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Abstract

Floods are one of the natural hazards that occur in many parts of the world and
cause irreparable financial and human losses. The management of this crisis has
a significant impact on reducing these losses. One of the most important aspects
of controlling this crisis is accurately identifying flooded areas. Also, it is crucial
to predict flood-prone areas to prevent and reduce losses and casualties related to
flooding. In this article, the flood phenomenon in the images has been identified
and segmented with the help of Sentinel-1 satellite images and a deep learning
encoder-decoder network. These images belong to the regions of Nebraska, North
Alabama, Bangladesh, Red River North, and Florence, and the ground truth map
of each image, in which the target and non-target classes are shown as zero and
one, were provided by NASA in 2021. In this article, flood-affected areas have
been identified and segmented using encoder-decoder convolutional neural
networks and the aforementioned satellite images. Various criteria were used to
evaluate the performance of this method, including accuracy, loU, F1-Score, and
Kappa. Based on the results, this method has shown outstanding performance in
identifying and segmenting flooded areas. The loU obtained during the evaluation
process was 96.04%, which is higher than the highest loU obtained in other
comparable studies (76.81%). The metrics for other evaluation criteria, such as
Precision, F1-Score, and Kappa, consistently exceed the 95% threshold.
Additionally, our research introduces a comprehensive model aimed at
identifying flood-affected regions across various geographical areas, addressing
the challenge posed by the use of satellite images from distinct regions in both
the training and test datasets.

1. Introduction

Floods are hazardous natural disasters impacting the world and causing millions of fatalities. They are
the most impactful natural disasters globally, with a significant presence in the United States and
elsewhere. Floods result in severe financial losses and require timely prediction and assessment of
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flood-prone areas. They account for the most fatalities among natural disasters, with 47% of major
disasters in 2019 being flood-related. Climate change has contributed to global warming, increasing the
likelihood of floods due to rising temperatures and more intense rainfall. Floods can be sudden, riverine,
or coastal, with urban areas particularly susceptible due to population density. This research focuses on
riverine floods, as urbanization and climate change make these more common.

Accurate flood mapping is crucial for risk reduction and decision-making. Advances in remote sensing,
artificial intelligence, and deep learning have improved flood mapping, offering potential cost and time
savings. Synthetic-aperture radar (SAR) imaging has gained popularity for capturing images day and
night under various conditions. Studies have used remote sensing data and deep learning algorithms for
tasks like land use classification, real-time monitoring, flood volume estimation, modeling, detection,
and post-flood damage assessment to enhance flood risk understanding and management strategies.

2. Materials and Methods

Study area

The dataset used for the research was obtained from the ETCI 2021 NASA competition website. The
images in this dataset are obtained from five different regions: Bangladesh, Florence of Italy, Nebraska,
and Alabama in the United States, as well as Red River North, located on the border of the United States
and Canada. The study utilized 66,810 satellite images from the Sentinel-1 mission, with VV and VH
polarizations, in a dimension of 256x256 pixels. Labeling was performed for all these images,
distinguishing the flooded areas and water bodies using a value of 1, while other regions were assigned
a value of 0.

Proposed method

This paper discusses using an encoder-decoder neural network in image processing, particularly flood
detection. The network architecture is influenced by U-Net and SegNet models and employs 2D
convolutional blocks with batch normalization to prevent overfitting. It uses the ReLU activation
function to handle image data effectively. The network extracts features through an encoder path,
reconstructs them through a decoder path, and generates the final output (target and non-target classes)
using binary cross-entropy loss function.

The encoder path consists of five convolutional layers and employs a weighted loss function due to
differences in target and non-target pixels. Softmax activation is used in the final layer to normalize
output values. In the decoder path, features are reconstructed in four layers, and the Sigmoid function
is applied to generate the final output representing two classes. Model training utilizes the Adam
optimizer with a learning rate of 0.01.

3. Discussion and Conclusion

This study evaluates a deep learning model's performance for identifying flood-affected areas in satellite
images, specifically using Sentinel-1 images and a convolutional encoder-decoder neural network. The
model's training process includes assessing accuracy, loU, F1-Score, and Kappa on a test dataset.
Comparatively, previous methods on the same dataset had lower loU values, with the model in this
paper reaching an loU of 96.04%. The method effectively combines deep learning techniques, considers
image characteristics, applies suitable loss and activation functions, and fine-tunes parameters for
efficient flood identification and segmentation. It can be applied to various time intervals for flood
detection and prediction.
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