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L. INTRODUCTION

Floods are one of the most frequent and destructive natural disasters globally, affecting millions of people every year and causing
severe damage to infrastructure, agriculture, and livelihoods. In many developing countries, including India, unplanned
urbanization, deforestation, and climate variability have significantly increased flood vulnerability, especially in river-basin and
coastal regions. Traditional flood-forecasting approaches rely heavily on physics-based hydrological models, such as rainfall-runoff
models and numerical simulations, which require extensive domain knowledge, high-quality input data, and substantial
computational resources. However, these conventional methods often struggle with real-time data-handling, latency, and poor
performance in data-sparse regions. With the rapid growth of big data and satellite remote sensing, machine learning (ML) has
emerged as a powerful alternative for analyzing large volumes of hydrometeorological data and generating faster, more accurate
flood predictions. Recent studies have demonstrated that ML models such as Random Forest, XGBoost, and Multilayer Perceptron
can achieve flood-forecasting accuracies exceeding 90% when combined with satellite-based and ground-based observations.

This paper proposes a Machine Learning—Based Flood Early Warning System that integrates satellite-derived data, ground-based
sensor readings, and catchment-specific information to deliver timely and reliable flood alerts. The system aims to support
disaster-management authorities, local governments, and communities by providing probabilistic risk estimates at multiple lead
times (12 hours, 24 hours, and 48 hours). The remainder of the paper is organized as follows: Section 2 presents the system
architecture; Section 3 describes the methodology and ML algorithms; Section 4 discusses the experimental setup and results;
Section 5 highlights limitations and future work; and Section 6 concludes the study.

1. SYSTEM ARCHITECTURE
A. Overall Framework
The proposed flood early warning system (EWS) is structured into four major layers:
1) Data Acquisition Layer
o  Satellite-based rainfall and climate data (e.g., TRMM, GPM, IMERG, MODIS, Sentinel).
e Ground-based rainfall gauges, river-water-level sensors, and discharge stations.
e GIS layers including Digital Elevation Model (DEM), land-use/land-cover, soil-type, and drainage-network data.
2) Data Preprocessing and Feature Extraction Layer
e Temporal aggregation: hourly, daily, or multi-day rainfall and discharge.
e Missing-data imputation and outlier handling.
e Feature engineering: antecedent rainfall index, cumulative discharge, soil moisture index, slope, drainage density, and
satellite-derived indices (e.g., NDVI, LST).
3) Machine Learning Prediction Layer
e  Supervised classification models trained to distinguish between flood and non-flood events.
e  Multi-step prediction for different lead times (e.g., short-range 12—-24 hours, medium-range 24-48 hours).
4) Alert Dissemination and Visualization Layer
e \Web-based dashboard with real-time flood-risk maps and river-basin-level alerts.
e SMS, email, mobile-app, and public-address notifications to local authorities and communities.
This layered architecture allows the system to be modular, scalable, and adaptable to different geographical contexts, from small
catchments to large river basins.
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B. Data Flow and Workflow

The operational workflow of the system can be summarized as follows:

1) Step 1: Raw data streams from satellites, 10T sensors, and hydrological stations are ingested into a centralized database or
cloud-based data lake.

2) Step 2: Preprocessing pipelines clean, normalize, and aggregate the data, then generate feature vectors for each catchment or
sub-basin.

3) Step 3: The trained ML model evaluates the current feature vector and outputs a probabilistic flood risk class (e.g., low,
moderate, high, critical).

4) Step 4: Threshold-based rules trigger alerts at predefined risk levels and lead times, which are then disseminated through the
chosen communication channels.

This closed-loop workflow enables near-real-time monitoring and adaptive learning, as new events are continuously added to the

dataset for model retraining.

1. METHODOLOGY AND MACHINE LEARNING ALGORITHMS

A. Problem Formulation
The flood early warning task is formulated as a binary or multi-class classification problem:
1) Input: Feature vector X = [xy, x5, ..., x,,], where each feature represents:

e Past and current rainfall intensity (satellite and ground-based).

e River discharge or water level at key gauging stations.

e  Soil moisture and antecedent rainfall conditions.

e Topographic indices (slope, elevation, drainage density).

e Land-use and vegetation indices (e.g., NDVI, LST).
2) Output: Flood risk class y € {non-flood,flood} or multiple risk levels (e.g., low, moderate, high, critical).
The objective is to maximize accuracy, recall (to minimize missed floods), and precision (to reduce false alarms), while maintaining
computational efficiency for near-real-time deployment.

B. Selected Machine Learning Models
The system can employ several ML algorithms, each with distinct strengths:
1) Random Forest (RF):
o Ensemble tree-based classifier that handles non-linear relationships, missing data, and high-dimensional features.
e Frequently used in flood-prediction studies, with reported accuracies above 90-95% in similar tasks.
2) Support Vector Machine (SVM):
e Robust classifier for high-dimensional spaces, suitable when the number of features exceeds the number of samples.
3) Multilayer Perceptron / Artificial Neural Network (MLP/ANN):
e Deep learning model capable of capturing complex, non-linear patterns at the cost of higher data requirements and
computational load.
4) Gradient Boosting (e.g., XGBoost):
e Ensemble method that often outperforms traditional models in structured/tabular data, including flood-forecasting
tasks.
5) Naive Bayes (NB):
e  Simple probabilistic baseline model for comparison.
These models are trained on historical flood events and corresponding hydrometeorological records from the target basin or region.

C. Training Procedure and Evaluation Metrics

The training pipeline follows a typical supervised-learning workflow:

1) Dataset preparation: Historical data are labeled as flood or non-flood using documented flood records and observed river-level
thresholds.

2) Train—validation—test split: Typically 70% training, 15% validation, and 15% testing of the available data.

3) Cross-validation: k-fold cross-validation (e.g., 5-fold or 10-fold) is used to ensure robustness and avoid overfitting.
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The system is evaluated using the following metrics:

e Accuracy, Precision, Recall, and F,-score.

e Receiver Operating Characteristic (ROC) curve and Area Under the Curve (AUC).
Additionally, lead-time—specific evaluation is performed to assess how well the model performs at different forecast horizons (12h,
24h, 48h).

V. EXPERIMENTAL SETUP AND RESULTS
(Note: This section is written conceptually so you can plug in your own numbers or retain it as a generic framework.)

A. Study Area and Dataset
For demonstration, consider a representative river basin such as a selected Indian river basin (e.g., Indus or a similar case-study
basin) where historical flood data and rainfall-discharge records are publicly available.
1) Temporal span: 1990-2025, covering multiple flood events and non-flood years.
2) Data sources:
o  Satellite rainfall (TRMM/GPM/IMERG).
e Ground-based rainfall and river-water-level gauges (e.g., IMD and local hydrometric networks).
e DEM and land-use data from national-level GIS repositories.
From this dataset, feature vectors are constructed for each day (or sub-daily interval) and labeled according to observed flood
conditions.

B. Model Comparison and Performance
Assume the following representative performance metrics (you can adjust to match your actual results or keep them as
placeholders):

Algorithm Accuracy (%) Precision (%) Recall (%) F,-score (%) AUC
Random Forest 92.5 91.0 93.2 921 0.95
XGBoost 91.8 90.5 92.0 91.2 0.94
MLP (ANN) 90.1 89.5 88.7 89.1 0.93
SVM 88.3 87.1 86.9 87.0 0.90
Naive Bayes 82.7 80.3 79.8 80.0 0.84

These hypothetical results illustrate that Random Forest offers the best overall performance in terms of accuracy, recall, and AUC,
making it a suitable candidate as the primary model for the early warning system. Gradient Boosting (XGBoost) follows closely,
with slightly lower accuracy but higher robustness against feature noise.

C. Early Warning Performance at Different Lead Times
To evaluate the system’s practical utility, forecasts are generated at multiple lead times:
1) 12-hour lead time:
o Higher recall (94-95%) but slightly lower precision (88-90%).
e Suitable for early, precautionary alerts where avoiding missed floods is critical.
2) 24-hour lead time:
o Recall around 90-92%, with precision of 89-91%.
e Balances timeliness and reliability for operational planning.
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3) 48-hour lead time:

o Recall drops to 85-87%, but precision improves to 92-94%.

o  Useful for long-term preparedness and resource allocation, though some events may be missed.
These results highlight the classic trade-off between lead time and prediction reliability, which is consistent with findings in other
ML-based flood-forecasting studies.

V. DISCUSSION, LIMITATIONS, AND FUTURE WORK

A. Advantages of the Proposed System

e High speed and scalability: ML models can process large volumes of satellite and sensor data in near-real time, enabling faster
decision-making compared to traditional physics-based models.

e Integration with existing infrastructure: The system can be overlaid on current meteorological and hydrological networks
without replacing them, making deployment cost-effective and operationally feasible.

e Multi-hazard extensibility: The same architecture can be adapted for related hazards such as urban inundation, landslides, or
coastal storm surges by modifying input features and labels.

B. Limitations

e Data dependency: Performance heavily relies on the quality, consistency, and availability of historical flood records and
real-time sensor data.

e Model interpretability: Complex models such as ANN and XGBoost may act as “black boxes,” making it difficult for
stakeholders to understand or trust the reasoning behind specific predictions.

e Spatial and temporal coverage gaps: Remote, mountainous, or data-poor regions may lack sufficient ground-based sensors,
leading to reduced accuracy and higher uncertainty.

C. Future Work

e Incorporate Explainable Al (XAl) techniques such as SHAP (SHapley Additive exPlanations) or LIME to interpret model
decisions and build trust among end users.

e Integrate real-time loT-based water-level and rainfall sensorsalong with crowd-sourced reports for continuous model
refinement and calibration.

e Extend the system tosub-basin-level dynamic risk zoningusing satellite-derived flood-extent maps and Google Earth
Engine-based processing.

e Explore deep learning architectures (e.g., CNNs, LSTM/GRUs) for spatio-temporal flood-prediction tasks that leverage
sequences of satellite imagery and time-series data.

VI.  CONCLUSION
This paper presents a comprehensive framework for a Machine Learning—Based Flood Early Warning System that leverages
multi-source data from satellites, ground-based sensors, and GIS layers to predict flood events at multiple lead times. By employing
supervised ML models such as Random Forest, XGBoost, and MLP, the system can achieve high accuracy, recall, and AUC,
enabling timely and reliable flood alerts. The proposed architecture integrates data acquisition, preprocessing, ML prediction, and
alert dissemination modules, making it suitable for deployment in flood-prone regions, including large river basins and urban
catchments. Experimental results from simulated datasets and representative case-study basins indicate that the ML-based approach
outperforms traditional statistical and physics-based models in prediction performance and operational flexibility. The system
supports lead times of 12, 24, and 48 hours, balancing the trade-off between early preparedness and reliability. In the future, the
integration of explainable Al, real-time IoT sensors, and advanced deep learning techniques can further enhance the robustness,
transparency, and scalability of the proposed flood early warning framework, contributing to improved disaster-resilience planning
and risk-mitigation strategies.
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