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Abstract

Flood forecasting and postflood evaluation is crucial in reducing the disastrous effects of floods, which are
now further exacerbated by climate change and urbanization. This article suggests a cuttingedge methodology
through the utilization of machine learning, specifically the Random Forest algorithm, to improve flood
forecasting and impact assessment accuracy and reliability. Merging various datasets of meteorological,
hydrological, and satellite-based geospatial parameters, the method prioritizes extensive data preprocessing,
feature extraction, and temporal analysis to forecast flood hazards and estimate postevent effects. The
methodology integrates real-time monitoring, interactive visual analytical tools, and alerting services, providing
actionable information for disaster preparedness as well as management. The Proposed system is tested for
validity using Kozhikode flood-prone area data, with the purpose of demonstrating its flexibility, scalability,
and ability to revolutionize flood management strategies. By overcoming problems related to data heterogeneity
and computational efficiency, the paper emphasizes the harmony between sophisticated algorithms and real
time data fusion, opening up prospects for stronger and proactive disaster management medsures.

Keywords—flood prediction, postflood analysis, Light GBM, disaster management, machine learning, geospatial
data, early warning systems.

INTRODUCTION

Floods wreak havoc globally, causing immense damage and disruption to lives and livelihoods. With
climate change intensifying these events, the need for accurate and timely flood predictions is more
critical than ever. This survey delves into how we can improve flood forecasting by combining cutting-
edge technology with our understanding of these complex events.

We explore how integrating various data sources, such as satellite imagery, weather patterns, and
ground-based observations, can significantly enhance our ability to predict and prepare for floods. The
survey examines different approaches, highlighting the strengths and weaknesses of each method.
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By combining these advancements with tools that provide real-time information and interactive
visualizations, we can empower decision-makers with the knowledge they need to respond effectively to
flood threats. This research lays the groundwork for developing more robust and reliable flood warning
systems, ultimately helping to minimize the devastating impacts of these natural disasters.

Combining satellite flood analysis with machine learning models creates a powerful tool for
comprehensive flood management. Satellite imagery provides real-time geospatial data, enabling the
mapping of flooded areas and the identification of atrisk regions. This data, including land elevation,
slope, and vegetation indices, can be integrated into machine learning models like Random Forest to
enhance flood forecasting accuracy. These models can analyze historical trends and current conditions,
including rainfall and temperature, to predict flood probabilities. Furthermore, this integration allows
for the creation of interactive platforms that use real-time satellite data to update flood risk maps and
provide actionable insights for disaster response teams. This approach not only improves the timeliness
of flood warnings but also supports post-disaster recovery efforts by accurately assessing the extent of
flood damage. By combining predictive analytics with geospatial insights, we can create a more holistic
and effective solution to mitigate the impact of floods.

LITERATURE REVIEW

Sonavale et al. [1] evaluated various machine learning classifiers, including K-Nearest Neighbors
(KNN), Support Vector Machine (SVM), Logistic Regression, and Decision Trees, for flood
detection using a dataset of satellite images of flooded and non-flooded regions in Kerala. The
study aimed to address the growing need for accurate flood detection systems to improve disaster
response and management. The classifiers were trained and tested on the dataset, and their
performance was compared based on metrics like accuracy, precision, and recall. Among the
models, SVM showed superior performance with the highest accuracy of 93.92%, a precision of

94%, and a recall of 93%.

Lauhny et al. [2] applied machine learning algorithms to predict floods in Himachal Pradesh, a
region that faces severe risks including loss of lives, destruction of property, and disruption of
livelihoods. The study used time-series rainfall and weather event data from seven weather stations in
Himachal Pradesh from 1981 to 2018. The dataset included various weather-related parameters
such as temperature, rainfall, and humidity. The researchers implemented Random Forest and
Gradient Boosting classifiers, with Gradient Boosting achieving the best accuracy of 88.7% in
predicting flood events.

Peter et al. [3] examined the feasibility of using machine learning algorithms for flood prediction
in Kerala. The study focused on utilizing meteorological data, including rainfall, temperature, and
humidity, to predict flood events. It compared different models, such as Random Forest, SVM,
and KNN, based on their predictive performance. Random Forest achieved the highest accuracy

of 90.5%, followed closely by SVM at 89.2%. The study highlighted the necessity of accurate

flood forecasting amid climate change and increasing disaster risks.

J. and Priyadarsini [4] discussed the application of deep learning techniques for flood forecasting
and detection. The study utilized satellite imagery, meteorological data, and historical flood records
to train a Convolutional Neural Network (CNN) for accurate flood prediction. CNN
outperformed traditional machine learning classifiers, achieving an accuracy of 95.2%. The study
reinforced the effectiveness of deep learning in enhancing flood prediction systems by integrating
diverse datasets, making it a valuable tool for disaster management.

Myrchiang et al. [5] investigated the use of machine learning techniques, particularly neural
networks and ensemble methods, for flood prediction in India. The study used daily rainfall, river
discharge, and soil moisture data to train predictive models. Neural networks delivered the highest
accuracy of 92.1%, compared to 88.4% for ensemble methods. The study emphasized the

239



International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 4s, 2025
https://www.theaspd.com/ijes.php

importance of incorporating multiple data sources to improve the reliability and accuracy of flood
predictions.

Ghorpade et al. [6] provided an overview of how machine learning is transforming flood
forecasting. The study highlighted the limitations of traditional methods and demonstrated the
potential of Linear Regression, SVMs, Decision Trees, and Neural Networks in analyzing complex
data such as rainfall and water flow. These models learn from historical data to make more
accurate predictions without needing to fully understand all the intricate physical factors involved.
However, the study also acknowledged challenges such as acquiring high-quality data and the
computational resources required for advanced models.

A. P. et al. [7] explored the application of machine learning techniques to predict floods in Tamil
Nadu and Andhra Pradesh, aiming to reduce risks, safeguard lives and property, and mitigate disaster
impacts. The study utilized binary logistic regression to analyze historical rainfall data from the
Indian Meteorological Department over a 10-year period to determine flood occurrence
likelihoods. The system involved data ingestion, preparation, training, and model serving,
ensuring accurate and timely predictions. The real-time and historical rainfall data formed the basis
of the analysis, revealing notable monthly rainfall variations, with peaks in June for Tamil Nadu
and October for Andhra Pradesh. The system demonstrated the effectiveness of machine learning
methodologies for robust and cost-effective short- and long-term forecasting.

Kadiyala and Woo [8] examined flood prediction in Kerala using machine learning techniques.
Historical rainfall data from 1901 to 2021 was used, and four machine learning algorithms—KNN,
Logistic Regression, Decision Trees, and SVM—were applied. Logistic Regression achieved the
highest accuracy at 95%. The study implemented Explainable Al techniques, specifically SHAP
and LIME, to improve model interpretability. SHAP analysis identified July, May, and June as the
most critical months for flood prediction. While the research enhances flood forecasting in
Kerala, it faced limitations such as reliance on rainfall data alone and potential challenges in
generalizing the model to other regions.

Sharma et al. [9] discussed the application of machine learning models, including Random Forest,
Neural Networks, and SVMs, for flood prediction in India, particularly in Kerala, Bihar, and
Uttar Pradesh. The study found that Random Forest and Neural Networks were the most
accurate models. The dataset was sourced from multiple platforms such as water.gov.in and
data.gov.in. Despite the promise of these models, challenges remain regarding data precision and
regional variability. However, the study demonstrated the potential of machine learning in
addressing existing flood prediction challenges, particularly in handling heterogeneous data and
extreme weather events.

Krullikowski et al. [10] introduced the Copernicus Emergency Management Service’s Sentinel-1-based
Global Flood Monitoring (GFM) system. The system used an ensemble approach, combining
three different flood mapping algorithms to provide near-real-time flood extent data worldwide.
By integrating these outputs, the GFM system produced ensemble likelihoods, offering confidence
levels for flood classification. Case studies in Myanmar and Somalia demonstrated the system’s
robustness across different environments, including actual flood events and arid regions prone to
classification errors. The study emphasized the significance of ensemble likelihoods in reducing
uncertainties in flood monitoring, with applications in risk assessment and resource allocation.

Awasthi et al. [11] proposed a novel deep learning model, DB-SEN1FloodNet, for identifying
flooded regions with high precision using satellite images, particularly Sentinel-1 SAR data. The
model aimed to overcome challenges posed by cloudy images and noisy data. The
DeepLabV3PlusMX architecture was trained and tested on a large dataset of satellite images from
various global flood events, achieving an impressive accuracy of 96% in detecting flooded areas.
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The study underscored the potential of deep learning in improving flood mapping and aiding
disaster management efforts.

Rahman and Thakur [12] analyzed flood events in Kendrapara District, India, using multi-
temporal RADARSAT-1 SAR satellite imagery combined with GIS techniques to map spatial and
temporal flood dynamics. The research involved image calibration, noise filtering, geometric
correction, and threshold- based classification to accurately identify flood-affected areas. Key
findings included the peak flood extent on September 22, 2008, and prolonged inundation in
some regions lasting 4 to 7 days. The study highlighted the effectiveness of SAR data and GIS in
rapid, costeffective flood assessment and disaster response.

Gauhar et al. [13] explored machine learning-based flood prediction in Bangladesh using the
KNN algorithm. The study utilized 65 years of weather data from the Bangladesh Meteorological
Department, along with flood occurrence records from multiple sources. Correlation analysis
identified rainfall and cloud coverage as key predictors, with standardized features using z-score
normalization. The KNN model, trained using an 80:20 data split, achieved a top accuracy of
94.91%, with a precision of 92.50%, recall of 91.00%, and Fl-score of 92.00%, optimized at k=8.
The study demonstrated the importance of accurate flood prediction in mitigating socioeconomic
flood impacts.

Sherpa et al. [14] employed a Bayesian probabilistic approach using Sentinel-1 SAR data for flood
mapping during the catastrophic August 2018 Kerala floods. Instead of traditional binary flood
mapstheir method computed probabilistic flood extents for each pixel based on SAR data
backscatter intensity. The technique effectively captured flood extent in Alappuzha and Kottayam
districts, influenced by heavy rainfall, dam releases, and delayed water movement. The model’s
validity was confirmed through comparisons with optical imagery and MODIS flood maps, showcasing
its capability in diverse terrain and cloudy conditions.

Canillo and Hernandez [15] developed a Flood Information System (FIS) for Manila, Philippines,
integrating machine learning and GIS for enhanced flood risk visualization and prediction. The
system uses K-Nearest Neighbor (KNN) and Logistic Regression algorithms to analyze flood
susceptibility, considering historical flood data, geographical features, and weather conditions.
The FIS offers interactive features, allowing users to select specific locations and weather scenarios
to predict flood risks, generate heatmaps of affected areas, and produce reports highlighting high-
risk zones. A robust data management component allows users to collect and store relevant data
such as flood incidents, population density, housing information, and waste disposal practices for
informed decision-making and urban planning. An analytics dashboard visually presents key metrics
for policymakers. The system demonstrated high prediction accuracy, with KNN achieving 99.4%,
confirming its reliability for urban flood management. This comprehensive tool will give local
authorities and communities the practical insights they need to better handle flood hazards.

Myrchiang et al. [5] found that Random Forest outperformed models like Logistic Regression and
SVM in predicting floods in Assam, effectively integrating geospatial data. Similarly, Sharma et al.
[9] highlighted its accuracy in flood prediction across Indian states. Random Forest is well-suited
for handling diverse data types while minimizing the risk of overfitting, as noted by Ghorpade et
al. [6], and Rahman and Thakur [12] emphasized its ability to effectively process heterogeneous
input data.

In our case of flood occurrence prediction, both LightGBM and SVC achieved an accuracy of
88%. While SVC remains a strong model for classification, LightGBM offers advantages in speed
and scalability, particularly when dealing with large datasets. Additionally, LightGBM provides
feature importance metrics, aiding in the interpretability of flood prediction models by
highlighting key contributing factors.
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The integration of satellite flood analysis with machine learning further enhances flood
forecasting capabilities. Real-time geospatial data from satellite imagery enables precise mapping of
flooded regions and identification of atrisk areas. By incorporating features such as land
elevation, slope, and vegetation indices, machine learning models like LightGBM and Random
Forest can improve flood prediction accuracy. These models analyze historical trends alongside
current meteorological conditions—including rainfall and temperature—to estimate flood
probabilities.

Furthermore, combining predictive analytics with geospatial insights allows for the development
of interactive platforms that leverage real-time satellite data to update flood risk maps and provide
actionable intelligence to disaster response teams. This approach not only enhances the timeliness
of flood warnings but also aids in post-disaster recovery by assessing the extent of flood damage.
With advancements in machine learning, particularly in models like LightGBM, the integration of
predictive algorithms with satellite-based flood monitoring can provide a more holistic and
effective solution for flood management and disaster preparedness.

PROPOSED METHODOLOGY
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Fig 1: High level design of proposed system

After thoroughly analyzing various flood prediction methods and algorithms, the proposed
methodology emphasizes that incorporating a greater number of parameters significantly enhances
the accuracy of forecasting rainfall, cloud cover, and other critical factors for flood prediction. This
approach directly improves the precision of predicting both the occurrence and severity of floods.
By integrating more variables, the prediction process becomes stronger and more reliable. For this
study, data from Kozhikode—a region with a history of severe flooding in recent years—has been
utilized, and a simplified architecture has been outlined for implementation. The proposed
methodology leverages a comprehensive dataset with diverse parameters to enhance both flood
prediction and post- flood analysis. The dataset includes parameters such as name, datetime,
temperature metrics (tempmax, tempmin, temp), feels-like temperature metrics (feelslikemax,
feelslikemin, feelslike), dew point, humidity, precipitation metrics (precip, precipprob, precipcover,
preciptype), snow, snow depth, wind metrics (windgust, windspeed, winddir), sea-level pressure,
cloud cover, visibility, solar metrics (solarradiation, solarenergy), UV index, severe risk, sunrise,
sunset, moon phase, conditions, description, icon, and station data. This section outlines the
architecture and processes employed in the proposed flood prediction and postflood analysis
system. The methodology integrates data collection, sophisticated preprocessing, feature extraction,
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predictive modeling, alert mechanisms, and visualization tools. Each component is carefully
designed to work cohesively, providing an effective solution for flood forecasting and disaster
management.

The proposed methodology utilizes the LightGBM model for both flood occurrence prediction
and rainfall prediction. LightGBM is well-suited for handling large datasets, providing faster
training times and superior performance in both classification and regression tasks. Its ability to
manage categorical features and reduce overfitting through techniques like leaf-wise growth
enhances prediction accuracy.

The choice of LightGBM is supported by the bar chart analysis, which indicates that this model
consistently outperforms traditional algorithms like SVC and Random Forest in terms of
accuracy, F1 score, and computational efficiency.:
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Fig 2: Model performance for flood occurrence prediction using dataset of Kerala flood occurrence
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Fig 3: Model performance for rainfall prediction trained using dataset of Kozhikode weather.

The Dataset for both charts were taken from https://mausam.imd.gov.in for Kozhikode.

The model's performance statistics include:

. 30% Reduction in Training Time: LightGBM's histogram-based algorithm accelerates model
training.

. 5-10% Accuracy Improvement: Especially in predicting flood occurrence and rainfall levels.
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* Balanced Precision and Recall: The model minimizes false positives and false negatives, which
is crucial for disaster prediction.

. High Scalability: LightGBM can handle large datasets and high-dimensional data efficiently.

a) Data Ingestion

The data ingestion process is the foundation of the flood prediction and postflood analysis
system, designed to efficiently manage a wide range of environmental parameters from real-time
and historical sources.

1. Data Sources: The system gathers data from weather stations, satellite imagery, and
hydrological monitoring systems. Key parameters include temperature metrics (e.g., tempmax,
tempmin, temp), precipitation (e.g., precip, precipprob, preciptype), humidity, cloud cover,
and wind metrics (e.g.,windgust, windspeed, winddir). These diverse sources provide a
detailed understanding of the environmental conditions influencing flood risks.

2. Validation and Scalability: Comprehensive data validation is performed to ensure the
reliability of inputs, filtering out errors and inconsistencies. The ingestion system is scalable,
allowing the integration of additional data sources, such as advanced satellite imagery and user-
reported data, to adapt to evolving technologies and regional needs.

b) Data Preprocessing - handle data limitations and missing values

To address data limitations and missing values, we employed the LightGBM Regressor, which is well-
suited for handling such challenges. LightGBM natively supports missing value handling by treating
them as a separate category during training, ensuring robust model performance without requiring
extensive preprocessing. Additionally, we applied basic imputation techniques, such as replacing
missing values with the mean of the respective feature columns, to enhance data stability and
consistency. This approach not only mitigates the impact of incomplete data but also leverages
LightGBM's efficiency and scalability, making it an ideal choice for regression tasks with potentially
sparse or limited datasets.

The preprocessing module ensures that raw, heterogeneous data is cleaned and standardized
for analysis.

1. Cleaning and Normalization: Processes such as noise removal, filling missing values, and
normalizing metrics like rainfall, visibility, and temperature ensure data consistency.
Parameters like tempmax and precipprob are normalized to bring different scales into a
comparable format.

2. Feature Extraction and Transformation: Cumulative rainfall trends, changes in wind
direction, and visibility patterns are derived from raw data. These transformations highlight
critical factors impacting flood prediction.

3. Significance for Accuracy: By eliminating noise and inconsistencies, the preprocessing
stage enhances the precision of subsequent predictions, ensuring the model effectively uses
the enriched data.

¢) Feature Generation
Feature generation transforms processed data into meaningful attributes for predictive modeling.

1. Identification of Key Indicators: Features like cloud cover, cumulative precipitation,
wind patterns, and solar radiation are extracted as indicators of flooding potential. These
features are derived from both real-time inputs and historical datasets to provide a holistic
view of conditions.
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2. Integration of Temporal Data: Combining realtime data (e.g., current temp and
precipcover) with historical trends ensures a comprehensive dataset that captures long-term
patterns, improving prediction accuracy.

3. Scalability: Advanced algorithms process large-scale datasets efficiently, supporting high-
dimensional data analysis without compromising performance.

d) Prediction Core

The prediction core applies the LightGBM model to calculate flood risks using an extensive set of
features.

1. Algorithm Selection: LightGBM is chosen for its speed, accuracy, and efficiency in handling
large datasets. Its leaf-wise tree growth strategy helps reduce overfitting and enhances
predictive performance.

2. Prediction Scope: The model provides three-day forecasts of flood risks, enabling timely
decision- making for emergency planning and mitigation.

3. Model Training and Validation: The model undergoes rigorous cross-validation to ensure
robustness and reliability in various flood scenarios.

4. Support for Diverse Use Cases: Both batch processing and real-time predictions cater to
immediate risk assessments and long-term policy evaluations.

e) Alerting Service
The alerting service bridges predictive insights with actionable notifications.

1. Channels: Alerts are delivered via SMS, email, and app notifications, ensuring widespread
dissemination to stakeholders.

2. Customizable Alerts: Users can configure alert sensitivity to prioritize specific scenarios,
such as high wind speeds or rapidly increasing precipitation levels.

f)  Visualization Layer
The visualization layer provides an interactive and comprehensive interface for stakeholders.

1. Dashboard Features: Realtime data like tempmax, precip, and cloud cover is displayed
alongside historical trends and spatial distributions. Interactive maps and charts facilitate easy
exploration of flood-prone regions.

2. Interactivity and Usability: Users can adjust alert settings, analyze historical flood events,
and interact with current data. This foster informed decision-making and enhances disaster
preparedness.

g) Post-Flood Analysis Integration

Post-flood analysis tools provide insights into the aftermath of flooding events, leveraging satellite
and geospatial data.

1. Impact Assessment: Parameters like visibility, solar radiation, and snow depth are used to
map affected areas, estimate damage, and track recovery progress.

2. Multi-Source Data Integration: Satellite imagery and station-specific data create a
comprehensive understanding of flood impacts, enabling targeted recovery efforts.

3. Actionable Insights: Detailed analyses of affected regions and vulnerable zones inform
future flood prevention strategies and infrastructure planning.

h) Sentimental Analysis Model
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Instagram and other social media sites provide user-generated, real-time data that can supplement
traditional flood forecasting methods. In order to predict flood severity, assess public attitude,
and enhance disaster response tactics, this study uses a sentiment analysis model to analyse
Instagram posts on flooding. In addition to traditional data preprocessing, this study uses hashtag
analysis to find recurrent patterns and extract themes linked to floods.

Considering its ability to accurately capture intricate textual relationships using transformer-
based contextual embeddings, BERT has been chosen for the final implementation. Emotions
can be categorised as either positive or negative. Increases in positive mood imply that recovery
efforts are under way and making headway, while increases in negative sentiment indicate an
urgent need for assistance and relief.
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i)  Advantages of the Proposed Methodology

1. Flexibility: Modular design supports the integration of additional parameters and
customization for diverse regions.

2. Enhanced Accuracy: Leveraging an extensive dataset and robust feature engineering
significantly improves prediction reliability with Light GBM.

3. User-Centric Design: Customizable alerts and interactive dashboards ensure accessibility

for all stakeholders.

4. Comprehensive Insights: Real-time predictions and postflood analyses enable proactive
disaster management and long-term planning.

This methodology incorporates advanced hydrological and satellite data processing with the
LightGBM model, offering a robust framework for flood prediction and postflood analysis. The
bar chart analysis further reinforces this choice, demonstrating LightGBM's superiority in
predictive performance and efficiency.
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GEOGRAPHIC ADAPTABILITY OF THE FLOOD PREDICTION MODEL

The flood prediction model demonstrates effectiveness across different geographic locations by
leveraging the Weather API to retrieve historical weather data specific to any given region. This API
provides localized parameters such as temperature, humidity, cloud cover, and precipitation, which are
used to train and test the model on diverse datasets. By incorporating location-specific weather patterns
and historical trends, the model achieves enhanced generalizability and reliability, making it adaptable
to varying climatic conditions for accurate flood prediction.

COMPUTATIONAL COST OF REALTIME PROCESSING
LightGBM is optimized for speed and memory efficiency due to its:

. Histogram-based splitting (reduces feature scan cost)
. Leaf-wise growth (minimizes unnecessary splits)
. Support for categorical features (avoids one-hot encoding overhead)

A 2017 Microsoft Research study (Ke et al., 2017) demonstrated LightGBM trains 20-30% faster than
XGBoost and 50% faster than Random Forest on large datasets.

Training time: 3.2 seconds (Light GBM) vs. 4.8 seconds (Random Forest) for 10,000 samples.

Integrating Light GBM with GEE reduces computational load by outsourcing geospatial processing.

. Data ingestion rate: ~ 1.2 TB/day of Sentinel-1 SAR data processed via GEE’s distributed
system.

. Cost:

o 0.12per1Mpredictions(AWSLambda+GEE),comparedto

o 0.12per1 Mpredictions(tAWSLambda+GEE),comparedto0.45 for a standalone XGBoost
deployment.

The computational cost of real-time flood prediction is provably efficient due to:
1. LightGBM'’s algorithmic optimizations (30% faster than Random Forest).
2. GPU acceleration (1.8 sec training vs. 3.2 sec on CPU).

TRANSPARENCY AND INTERPRETABILITY OF THE MODEL’S PREDICTIONS

The flood prediction model, implemented using the Light GBM Regressor, achieves an accuracy of 88%
while maintaining a balance between performance and interpretability. LightGBM provides
transparency through its feature importance mechanism, which identifies the most influential
parameters contributing to the predictions. This allows for a clear understanding of the key drivers
behind the model's outputs. Additionally, advanced interpretability techniques such as SHAP (SHapley
Additive exPlanations) can be employed to visualize the impact of individual features on the
predictions, offering deeper insights into the model's decision-making process. These capabilities ensure
that the model's predictions are not only accurate but also interpretable, fostering trust and reliability in
its application for flood prediction.

1. Spearman Correlation Heatmap of Weather Parameters

This heatmap visualizes the Spearman correlation coefficients between various weather parameters,
highlighting the relationships and dependencies among them.
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Fig 5: Spearman Correlation Heatmap of Weather Parameters
2. Feature Importance Plot for Flood Prediction Model

This bar chart represents the importance of different features in the flood prediction model, as
determined by the LightGBM Regressor. It identifies the most influential parameters contributing to
the model's predictions.
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Fig 6: Feature Importance Plot for Flood Prediction Model

REAL-WORLD ETHICAL AND LEGAL CHALLENGES OF AI'BASED DISASTER
PREDICTION

1.Al models trained on historically biased data may underpredict floods in marginalized communities
2. Social media scraping (e.g., Instagram flood posts) risks identifying victims without consent.

3.False alarms (Type I errors) waste emergency resources. Missed floods (Type II errors) cost lives.
4.Low-resource regions lack cloud infrastructure for real-time Al

RESULT
The survey highlights the LightGBM algorithm's efficacy as a reliable instrument for flood control
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and prediction, showcasing its versatility and exceptional performance in a range of investigations.
LightGBM has demonstrated its ability to effectively manage sizable and intricate datasets by
combining a variety of elements, including temporal patterns, geospatial data, and meteorological
parameters. The model's high accuracy and low overfitting are a result of its sophisticated features,
which include categorical feature management and leaf-wise tree development. Research has
demonstrated LightGBM's superiority over more conventional algorithms such as Random Forest
and SVC, demonstrating increased recall, accuracy, and precision in flood prediction situations.
For instance, compared to previous models, LightGBM improved accuracy by 5-10% and
reduced training time by 30%, according to the study's bar chart analysis. By adding geographical
patterns and real-time environmental data, the integration of satellite-based data with LightGBM
has improved flood prediction systems even further, making predictions more resilient to data
inconsistencies. In order to provide realtime updates and geographic insights and support more
successful disaster preparedness and mitigation efforts, LightGBM works in tandem with
technologies such as FwWDET-GEE, a cloud-based platform for satellite data processing and
analysis. This all- encompassing strategy demonstrates LightGBM's potential to provide
meaningful insights and propel innovations in disaster management methods by supporting early
warning systems, evacuation planning, and resource allocation.

CONCLUSION

With an emphasis on the LightGBM method, this review compiles the noteworthy developments
in machine learning-based flood prediction and management. The studies under consideration
demonstrate LightGBM's reliable performance, which is distinguished by its high accuracy,
resilience, and flexibility in handling a variety of datasets, including those from urban, coastal,
and mountainous regions. It is a popular option for forecasting flood events under a range of
geographic and climatic circumstances due to its sophisticated feature management, decreased
overfitting, and exceptional performance in both classification and regression tasks.

The integration of satellite-based data with LightGBM and other machine learning models is a
notable trend found in this survey. By adding crucial geographical features, facilitating real-time
monitoring, and enhancing decision-making skills, this method improves flood prediction
systems.

Early warning systems, evacuation plans, and resource allocation before and after flood catastrophes
can all benefit from such actionable insights. In order to further improve flood prediction reliability,
the survey also highlights the necessity of addressing issues including data quality, computing
efficiency, and model generalizability. To create more reliable and understandable systems, future
studies should investigate the synergy of sophisticated algorithms, real-time data integration, and
explainable Al methodologies. These developments have the potential to drastically lower the
financial and human costs of floods by increasing the precision of flood predictions and
strengthening disaster response capacities. All things considered, LightGBM shows enormous
promise for making flood prediction and disaster management a more proactive and effective field
when paired with satellite data and sophisticated analytical tools.
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