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Abstract:

Flood is a very common natural calamity in Bangladesh which disrupts millions of lives every year. This work presents
a deep learning-based model which maps flood area almost in real-time, using satellite pictures that work even in cloud
and rain. The model is trained with images gathered before and after flood through two satellites, Sentinel-1 and
Sentinel-2. The study has been done on flood events in Sylhet, Bangladesh during the 2023 monsoon season. Sentinel-
1 uses radar waves to detect waters smooth surface and Sentinel-2 captures color like green and near-infrared to spot
wet vegetation. Pre-flood and post-flood satellite images were pulled through Google Earth Engine and official flood
maps from Europe's emergency response team (Copernicus) were used for accuracy checks. The brain of the system is
UNet-based convolutional neural network which is implemented in PyTorch, and it learns by studying small patches
of satellite images paired with real flood outlines. The model was fine-tuned using a smart scoring system that rewards
it for overlapping its guesses with the real floods and optimized using a composite loss function combining Dice loss
and binary cross-entropy loss. The lightweight model and combined analysis of Sentinel-1 and Sentinel-2 makes the
approach novel. Performance evaluation indicates high segmentation accuracy with an overall accuracy of 96.4%, F1-
score of 0.83, and Intersection over Union (loU) of 0.84. The proposed system demonstrates strong potential for
scalable flood extent mapping using publicly available satellite data and deep learning techniques.
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1 Introduction

Floods are among the most frequent and destructive natural disasters, particularly in riverine regions, where they
disrupt lives and damage infrastructure (Hoque et al., 2011; Umar and Gray, 2023). Accurate and fast flood extent
mapping is crucial for disaster response. Open access Sentinel-1 and Sentinel-2 can give us high-resolution imagery
that is appropriate for monitoring flood-prone areas (Konapala et al., 2021; Bai et al., 2021). Sentinel-1's all-weather
Synthetic Aperture Radar (SAR) detects floodwater during foggy monsoon conditions, while Sentinel-2's multispectral
data helps distinguish between land and water (Kuc and Chormanski, 2019; Fadhil and Akhyar, 2023).

Recent breakthroughs in deep learning have demonstrated superior performance in segmenting satellite data for
waterbody and flood extent identification (Siddique et al., 2022; Ghosh et al., 2022). This paper narrates a deep
learning-based U-Net flood mapping pipeline that uses Sentinel-1 and Sentinel-2 data for near-real-time segmentation.
The model is trained and tested with 2023 monsoon flood data from Sylhet, Bangladesh.

This project aims to develop a rapid satellite-based system for mapping flooded areas by comparing pre- and post-
flood images to detect water level changes. The model is built on the analysis of both satellite data and yet is
lightweight. This is its novelty and sets the model apart from the existing models.

2 Literature Review

Early flood monitoring relied on SAR platforms such as RADARSAT combined with GIS and ground data. Hoque et
al. (2011) assessed flood impacts in Bangladesh, while Rodionova (2017) and Schlaffer et al. (2015) applied change
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detection on multi-temporal SAR imagery. These threshold-based approaches were effective but region-specific and
often noise-sensitive.

The launch of Sentinel-1 expanded semi-automated methods. Liang and Liu (2020) proposed local thresholding for
flood delineation, and Hlavacova et al. (2021) developed automated water detection from multi-temporal imagery.
Optical data from Sentinel-2 was also used for urban imperviousness mapping (Kuc and Chormanski, 2019) and multi-
source flood validation (Olthof and Svacina, 2020), showing the value of SAR-optical complementarity.

More recently, deep learning has dominated flood research. Konapala et al. (2021) highlighted the utility of Sentinel-
1 and Sentinel-2 diversity for inundation mapping, while Ulloa et al. (2022) used convolutional LSTMs for
spatiotemporal simulation. U-Net variants were widely adopted (Siddique et al., 2022; Lee et al., 2022; Ghosh et al.,
2022; Ghosh et al., 2024; Zortea et al., 2023), with extensions including nested architectures, CNN fusions (Andrew
et al., 2023), and DK-CO networks (Xie et al., 2023). Novel unsupervised methods such as variational autoencoders
(Yadav et al., 2024) have also emerged.

Fusion approaches broadened applications to urban and large-scale events. Bai et al. (2021) fused Sentinel-1 and
Sentinel-2 for distinguishing temporary and permanent water, while Chen et al. (2024) analyzed Pakistan’s 2022
floods. Ghasemian et al. (2024) applied Siamese networks for urban flood mapping, and Mason et al. (2023) examined
SAR scattering relative to building orientation.

Overall, the literature reflects a shift from threshold-based methods to deep learning and multi-sensor fusion. However,
most works are region-specific and rely on heavy models. There remains a need for lightweight, generalizable
frameworks leveraging Sentinel-1 and Sentinel-2 fusion for rapid flood mapping, particularly in data-scarce and
disaster-prone regions like South Asia.

3 Methodology

A fusion of Earth Observation (EO) data from Sentinel satellites and deep learning-based image segmentation are used
in the methodology. The workflow is systematically divided into stages:

Data Collection Preprocessing
Sentinel-1 SAR & Sentinel-2 ———m  Radiometric Carrection .
(Google Earth Engine) Speckle Noise Reduction Evaluation
loU and F1-Scare
Mask Aligll[IlEll[ Patch Generation o | UNet Mode! Training
Ground Truth Masks | 2564256 Image-Mask Pairs (Pytorch)

Copernicus EMS Flood Maps e Flood Extent Maps

Predicted Outputs

Figure 1. Methodology Flow-chart.

3.1 Study Area and Timeframe

The chosen region for this research is Sylhet, a northeastern district of Bangladesh that is particularly susceptible to
monsoon-driven seasonal flooding. Two specific windows were selected to study change detection between dry and
inundated conditions. The pre-flood window spans from January 1 to January 15, 2023, representing the dry season
baseline, while the post-flood window covers June 1 to June 15, 2023, corresponding to the peak monsoon period. This
temporal separation allows for effective identification of flood-induced changes in the landscape, especially when
analyzing radar backscatter characteristics.
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2.(a) Study Area from Google Earth Engine 2.(b) Flood Mask Overlay
Figure 2. Study Area satellite analysis.

These images depict map views of the Sylhet, Bangladesh region during the 2023 monsoon flood analysis. Blue
bounding boxes outline the study area, enabling side-by-side comparison of terrain changes. The colorful RGB
imagery is from Sentinel-2 and grayscale radar backscatter is from Sentinel.

3.2 Satellite Image Acquisition Using Google Earth Engine

Flood mapping was performed on Google Earth Engine using Sentinel-1 SAR and Sentinel-2 optical imagery. Sentinel-
1 uses radar waves that cut through clouds and rain(Liang and Liu, 2020; Hlavacova et al., 2021). Temporal mean
composites reduced speckle, and flood extent was extracted from the VV backscatter difference between pre- and post-
event images using a—3 dB threshold (Schlaffer et al., 2015; Siddique et al., 2022). Sentinel-2 Level-2A data provided
RGB visualization (bands B4, B3, B2) after cloud removal via QA60.

Sentinel-1 SAR sends microwave pulses and records the backscatter signal. Smooth water surfaces return low
backscatter, while land, vegetation, and buildings return high backscatter due to surface roughness. Pre-flood and
post-flood SAR images were compared pixel by pixel:

A Backscatter = PostFlood — PreFlood €Y

A sharp drop in backscatter values usually indicates the presence of water or flooded zones, whereas a strong increase
may point to debris or sediment deposits. In urban areas, a change from high to low backscatter often indicates
inundation or damage, while in agricultural regions, a shift from medium to low backscatter generally suggests crop
loss. Since Sentinel-1 is all-weather, cloud cover did not block flood detection. Sentinel-2 records reflected light in
visible, NIR, and SWIR bands. Floodwater appears dark in NIR/SWIR, healthy vegetation is bright in NIR, and bare
soil varies but is often brighter in SWIR. Two indices were used:

Normalized Difference Water Index (NDWI) for water detection:

NDWI = Green — NIR )
" Green + NIR

Normalized Difference Vegetation Index (NDVI) for vegetation health:

NDWI = NIR — Red 3)
" NIR + Red

When comparing the pre- and post-flood index maps, a drop in NDV I together with a rise in NDW1 indicated vegetation
that had been lost to flooding. Areas showing high NDWI values only in the post-flood image were identified as newly
flooded, while a drop in NDVI within agricultural zones suggested significant crop damage.

The Sentinel-1 flood map was used to mask Sentinel-2 data, isolating only affected land cover types. This allowed
classification of damage severity (e.g., 0 = unaffected, 1 = partial loss, 2 = complete loss). The combined approach
identified both where flooding occurred and what was affected (urban, agricultural, or forested areas), providing a

detailed picture of flood impacts.
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3.3 Data Preprocessing and Feature Engineering

After exporting GeoTIFF files, data were processed in Google Colab. Raw SAR values were radiometrically calibrated
to decibels using:

10.log,o(pixel + 1 x 10710) (4)

ensuring numerical stability and interpretable backscatter values. Images were then normalized to the [0, 1] range to
support stable deep learning training. Three input channels were constructed: VV and VH bands from pre-flood
imagery, and the VV/VH ratio to enhance flood-water discrimination. All GeoTIFF files were verified for readability,
spatial consistency, and completeness, preventing downstream errors during model training.
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Figure 3. Pre and Post flood image analysis.

The pre-flood VH image (Jan 2023) captures the dry season with varied terrain and forests showing moderate
backscatter and no major water bodies. The post-flood VV image (Jun 2023) reveals widespread dark patches
indicating flooded lowlands and rivers, as water returns weaker radar signals. The post-flood VH image shows a similar
pattern under cross-polarization, highlighting vegetation—water interaction and confirming inundation. The pre-flood
VV image serves as a dry-season baseline, overlaid with a red—blue mask of down-sampled historical floods marking
vulnerable areas. Histograms of radar signal strength (in dB) show pre-flood peaks around —10 to —15 dB, typical of
dry land and vegetation, while post-flood plots exhibit broader spreads and more negative values due to water coverage.
For efficient model training and reduced memory use, all images were divided into 256 x 256 pixel patches via a
sliding window with padding to ensure complete spatial coverage.

3.4 Deep Learning-Based Segmentation Using U-Net

Flood segmentation was performed using a U-Net model (Ronneberger et al., 2015) implemented via segmentation-
models-pytorch. The encoder backbone was ResNet34 pretrained on ImageNet, improving feature extraction and
training efficiency (He et al., 2016). Three-channel SAR composites were input, and the network produced binary
flood masks.

Training used Binary Cross-Entropy (BCE) with optional Dice Loss to address class imbalance and sharpen
boundaries. Performance was evaluated with Intersection over Union (loU) and F1 Score on a validation set, while
qualitative overlays of predictions on radar imagery supported visual assessment.
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4 Results and Findings

The U-Net (ResNet34 encoder, 3-channel SAR input) converged within 10 epochs, with validation Dice improving
from 0.41 (epoch 1) to 0.74 (epoch 10) following a learning rate drop. On the held-out validation set, the model
achieved overall accuracy of 96.4% and mloU of 0.84, with flood class performance of F1 = 0.83, loU = 0.71.
Precision-recall analysis shows strong recall with a modest false-positive rate (~3.6
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Figure 4. Model Precision. Figure 5. Model Prediction. Figure 6. Confusion Matrix.

The precision-recall curve remains close to the top-left corner, indicating consistently high precision and recall, and
showing the model’s strong ability to distinguish flooded from non-flooded areas. The sample predictions
demonstrate close alignment between the predicted flood masks and ground truth labels across varied terrain,
confirming accurate spatial detection of inundated regions. The confusion matrix shows a large number of correctly
classified pixels and minimal false predictions, highlighting the model’s high reliability and balanced performance.

Table 1. Comparisons of model performances

Study Data Used Model loU F1 Remarks
Siddique et Sentinel-1 (VV, VH) U-Net 0.73 0.79 Region-specific, limited
al. (2022) generalization
Leeetal. Sentinel-1 (VV) U-Net 0.70 - Baseline for radar-only
(2022)
Bai et al. Sentinel-1 + Sentinel-2 Deep Fusion DL 0.80 - Uses Sen1Floods11 benchmark
(2021)
Ghosh et al. Sentinel-1 DeepLabV3+ 0.75 - Shows CNN variants help
(2022)
Our Work Sentinel-1 (VV, VH, U-Net (ResNet34 ~ 0.84  0.83  Better generalization and near-
(2023) VV/VH ratio) + optional backbone) real-time capability
S2 for visualization
Ghosh et al. Sentinel-1 Nested U-Net 0.85 - Heavy model, high compute cost
(2024)

Our proposed U-Net model with a ResNet34 backbone s lightweight and achieves higher loU and F1 scores,
demonstrating better generalization and near—real-time applicability compared to previous works.

5 Conclusion

This study successfully developed an automated system for mapping flood-affected areas using satellite imagery and
deep learning. By comparing pre- and post-flood images from Sentinel-1 and Sentinel-2, the U-Net model accurately
detected changes in water levels, meeting the main objectives of identifying flooded regions and testing system
efficiency. The model achieved strong performance showing it can reliably detect floods almost in real time using
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freely available satellite data. However, accuracy may still be limited by the lack of ground-level data, challenges in
urban or mixed land cover, and the unavailability of satellite images exactly at peak flooding. Future improvements
include real-time deployment during flood events, integration of ground reports and rainfall data for better accuracy,
and broader testing across different regions. Developing lightweight mobile or web applications could make this system
more accessible, helping communities and response teams react faster and improve flood preparedness.
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