geographical conditions[15]. 

 

 

III. Research Methodology 

This study follows a structured methodology to develop an accurate rainfall prediction model using 

historical weather data. The research is based on publicly available meteorological datasets, which include 

key climatic parameters such as temperature, humidity, wind speed, and atmospheric pressure. The collected 

data undergoes preprocessing to handle missing values, eliminate inconsistencies, and detect anomalies, 

ensuring a clean dataset for analysis.   

The proposed model integrates machine learning and deep learning techniques to improve prediction 

accuracy. Initially, clustering techniques such as K-Means are applied to group similar weather patterns, 

identifying distinct seasonal trends. Following this, time-series forecasting models, including Long Short-

Term Memory (LSTM) and ARIMA, are utilized to generate accurate rainfall predictions. The hybrid 

approach combines statistical and deep learning models to capture both linear trends and complex temporal 

dependencies in weather data.   
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By leveraging data-driven insights and machine learning techniques, the study aims to enhance the accuracy 

of rainfall forecasting, ultimately contributing to improved disaster preparedness, water resource 

management, and agricultural planning. 

2.1 Theoretical framework 

 The theoretical foundation of this study is based on data-driven optimization techniques for enhancing 

public transport efficiency. The proposed model integrates clustering and predictive analytics to improve route 

planning and passenger demand forecasting. 

Clustering is applied to group similar travel patterns based on historical data. This approach helps identify 

peak usage times, optimize stop placements, and enhance service allocation. By segmenting data into relevant 

clusters, transport planning becomes more precise and responsive to commuter needs.Following clustering, a 

predictive model is used to forecast future passenger demand. This model analyzes historical trends and real-

time variables, ensuring accurate short-term predictions. The combination of clustering and forecasting 

supports dynamic scheduling and improves overall transit efficiency. 

 

IV. Architecture Diagram 

 

 
 

     Figure 1: Architecture of the process flow    

  

The architecture of the rainfall prediction system follows a structured data flow between the frontend, 

backend, and machine learning model. The process begins at the Home Page, where users input the month, 

year, and district for which they seek a rainfall prediction. This input is then sent to the Flask backend server, 

which acts as the processing hub. The backend receives the user data and forwards it to the Machine Learning 

(ML) Model, which has been trained using historical rainfall data. The ML model processes the input and 

generates a predicted rainfall value, which is then sent back to the Flask backend server. The backend, in turn, 

relays the predicted value to the Result Page, where the user can view the forecasted rainfall. This architecture 

ensures a seamless flow of information, enabling users to obtain accurate and efficient rainfall predictions 

based on historical patterns and machine learning techniques. 

 

 

V. Model Development 

 The model development process integrates clustering and predictive analytics to enhance public 

transport efficiency. It begins with clustering techniques that group similar travel patterns based on historical 

data, followed by a forecasting model that predicts future passenger demand. 

The proposed model dynamically adjusts cluster assignments and incorporates real-time factors to refine 

predictions. This hybrid approach improves forecasting precision, enabling better route optimization and 

efficient resource allocation. The models are evaluated to ensure reliability and effectiveness in enhancing 

urban mobility. 

 

3.1. Graph-Based Clustering Model  

 Graph-based clustering is an unsupervised learning technique that groups similar data points based on 

their connectivity within a network. The model constructs a graph where nodes represent data points, and 

edges represent relationships between them. A similarity function determines the strength of these 

connections, helping to identify dense subgroups. Clustering is achieved by applying algorithms like spectral 
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clustering or community detection, which partition the graph into meaningful clusters. This approach is 

effective for analyzing user behavior and event participation patterns in smart applications, improving 

recommendation accuracy and engagement. 

3.2. LSTM Model for Time Series Forecasting 

Long Short-Term Memory (LSTM) is a type of recurrent neural network (RNN) that effectively models 

sequential dependencies in time-series data. Unlike traditional models, LSTM captures long-term 

dependencies using memory cells and gated mechanisms to regulate the flow of information. The general 

LSTM architecture consists of input, forget, and output gates, which control how past information influences 

predictions. 

The LSTM model is trained on historical interaction data to predict future trends, such as event participation 

and user engagement levels. By learning from past sequences, LSTM can make dynamic, real-time 

predictions, improving the responsiveness and efficiency of smart applications. 

3.3. Hybrid Graph-LSTM Model 

The Hybrid Graph-LSTM model combines graph-based clustering with LSTM-based forecasting to enhance 

prediction accuracy. Initially, graph-based clustering groups users or events with similar characteristics, 

reducing noise and improving trend identification. Within each cluster, an LSTM model is trained separately, 

capturing user-specific engagement patterns and enabling more precise forecasting. 

This hybrid approach enhances adaptability by dynamically updating cluster structures and adjusting 

forecasting models based on evolving data trends. By integrating clustering with deep learning, the model 

improves personalization and optimizes event recommendations in the application. 

3.4. Comparison of the Models 

 Graph clustering, LSTM, and the Hybrid Graph-LSTM models are compared based on their predictive 

accuracy. Graph clustering effectively identifies patterns but lacks forecasting capabilities. LSTM provides 

sequential trend analysis but may struggle with user group variations. The Hybrid Graph-LSTM model 

enhances accuracy by applying LSTM within pre-processed clusters, resulting in personalized and adaptable 

predictions. 

Evaluation metrics include Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE). While 

LSTM alone performs well on stable sequences, it may fail to generalize across diverse user interactions. 

Graph clustering identifies structural patterns but does not handle sequential dependencies. The Hybrid 

Graph-LSTM model combines both strengths, improving forecasting precision in dynamic user engagement 

scenarios. 

3.5. Evaluation Model 

 The evaluation model assesses the predictive performance of Graph Clustering, LSTM, and Hybrid 

Graph-LSTM using statistical error metrics. Key metrics include Mean Absolute Error (MAE), Mean Squared 

Error (MSE), and Root Mean Squared Error (RMSE), which measure the deviation between actual and 

predicted values. 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1

 

MSE is given by: 
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RMSE is derived as: 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 

VI. Algorithm used in the Rainfall Model 

                 The project employs a hybrid approach by integrating multiple machine learning and deep learning 

algorithms to enhance the accuracy of rainfall prediction. Traditional regression models such as Linear 

Regression, Lasso Regression, and Ridge Regression are used for basic trend analysis, capturing linear 

relationships between rainfall and influencing factors. Additionally, Support Vector Machine (SVM) helps in 

handling non-linear patterns, while Random Forest, an ensemble learning technique, improves prediction 

robustness by aggregating multiple decision trees. To incorporate long-term dependencies in time-series 

rainfall data, the project utilizes Long Short-Term Memory (LSTM) networks, a specialized recurrent neural 

network (RNN) architecture that effectively captures sequential dependencies. The models are further 

optimized using hyperparameter tuning, ensuring improved predictive accuracy. By leveraging a 122-year 

historical dataset (1901-2022) for India, the system forecasts both seasonal and monthly rainfall trends for the 

next five years, aiding in decision-making for water resource management, hydroelectric planning, and 

climate-related policies. 
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VII. Performance and Efficiency of the Rainfall Prediction Model 

                 The performance and efficiency of the proposed rainfall prediction model are evaluated using 

multiple statistical metrics such as Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean 

Absolute Error (MAE), and R-squared (R²) score. The integration of ensemble learning models like Random 

Forest improves prediction accuracy by reducing overfitting and increasing generalization. Support Vector 

Machine (SVM) enhances pattern recognition, while Lasso and Ridge Regression prevent multicollinearity in 

the dataset, ensuring stable predictions. The inclusion of Long Short-Term Memory (LSTM) networks 

significantly improves efficiency by capturing long-term dependencies and complex temporal patterns in the 

122-year dataset. Additionally, hyperparameter tuning and cross-validation are applied to optimize model 

performance, ensuring reliable forecasts. Compared to traditional models, this hybrid approach demonstrates 

higher accuracy and lower error rates, making it a robust tool for rainfall prediction. The model’s efficiency 

enables precise seasonal and monthly forecasts for the next five years, assisting government agencies and 

stakeholders in effective water resource management, disaster preparedness, and hydroelectric energy 

planning. 

 

VIII. RESULTS AND DISCUSSION 

   4.1 Results of Descriptive Statics of Study Variables 

 

 
 

Figure 2: Interface Page of the Outcome 
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Figure 3: Prediction Data Input Page 

 

 

 

 

Figure 4: Prediction Page of the Outcome 
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Figure 5: Analytics outcome page of the project 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: HeatMap Outcome of the Temperature 

 

 

LSTM Model Performance 

 

The LSTM-based model was used to predict rainfall values and was compared against actual recorded values. 

The line graph illustrates both actual and predicted values over time. 

While the model generally follows the trend of actual rainfall, there are noticeable deviations, particularly in 

regions where the actual values show sharp fluctuations. 

This indicates that the model has limitations in accurately predicting extreme variations in rainfall patterns. 

Combined Model (Year 2025 - Actual vs Predicted) 

The bar chart compares actual and predicted rainfall for a broader period. 
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The model demonstrates a strong alignment between actual and predicted values, suggesting an improved 

accuracy over longer timescales. 

Some minor differences exist, but the model effectively captures overall rainfall patterns. 

 

Discussion 

 

Model Accuracy and Performance 

The LSTM model shows potential for rainfall prediction but struggles with extreme variations. 

The combined model, possibly incorporating other machine learning techniques, provides a better match to 

actual values. 

To assess accuracy, metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R² 

Score should be evaluated. 

Challenges and Limitations 

Short-Term vs. Long-Term Predictions: LSTM appears to be less reliable for sudden changes in rainfall, 

possibly due to the complexity of weather patterns. 

Data Dependency: The effectiveness of the model heavily depends on the quality and quantity of historical 

data. 

Need for Hybrid Approaches: The better performance of the combined model suggests that integrating 

multiple models (e.g., LSTM + Statistical methods) may enhance prediction accuracy. 
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IX. Conclusion 

                   This study successfully integrates multiple machine learning and deep learning models to enhance 

the accuracy and reliability of rainfall prediction in India. By leveraging Linear Regression, Lasso Regression, 

Ridge Regression, Support Vector Machine (SVM), Random Forest, and Long Short-Term Memory (LSTM) 

networks, the model effectively captures both short-term fluctuations and long-term dependencies in rainfall 

patterns. The use of a 122-year dataset (1901-2022) allows for robust training and validation, ensuring accurate 

seasonal and monthly forecasts for the next five years.The proposed model outperforms traditional statistical 

approaches by optimizing hyperparameters and combining the strengths of ensemble learning and deep 

learning. Performance evaluation using MSE, RMSE, MAE, and R² Score confirms its predictive efficiency. 

Additionally, its real-world applicability extends to wastewater management, groundwater reservoir planning, 

and hydroelectric energy sectors, enabling data-driven decision-making for the Government of India.In 

conclusion, this predictive framework provides a significant advancement in climate forecasting, offering a 

reliable, efficient, and scalable solution for rainfall prediction. Future improvements could include integration 

with real-time weather data, advanced deep learning architectures, and geographical expansion to enhance 

predictive accuracy further. 
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