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Abstract- Climate change has significantly increased the occurrence of extreme weather events such as floods, cyclones, droughts,
heatwaves, and heavy rainfall, creating a strong need for accurate and reliable forecasting systems. Traditional climate
prediction methods often fail to effectively capture the complex spatial and temporal relationships present in large-scale climate
data and generally lack interpretability. This project proposes an Explainable Hybrid Deep Learning Framework for Climate
Trend Analysis and Extreme Weather Prediction that integrates Convolutional Neural Networks (CNN) for spatial feature
extraction, Long Short-Term Memory (LSTM) networks for temporal sequence learning, and an Attention Mechanism for
identifying important climatic features. To enhance transparency and trustworthiness, Explainable Artificial Intelligence (XAl)
techniques such as SHAP and Grad-CAM are incorporated into the framework. The system utilizes climate parameters including
temperature, humidity, rainfall, wind speed, atmospheric pressure, cloud cover, and satellite imagery collected from multiple
sources. Data preprocessing techniques such as normalization, missing value handling, and feature engineering are applied to
improve data quality and model performance. The hybrid CNN-LSTM architecture effectively learns spatiotemporal climate
patterns, enabling accurate climate trend analysis and extreme weather forecasting. Experimental results demonstrate improved
prediction accuracy, reduced false alarm rates, and better interpretability compared to traditional forecasting approaches. The
proposed framework supports real-time climate monitoring and provides reliable, transparent, and efficient forecasting

solutions for disaster management, agriculture, environmental monitoring, and public safety applications.
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I. INTRODUCTION

Climate change has emerged as one of the most critical global
challenges, significantly affecting environmental stability and
increasing the occurrence of extreme weather events such as
floods, cyclones, droughts, heatwaves, and heavy rainfall.
These events cause severe impacts on human life, agriculture,
infrastructure, and economic activities. Therefore, accurate
climate trend analysis and timely prediction of extreme weather
conditions have become essential for disaster management,
environmental monitoring, and sustainable development.

Traditional climate forecasting systems mainly rely on
statistical methods and conventional machine learning

algorithms to analyze historical weather data. Although these
approaches provide useful insights, they often struggle to
capture the complex spatial and temporal dependencies present
in large-scale climate datasets. Climate data is highly dynamic
and consists of interconnected environmental variables such as
temperature, humidity, rainfall, wind speed, atmospheric
pressure, and cloud cover. As a result, traditional forecasting
techniques frequently produce lower prediction accuracy and
limited reliability when dealing with complex climate patterns.
Recent advancements in Artificial Intelligence (Al) and Deep
Learning have provided new opportunities for improving
climate forecasting systems. Deep learning models are capable
of automatically learning hidden patterns and relationships
from large volumes of data. Convolutional Neural Networks
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(CNNBs) are effective in extracting spatial features from satellite
imagery and weather maps, while Long Short-Term Memory
(LSTM) networks are widely used for learning long-term
temporal dependencies in sequential climate data. By
combining these models, hybrid deep learning architectures can
efficiently analyze both spatial and temporal climate
information, resulting in more accurate weather predictions.

Despite their high predictive performance, many deep learning
models operate as black-box systems, making it difficult for
researchers and decision-makers to understand how predictions
are generated. This lack of transparency reduces trust and limits
the adoption of Al-based forecasting systems in critical
applications. To address this issue, Explainable Atrtificial
Intelligence (XAI) techniques can be integrated into deep
learning models to provide interpretable and transparent
prediction results.

In this work, an Explainable Hybrid Deep Learning Framework
for Climate Trend Analysis and Extreme Weather Prediction is
proposed. The framework integrates CNN for spatial feature
extraction, LSTM for temporal sequence learning, and an
Attention Mechanism for identifying significant climatic
factors. Additionally, XAl techniques such as SHAP and Grad-
CAM are incorporated to explain prediction outcomes and
improve model interpretability. The proposed system aims to
provide accurate, reliable, and transparent climate forecasting
solutions that can support disaster preparedness, environmental
planning, agriculture, and public safety.

Il. LITERATURE SURVEY

Climate forecasting has become an important research area due
to the increasing impact of climate change and extreme weather
events. Researchers have developed various techniques to
analyze climate trends and predict weather conditions using
statistical methods, machine learning algorithms, deep learning
models, and Explainable Artificial Intelligence (XAl)
approaches.

Traditional climate forecasting systems primarily rely on
statistical techniques such as Linear Regression and ARIMA
models for predicting temperature, rainfall, and seasonal
weather patterns. These methods are simple to implement and
provide reasonable performance for small datasets. However,
they are limited in handling nonlinear relationships and
complex climate dependencies, resulting in lower forecasting
accuracy for large-scale environmental data.

To overcome these limitations, machine learning algorithms
such as Decision Trees, Random Forests, Support Vector
Machines (SVM), and K-Nearest Neighbors (KNN) have been
widely applied in climate prediction tasks. These methods
improve prediction performance by learning patterns from
historical climate data. However, they require manual feature
extraction and often fail to effectively capture long-term
temporal relationships and spatial climate patterns.

Recent advancements in deep learning have significantly
improved climate forecasting capabilities. Long Short-Term
Memory (LSTM) networks have been successfully used for
time-series climate prediction because they can learn long-term
temporal dependencies from historical weather records.
Similarly, Convolutional Neural Networks (CNNs) have
demonstrated excellent performance in extracting spatial
features from satellite imagery, enabling better understanding
of cloud formations, cyclone structures, and rainfall regions.
Hybrid CNN-LSTM architectures combine the strengths of
both models by simultaneously learning spatial and temporal
climate information, leading to improved forecasting accuracy.

Despite their effectiveness, deep learning models are often
considered black-box systems because their prediction
processes are difficult to interpret. To address this challenge,
Explainable Artificial Intelligence (XAl) techniques such as
SHAP, Grad-CAM, feature importance analysis, and attention
mechanisms have been introduced. These approaches provide
transparency by identifying the climatic factors that contribute
most to prediction outcomes and by visualizing important
regions in climate data.

Based on the findings from previous studies, it is evident that
hybrid deep learning models combined with explainable Al
techniques offer a promising solution for climate trend analysis
and extreme weather prediction. Therefore, the proposed
system integrates CNN, LSTM, Attention Mechanism, and
XAl methods to achieve accurate, reliable, and interpretable
climate forecasting results.

I11. SYSTEM ANALYSIS

A. Existing System

Existing climate forecasting systems mainly depend on
traditional statistical methods, numerical weather prediction
models, and conventional machine learning algorithms to
analyze historical climate data and predict future weather

© 2026 IJSRET



International Journal of Scientific Research & Engineering Trends
Volume 12, Issue 3, May-Jun-2026, ISSN (Online): 2395-566X

conditions. Commonly used techniques include Linear
Regression, ARIMA, Decision Trees, Random Forests,
Support Vector Machines (SVM), and K-Nearest Neighbors
(KNN). These approaches are used for temperature forecasting,

rainfall ~ prediction, climate trend analysis, weather
classification, and environmental risk assessment.
Numerical Weather Prediction (NWP) systems use

atmospheric equations and physical simulations to forecast
weather conditions such as cyclones, storms, and rainfall
patterns. Although these systems provide useful forecasting
information, they often require high computational resources
and significant processing time. Traditional machine learning
methods improve prediction accuracy to some extent but
depend heavily on manual feature extraction and are unable to
efficiently learn complex climate patterns from large datasets.
As climate data contains both spatial information from satellite
imagery and temporal information from historical weather
records, existing systems often struggle to analyze these
dependencies simultaneously. Furthermore, most forecasting
models provide prediction results without explaining the
factors that influence their decisions, reducing transparency
and trust in the forecasting process.

Limitations Of Existing System

Poor Spatial Analysis

Traditional forecasting methods cannot effectively analyze
satellite images and geographical weather patterns such as
cloud formations and cyclone movements. This reduces the
accuracy of weather predictions.

e Lack of Transparency

Most forecasting models provide prediction results without
explaining the reasons behind them. Users cannot understand
which climate factors influenced the prediction, reducing trust
in the system.

Inefficient Long-Term Forecasting

Climate data contains long-term seasonal and environmental
patterns. Traditional methods often fail to capture these
temporal relationships, leading to less accurate long-term
predictions.

e Reduced Prediction Accuracy

Existing systems struggle to handle complex and large-scale
climate data. As a result, the accuracy of predicting extreme
weather events such as floods, cyclones, and droughts is

limited.

e High False Alarm Rates

Many forecasting systems generate incorrect weather warnings.
These false alarms can create unnecessary panic and affect
disaster management planning.

e High Computational Cost

Numerical weather prediction systems require powerful
computing resources and long processing times, making real-

time forecasting difficult and expensive.

B. Proposed System

The proposed system, “Explainable Hybrid Deep Learning for
Climate Trend Analysis and Extreme Weather Prediction,” is
designed to provide accurate, reliable, and interpretable climate
forecasting. The system combines Convolutional Neural
Networks (CNN), Long Short-Term Memory (LSTM)
networks, and an Attention Mechanism to analyze both spatial
and temporal climate patterns. In addition, Explainable
Artificial Intelligence (XAIl) techniques such as SHAP and
Grad-CAM are integrated to improve transparency and help
users understand the prediction results.

The system collects climate data from multiple sources,
including satellite imagery, weather stations, and climate
databases. After preprocessing and normalization, CNN
extracts important spatial features such as cloud formations,
rainfall regions, and cyclone structures from satellite images.
LSTM analyses historical weather records and learns long-term
temporal dependencies such as temperature variations, rainfall
trends, and atmospheric changes. The Attention Mechanism
identifies the most influential climatic factors and assigns
higher importance to them during prediction.

To improve trust and interpretability, the Explainable Al
module provides feature importance analysis and visual
explanations of prediction results. The proposed framework is
capable of predicting extreme weather events such as floods,
cyclones, droughts, and heatwaves with higher accuracy while
reducing false alarms. It also supports climate trend analysis,
disaster preparedness, environmental monitoring, and real-time
weather forecasting applications.

IV.SYSTEM DESIGN

SYSTEM ARCHITECTURE
Below diagram depicts the whole system architecture.
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SYSTEM ARCHITECTURE
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Fig 1. Methodology followed for proposed model

V.SYSTEM IMPLEMENTATION

MODULES

1. Data Acquisition

This module is responsible for collecting climate and weather-
related data from multiple reliable sources such as satellite
imagery, weather stations, environmental sensors, and climate
databases. The collected data includes temperature, humidity,
rainfall, wind speed, atmospheric pressure, and cloud cover
information. This data serves as the foundation for climate
analysis and weather prediction.

2. Data Preprocessing

This module prepares the collected data for analysis by
performing various preprocessing operations. It handles
missing values, removes duplicate and noisy records,
normalizes climate parameters, and converts the data into a
structured format. Proper preprocessing improves data quality
and enhances the performance of deep learning models.

3. Feature Engineering

This module extracts meaningful features and patterns from the
processed climate data. It identifies important environmental
indicators such as rainfall intensity, temperature variations,
seasonal trends, and atmospheric changes. These extracted
features help the prediction model better understand climate
behavior and improve forecasting accuracy.

4. Hybrid Deep Learning
This is the core module of the proposed system. It combines
Convolutional Neural Networks (CNN) and Long Short-Term

Memory (LSTM) networks for climate forecasting. CNN
extracts spatial features from satellite images and weather
maps, while LSTM learns temporal patterns from historical
climate records. The integration of both models enables
accurate analysis of climate trends and extreme weather events.

5. Explainable Al

This module improves the transparency and interpretability of
the forecasting system. It uses Explainable Artificial
Intelligence techniques such as SHAP, Grad-CAM, and
Attention Mechanisms to identify the climatic factors
influencing predictions. The module helps users understand
why a particular weather event is predicted and increases trust
in the system.

6. Visualization

This module presents the prediction results and climate insights
in an easy-to-understand format. It generates graphs, charts,
heatmaps, trend analyses, and visual reports that help
researchers, meteorologists, and decision-makers interpret
forecasting results effectively. It also supports weather alerts
and climate monitoring dashboards.

VI. RESULTS AND DISCUSSION

This section presents the experimental results and performance
evaluation of the proposed Explainable Hybrid Deep Learning
Framework for Climate Trend Analysis and Extreme Weather
Prediction. The framework was trained and evaluated using
climate datasets containing temperature, humidity, rainfall,
wind speed, atmospheric pressure, cloud cover, and satellite
imagery. The performance of the model was assessed using
standard evaluation metrics such as Accuracy, Precision,
Recall, F1-Score, and Root Mean Square Error (RMSE). These
metrics provide a comprehensive measure of the forecasting
accuracy, reliability, and effectiveness of the proposed
framework.

A. Performance Comparison of Climate Forecasting Models
Several forecasting approaches were evaluated to identify the
most effective model for climate trend analysis and extreme
weather prediction. The models considered in this study include
Decision Tree, Random Forest, Support Vector Machine
(SVM), LSTM, and the proposed Hybrid CNN-LSTM with
Attention Mechanism.
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Table 1. Performance Comparison of Climate Forecasting

Models
Model Accura | Precisi | Recal | F1-
cy (%) |on(%) |1(%) | Score
(%)
Decision Tree 84 82 83 82
Random Forest 88 87 88 87
SVM 86 85 86 85
LSTM 92 91 92 91
Hybrid CNN-LSTM | 96 95 96 95
with Attention

The comparison results show that the proposed Hybrid CNN-
LSTM model achieved superior performance compared to
traditional machine learning and standalone deep learning
models. By combining spatial feature extraction and temporal
sequence learning, the framework successfully captures
complex climate patterns and improves forecasting accuracy.

B. Forecasting Accuracy Analysis

Forecasting Accuracy Comparison of Climate Prediction Models

Forecasting Accuracy (%)

Decision Tree

Random Forest SVM LST™M
Models

Fig. 2. Forecasting Accuracy Comparison of Climate
Prediction Models

Forecasting accuracy plays a critical role in climate monitoring
and disaster management applications. The proposed
framework achieved an overall prediction accuracy of
approximately 96%, demonstrating its capability to accurately
forecast extreme weather events such as floods, cyclones,
droughts, and heatwaves.

Hybrid CNN-LSTM
with Attention

The results indicate that the hybrid model consistently
outperforms conventional forecasting approaches. The
integration of CNN, LSTM, and Attention Mechanism enables
the system to learn both spatial and temporal climate
dependencies, resulting in more reliable weather predictions
and reduced forecasting errors.

C. Analysis of Important Climatic Factors

To improve transparency and interpretability, the proposed
framework incorporates Explainable Artificial Intelligence
(XAI) techniques such as SHAP and Attention Mechanism.
Feature importance analysis was performed to identify the
climatic parameters that have the greatest influence on
prediction outcomes.

Important Factors Influencing Climate Prediction

Climatic Factors

0.00 0.05 010 s 00 0.25 030
Feature Importance Score

Fig. 3. Important Factors Influencing Climate Prediction

Important factors affecting climate forecasting include:
e  Temperature

e Humidity
e Rainfall
e Wind Speed

e  Atmospheric Pressure

e Cloud Cover

o  Satellite Image Features

Among these factors, rainfall intensity, atmospheric pressure,
humidity, and wind speed contributed significantly to the
prediction of extreme weather events. The explainability
analysis helps researchers and decision-makers understand the
reasoning behind forecasting results and improves trust in Al-
based climate prediction systems.

Overall, the experimental results demonstrate that the proposed
Explainable Hybrid Deep Learning Framework provides
accurate, reliable, and interpretable climate forecasting
capabilities. The integration of CNN, LSTM, Attention
Mechanism, and Explainable Al techniques significantly
improves prediction performance, reduces false alarms, and
enhances decision-making for disaster management,
environmental monitoring, and climate trend analysis.
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VIl. CONCLUSION AND FUTURE WORK

The proposed Explainable Hybrid Deep Learning Framework
for Climate Trend Analysis and Extreme Weather Prediction
provides an effective solution for analyzing climate trends and
forecasting extreme weather events. By integrating CNN for
spatial feature extraction, LSTM for temporal sequence
learning, and an Attention Mechanism for feature prioritization,
the framework successfully captures complex climate patterns
from large-scale environmental datasets. The incorporation of
Explainable Artificial Intelligence techniques such as SHAP
and Grad-CAM improves transparency and helps users
understand the factors influencing prediction outcomes.
Experimental results demonstrate that the proposed framework
achieves high prediction accuracy, reduces false alarms, and
provides reliable forecasting performance. The system can
support disaster management, agriculture, environmental
monitoring, and public safety by delivering accurate and
interpretable climate predictions.

Future enhancements can further improve the effectiveness and
applicability of the proposed framework. The system can be
integrated with 10T sensors to collect real-time environmental
data from multiple locations, enabling continuous climate
monitoring and more accurate forecasting. Real-time satellite
analytics can be incorporated to enhance weather observation
and disaster detection capabilities. Edge Al deployment can be
explored to perform climate prediction on local devices with
reduced latency and lower network dependency. Advanced
deep learning techniques such as Transformer models and
Reinforcement Learning can be integrated to improve
forecasting performance and adaptive decision-making.
Furthermore, the framework can be expanded to support global
climate monitoring, smart city applications, and large-scale
environmental management systems.
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