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Abstract: Our world is increasingly challenged by managing the impacts of natural disasters, particularly floods,
which are frequent, dangerous, and costly. Traditional flood mapping methods, reliant on Optical satellites
(MSI), struggle under cloud cover which is typical during such events. Synthetic Aperture Radar (SAR) offers a
promising alternative with its cloud-penetrating capability, though its use has been limited due to complexity and
data labeling challenges. This project aims to develop a SAR-based flood segmentation model that can rapidly
and accurately map floods globally, with high adaptability to different flood types and regions. By utilizing deep
learning and a novel transfer-learning technique that combines the strengths of Optical/MSI and SAR data, the
model seeks to bypass the challenges of manual labeling and improve mapping accuracy. Initial results show
the model’s effective generalization across various flood events, with superior performance indicated by an
Intersection over Union (IoU) of 0.72, outperforming existing methods and demonstrating promising capabilities

in precise flood mapping.

Keywords: sar; flood; flood segmentation; msi; transfer learning

1. Introduction

Floods are increasingly threatening due to climate change, posing significant risks to lives,
property, and infrastructure [1]. Effective flood mapping, crucial for disaster response, necessitates
rapid and precise techniques. Preventive and emergency measures are essential for mitigating flood
impacts [2]. Satellite data, particularly from Multi-Spectral Imaging (MSI) and Synthetic Aperture
Radar (SAR), play a key role in near real-time flood mapping, aiding effective decision-making. While
MSI usability is limited by cloud cover, SAR can penetrate clouds, providing reliable data even in
adverse weather conditions. When it comes to Deep Learning, the application of SAR in flood mapping
remains limited due to data scarcity and high costs of manual labelling. Our project aims at developing
an automated, reliable flood mapping model using SAR, enhanced by MSI through an innovative
transfer-learning approach. This model seeks to deliver accurate flood maps across multiple regions
and under various conditions to improve disaster response capabilities.

In recent years, Synthetic Aperture Radar (SAR) polarimetric data has been a valuable tool in
the field of flood mapping due to its unique capabilities and advantages. SAR operates by emitting
radar signals towards the Earth’s surface and measuring the return signals (process known as backscat-
tering) [3]. While traditional optical sensors, using visible light, can be interpreted by human eyes,
SAR requires a different mindset. Objects on the Earth’s surface scatter the radar signals in different
ways based on the object’s dimension, shape and material, allowing to differentiate various types of
terrain and objects [3]. Water, with its high dielectric constant, tends to scatter all incoming radiation
in a specular direction [4] when the surface is flat. This typically results in very low backscattering
signals from such areas, a characteristic that is particularly useful for mapping floodwaters over
non-flooded areas using SAR intensity images. In our project we will make use of the ESA Sentinel-1
constellation from Copernicus, which is an European Union program aimed at monitoring the Earth.
Our focus will primarily be on the intensity features of the imagery, for which we will exclusively
use the Ground Range Detected (GRD) products from the Sentinel-1 mission. GRD products are
pre-processed images which are lighter and do not include phase information, but they retain the
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intensity feature, which is crucial for differentiating between water and land surfaces [5]. Historically,
most SAR applications for flood segmentation have been using statistical thresholding to discriminate
between water and non-water pixels [6], [7]. Only recently, with the advance in Machine Learning
(ML), new models are increasingly being adopted [8]. Among these, Convolutional Neural Networks
(CNNSs) are particularly prominent for image recognition tasks, offering significant improvements over
traditional threshold-based methods for flood segmentation. Unlike threshold approaches that rely
on individual pixels, CNNs consider the context provided by neighboring pixels. We will explore the
details of these advancements in the subsequent sections.

1.1. Thresholding

Numerous flood models in the literature have been using thresholding techniques like Otsu
thresholding [9] to differentiate water from land surface, which in contrast has an higher backscatter
signal; Otsu thresholding in simple terms, finds the best thresholding value to separate the two
distributions. However, this is not always possible, in fact in some cases, the two distributions are
indistinguishable and are mixed in one single bell curve; in such cases the Otsu method fails to detect
the optimal threshold. Many approaches try to solve this problem by applying local thresholding
techniques [10]; in [11] an iterative algorithm searches for tiles of variable sizes to find a local threshold
that can better distinguish the distributions of the two classes. These methodologies have been widely
used, but they struggle in challenging areas where the backscatter values resemble those of water such
as asphalt, dry regions, radar shadows, or ice and snow, which in turns gives many false positives [12].
To account for the cases where the thresholding approaches fail, recent approaches exploit spatial
information of adjacent pixels [13]. In SAR images, neighbours pixels often exhibit similar values,
the spatial information refers to the information that can be gathered by exploiting adjacent pixels
to distinguish structure, texture, and features present in the image. In the next section we will delve
into deep learning models and see how they can exploit the spatial information to better delineate
flood areas.

1.2. Deep neural networks

Deep learning models have become more and more popular nowadays and are constantly evolv-
ing. They are also increasingly being applied in recent research, including for tasks such as flood
segmentation. Notably [8] does an overview of existing deep learning methods for flood segmentation,
and it suggests the preference towards specific model architectures based on their “inductive biases”.
The inductive bias refers to the set of assumptions a learning algorithm makes or is expected to make
to predict outputs (labels) based on inputs (features). Based on the assumption that in flood analysis,
SAR data often exhibit spatial correlations between adjacent pixels, NN (Neuronal Network) layers
can be configured to exploit these data structures, by introducing constraints on the connections and
interactions between inputs and outputs and favouring certain model architectures over others [8].
One way to exploit spatial information is the use of a convolutional layer, which is the core component
of Convolutional Neural Network (CNN).

1.2.1. CNN (Convolutional Neural Network)

Convolutional Neural Networks (CNNs) are a type of model in the field of deep learning,
particularly useful at processing data with a grid shape, such as images. Central to CNNs are
convolutional layers, which exploit spatial information by capturing the local relationships among
pixels through the use of filters. In a convolutional layer, traditional neuron weights are replaced with
filters. These filters compute new values for each pixel by considering the local relationships with
its neighbors.
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Figure 1. Illustration of the convolutional operation, visualized through a 3x3 kernel applied to an
input image, that produces a feature map highlighting detected patterns. This process, core of CNNs,
enables the network’s to automatically learn spatial relationships of features [14].

The architecture is designed to progressively abstract higher-level features from the raw input in
the initial layers to more abstract representations in deeper layers, making CNNs particularly powerful
for tasks like image classification.

Fully

Convolution Connected

Input
[

Feature Extraction Classification

Figure 2. Abstract view of a CNN architecture for classification tasks. Following convolutional and
pooling layers, the network typically ends with fully connected layers that integrate these learned
features into predictions or classifications, outputting a one-dimensional array corresponding to the
classes [14].

1.2.2. Segmentation models: An Overview

The standard CNN architecture can’t be directly used for image segmentation. In fact, as shown
in Figure 2 the fully connected layers link the pooling layers to a 1D output, which loses spatial
context. To retain the spatial context in the output layer, other segmentation specific architectures
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have been proposed in the literature. The Fully Convolutional Network (FCN) introduced in [15]
utilizes pre-existing CNN architectures designed for classification tasks (such as AlexNet, VGG, etc.).
These architectures are adapted into fully convolutional networks and their learned representations
are transferred to the segmentation task through fine-tuning. FCNs introduced the idea of replacing
fully connected layers with convolutional layers, to produce pixel-wise predictions for segmentation.
The architecture consists of an encoder path, which downsamples the input image to extract features,
and a decoder path, which upsamples the features to produce the segmentation map. FCNs have been
effectively applied in tasks such as flood segmentation, as demonstrated in [16].
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Figure 3. Architecture example of a CNN for image classification and its equivalent FCN architecture
with the same backbone for semantic segmentation. KKCs = 4 refers to the number of output classes
(channels) probabilities for pixel wise predictions. We can see that in the FCN, the fully connected
layers are replaced by convolutions to produce pixel-wise predictions [17].

In 2015, a novel paper [18] proposed the U-Net architecture which builds upon the ideas intro-
duced by FCNs but adds the concept of skip connections. The idea behind it is that each encoder
and decoder layer is symmetrically linked with a skip connection, that is achieved by concatenating
the output from encoding layers to corresponding decoding layers. The goal was to provide a more
detailed segmentation mask by exploiting global and local features of an image. This concept, initially
proposed in [18], was further reproposed a few months later by a new model architecture called
ResNet (Residual Nets) [19]. ResNet builds upon the concept of skip connections from Unet [18] but
approaches it from a different angle. ResNet [19] solves a common issue encountered in deep neural
networks: as the network gets deeper with more layers, the gradient (used to update the weights
based on the error) diminishes significantly during backpropagation, leading to difficulties in updating
the weights of earlier layers. This is known as the gradient vanishing problem. Recent advances in
segmentation combine the power of ResNet deep features extraction into the Unet Encoder, which
significantly improve the segmentation performance. This hybrid architecture has been applied for
sea-land optical segmentation in [20], demonstrating that replacing ResNet into the Unet architec-
ture significantly improves feature representation. This enhancement, together with fully connected
Conditional Random Fields (CRFs) as post-processing predictions refinement, leads to more accurate
delineation of coastlines and better-preserved regions in sea-land segmentation tasks as shown in [20].
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1.2.3. Conditional Random Fields (CRFs) in Segmentation

Conditional Random Fields (CRFs) have been widely used as a post-processing technique to refine
segmentation results. Initially developed as a probabilistic framework for segmenting and labelling
sequential data [21], CRFs were later adapted into fully connected CRFs to address the challenges of
semantic segmentation. However, the widespread adoption of fully connected CRFs was slowed down
by the computational demands of their inference processes. The scenario changed with the introduction
of an efficient inference algorithm shown in [22], making fully connected CRFs more efficient and
viable for practical use especially as a common technique for post-processing in segmentation tasks.
By modelling the spatial dependencies between pixels, CRFs improve the coherence and accuracy of
the segmentation output, particularly in distinguishing between closely related classes and preserving
boundary definitions. Their application, combined with advanced neural network architectures like
U-Net and ResNet, represents a comprehensive approach to tackling complex segmentation tasks
with improved precision. Notably in [20], it is demonstrated that the use of CRF as a post-processing
stage enhances the segmentation predictions results. In our research, we adopt the U-Net architecture
integrated with an encoder block derived from the ResNet encoder. Furthermore, our exploration will
include the application of CRFs, in alignment with current trends indicated in the literature.

1.3. Unsupervised models for flood segmentation

The complexity and cost of data retrieval, preprocessing, and manual labeling make building a
new dataset from scratch difficult, emphasizing the need for unsupervised approaches. To address
these current dataset limitations, several papers have proposed self-supervised or fully unsupervised
techniques for flood segmentation. These approaches eliminate the need for manually labeled datasets,
which are expensive, labor-intensive and not always accurate.

1.3.1. Fully Unsupervised Learning

CLVAE [23] proposed an unsupervised model based on change detection to detect floods, which
is reported to achieve an Intersection Over Union (IoU) of 64.53%. Their architecture is composed of a
Variational Autoencoder (VAE) with a Contrastive Learning loss to automatically extract and learn la-
tent distributions from images. The model is trained on mixed patches of floods from Sen1Floods11 [24]
and MMFlood [25] dataset. Their approach is to apply a VAE model to both pre- and post-flood images,
and compute the difference on their latent distributions. Then, based on a manually selected threshold,
the flood over non-flood pixels are classified. Although this approach solves the need for labels, it
comes with some limitations. The VAE architecture is traditionally designed to extract latent distribu-
tions of entire images, presenting challenges when applied for pixel-level segmentation tasks. Since
it’s unpractical to apply the VAE model to single pixels, their proposed solution involves utilizing
extremely small patch sizes of 16x16 so that the classification is conducted in these entire blocks of
16x16 pixels. This approach inevitably results in the loss of valuable spatial information, which is
reportedly addressed by Reflective Padding [23]. Additionally, because the model isn’t specifically
fine-tuned for any task after its initial unsupervised training, their technique might identify various
changes, not necessarily changes from no flood to flood.

Even though fully unsupervised classification techniques are gaining popularity, there remains a
significant gap in their application for unsupervised pixel-level tasks for semantic segmentation.

1.3.2. Semi-Supervised Learning

Other approaches rely on semi-supervised learning. To solve the problem of large unlabelled
dataset, [26] uses an ensemble of models in a cyclical approach. The dataset used is from the Emerging
Techniques in Computational Intelligence (ETCI). An U-net model is firstly trained on a small set of
labelled data. The model is used to produce pseudo-labels from the large unlabelled data. In a second
stage, an ensemble of Unet and Unet++ models are trained from scratch both on the first labelled
data and pseudo-labels generated from the previous step. The training cycle is repeated until the
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performance improvement plateau. Their segmentations are then postprocessed with CREF, In line with
the previously cited paper [20]. They report to achieve an IoU of 0.68 on the first round of iteration and
an IoU of 0.76 at the end of the iterative training. However, this method presents several challenges.
Their hold-out test set contains only patches from a single flood event in Florence, Italy, and has yet to
be tested in other regions, therefore it’s still unclear its performance and generalization on different
regions. Furthermore, their iterative method repeatedly uses the predictions from the previous model
as ground truth, therefore there isn’t sufficient evidence that these pixels are accurately classified since
they still originate from the same model predictions.

1.3.3. Transfer Learning

While the earlier method faces limitations in terms of the need for manual annotations and the
potential inaccuracies in the pseudo-labels. DeepAcqua [27] eliminates the need for manual annotations
by employing a teacher-student model, where the Normalized Difference Water Index (NDWI) from
paired Optical images serves as the teacher to automatically generate labelled data for training the
SAR model (“student”). This approach avoids the reliability issues associated with pseudo-labels
since it does not rely on the same model predictions for generating training data. Instead, it relies
on the accuracy of a distinct mathematical index derived from another satellite, Sentinel-2 (Optical).
However, it’s worth noting that their methodology is not exclusively applied toward flood-related
tasks but rather is focused to wetlands in general. Our approach is built upon an expansion of this
methodology. Instead of utilizing the NDWI index as the teacher model, we directly incorporate the
water classifications offered by Copernicus in Sentinel-2 Optical bands. Specifically, we leverage the
Scene Classification Layer (SCL) [28], which has demonstrated superior accuracy in detecting water
compared to the standard NDWI, to train the SAR based model.

1.4. Novelty

We introduce a novel framework aimed at improving flood mapping capabilities through the
combined use of SAR and MSI. SAR, known for its ability to penetrate cloud cover, can provide
reliable acquisitions when optical satellite (MSI) data are not available. At the core of this project
is the development of a novel transfer-learning framework that exploits the more precise MSI or
Optical modality to transfer knowledge to SAR models. Inspired by previous studies we adopt a
teacher-student model, similar to DeepAcqua [27], but using Scene Classification Layer (SCL) instead
of the Normalized Difference Water Index (NDWI). Specifically, our framework incorporates the U-Net
architecture with ResNet encoder blocks. Moreover, recognizing the limitations of current datasets and
the challenges in manual labeling, we train our model on a new dataset, consisting of both floods and
water regions. This dataset covers a variety of regions worldwide, ensuring the generalization of our
model across different geographical and environmental scenarios.

2. Materials and Methods

2.1. Dataset Creation

The Copernicus Programme, through Sentinel satellites, provides free access to satellite data,
including Sentinel-1 SAR data. Pre-processing steps are necessary to improve image quality. The article
in [29] discusses the challenges and necessary steps involved in preprocessing Sentinel-1 Ground
Range Detected (GRD) data. MMFlood [25] uses the Sentinel Hub API, which aggregates multiple
satellite data, enabling real-time processing and access to specific AOIs within seconds, thus avoiding
extensive preprocessing.

A significant challenge in building the training dataset is the precise and reliable delineation
of flood areas, as most flooded pixels are usually selected manually or adjusted based on operator
knowledge. The Sen1Floods11 dataset [24] comprises Sentinel-1 and Sentinel-2 data, with 446 labeled
512x512 chips covering 11 flood events, but it does not consider various flood types and relies on
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human intervention, introducing potential errors. MMFlood [25] uses the Copernicus Emergency
Management Service (EMS) to retrieve flood delineations in vector files for their dataset, consisting of
8,522 labeled 512x512 patches from Sentinel-1, covering 95 flood events globally. EMS has operated
since 2021, providing maps for environmental disasters based on a closed-source algorithm and then
reviewed by humans, but their labels are not always accurate.

Following the approach in [25], we use the Sentinel Hub API to directly obtain satellite products.
We then pair Sentinel-1 and Sentinel-2 images to create a new dataset, SAR-Optical, for training our
model. Since the dataset only contains uni-temporal flood and permanent water patches, we create a
new dataset derived from the MMFlood dataset [25], enhanced with pre-flood images, which we call
MMFlood-CD (change detection). This will be used to qualitatively assess the model performance on
flood events through change detection.

2.1.1. Images Acquisition and Preprocessing

With the use of Sentinel Hub API, we can specify the pre-processing steps directly in the pa-
rameters of the requests. In our experiments we use Ground Range Detected (GRD) imagery, which
preserves signal amplitude while eliminating phase information and reducing speckle noise through
multi-look processing [29]. All the images are provided with a spatial resolution of 20 m and a
pixels spacing of 10 m, and have a 32-bit floating point precision. As per preprocessing steps, we
apply calibrations and thermal noise removal as outlined in the standard workflow proposed in [29].
Moreover, we apply Radiometric Terrain Correction (RTC) and Orthorectification using the MapZen
Digital Elevation Model to more accurately geocode the images. We purposely avoid applying speckle
filtering, based on the hypothesis, aligned with the findings of [25], that CNNs models inherently
possess the capabilities to smooth images to extract relevant information.

SAR Optical
Preprocessing Preprocessing
Steps Steps

Sentinel-1 GRD Sentinel-2 L2A

(CEEIRE )] (Sentinel Hub)

Apply Orbit File Scene Classification
Layer Band (SCL)

Thermal Noise Bounding Box Emergency

Removal Selection Management Service

Y y

Border Noise Removal Sentinel-2 L2A
¢ (SCL band)

Calibration

'

Radiometric Terrain MapZen Digital

Correction Elevation Model
Orthorectification ,Q
Bounding Box Emergency ]
Selection Management Service

Sentinel-1 GRD
(gamma0_terrain)

Figure 4. Summary of the preprocessing steps involved to prepare the GRD and Optical products
applied directly in Sentinel Hub. The API accounts for both data retrieval and preprocessing.
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2.1.2. SAR-Optical

The SAR-Optical dataset contains paired SAR and Optical patches, and it is used to train the
SAR model using the Optical ground truth. The image pairing was not straightforward, since it’s
unusual to have both Optical and SAR images taken on the same day, we made sure that the Optical
image acquisitions were taken within a maximum of three days after the flood event. This is a good
compromise that allows a balanced number of samples while accounting for rapid changes in floods.
Clouds may obstruct the regions of Interest (ROIs), therefore we selected only those that don’t have
clouds and that have at least 0.01% of water pixels. The Optical ground truth is derived from the
SCL layer contained in the Sentinel-2 L2A Optical product, provided directly by Copernicus. Their
layer automatically classifies various land covers such as water, land, clouds, etc., and is consistently
updated. We extracted only the water classification from this layer to generate a binary raster image
that marks pixels as 1 where water is present and 0 where it is not. Unlike the approach taken by
DeepAcqua [27], we opt for the SCL layer as it presents a more reliable alternative to the NDWI
calculation, which can occasionally miss water regions.

Optical Image

SAR-Optical
Dataset

Figure 5. The paired Optical and SAR image, to facilitate the understanding of the SAR-Optical dataset
structure. The dataset contains paired Optical and SAR images. The Optical image contains the SCL
band from Sentinel-2 mission, Copernicus. This band provides a classification of the water extent
which will be used as ground truth to train the SAR model.
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2.1.3. MMFlood-CD

The MMFlood-CD dataset contains the same flood events delineations and naming conventions
of MMFlood dataset [25], with the addition of pre-flood images. This dataset is utilized solely for a
qualitative visual comparision of our SAR model with the EMS ground truth, included in MMFlood-
CD. Given that the objective of the SAR model is to detect water, regardless of it being floodwaters or
permanent water, we take advantage of both pre- and post-flood images and use a change detection
module to detect flood. A more detailed explaination of this process can be found in Section 2.5.

MMFlood-CD

SAR Post-Flood Image SAR Pre-Flood Image

=%

Figure 6. Diagram to facilitate the understanding of the MMFlood-CD (CD stands for change detection)
dataset structure. The dataset contains the same flood events delineation from MMFlood but with
the addition of pre-flood. It also contains the EMS ground truth, that will be used just to qualitatively
compare our model with their performance

In the following table a summary of the 3 datasets discussed in the previous sections with a
comparison highlighting the differences.

Table 1. Dataset Comparison.

Dataset N.Events Ground Truth Pre-Flood Images Labels

MMFlood 1,748 EMS No Flood

MMflood-CD 1,748 EMS Yes Flood
SAR-Optical 823 SCL Optical No Water and Flood

2.2. Training Pipeline

The task of flood delineation involves categorizing each pixel within an image as either flood
or non-flood (background). Specifically, we define a collection of image pairs, x, where each pair, xs,
consists of SAR images with uniform dimensions H x W. These images are paired with corresponding
labels, y € Y, also of the same dimensions, derived from optical images that serve as the ground truth.
For every pixel i, its label y; can be either 0 or 1, with 0 indicating non-flood (background) regions
and 1 indicating flood-affected areas. The goal of binary segmentation training is to develop a model,
fo, parameterized by 6, which accurately predicts flood pixels across the image, mapping the input,
SAR image, to a corresponding label, fp : X — REXW Here, RHXW denotes the output of the model,
represented by a matrix of size H X W containing the raw scores (logits). These scores are subsequently


https://doi.org/10.20944/preprints202406.1541.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 July 2024 d0i:10.20944/preprints202406.1541.v2

10 of 25

converted into probabilities using a SoftMax function. Further details on SoftMax functionalities can be
found in Section 2.5. The model is trained on the labels from the SAR-Optical dataset, which contains
SAR images paired with the Optical ground truth. The Optical SCL Layer transfers the knowledge
to the SAR model through a weighted cross-entropy function that minimizes the difference in the
distributions of the two models output, making the SAR model predictions as close as possible to the
Optical one.

Optical Image Optical Prediction
- ’

Teacher Model

Input [ Optical Qutput
| Model ;
* Ground Truth for
SAR Model
SAR-Optical Cross-Entropy
Dataset L Loss
SAR Prediction

Fagr Ty

Student Model

Input [ sar ' Output
| Model |

Figure 7. Diagram of the training pipeline. The SAR model is trained on the paired SAR-Optical
dataset. The predictions generated from the Optical Model are used as ground truth for the SAR Model,
with the use of a Cross-Entropy Loss function.

2.2.1. Loss Functions for Data Imbalance

We observed a significant imbalance with a water-to-land ratio of 1:11. To tackle this imbalance
without altering the dataset with down sampling or up sampling techniques, we opted for specific
loss functions that mitigate this issue by adjusting the weights between water and non-water classes.
We explored two specific loss functions for this purpose: Focal Tversky Loss [30] and Weighted
Cross-Entropy Loss.

Weighted Cross-Entropy Loss

The Weighted Cross-Entropy Loss is an adaptation of the standard Cross-Entropy Loss, introduc-
ing a weighting factor to account for class imbalances. This is particularly useful in datasets where one
class is significantly more frequent than the other, which can lead to a model bias towards the majority
class. The weighted version is defined as:

N
Weithed Cross Entrophy Loss = — Y _ w; - y; - log(p;) (1)
i=1

Here, w represents the weight assigned to the positive class. This weight is typically set inversely
proportional to the class frequencies, meaning that a higher weight is assigned to the less frequent

class. This adjustment aims to amplify the loss contributed by the minority class, encouraging the
model to pay more attention to correctly classifying these instances.
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Focal Tversky Loss

In our experiments, inspired from previous studies [25], [31] we also explored the Focal Tversky
Loss [30], which unlike the traditional Cross-Entropy Loss, aims directly at optimizing the Intersection
over Union (IoU) score, aligning closely with our segmentation objectives. The Focal Tversky Loss is
defined as: :

FTL=(1-TI)" )

Here, T1 represents the Tversky index, and < is a modulating factor parameter that diminishes the
influence of easily classified examples, thereby making the model focus more on hard to classify
examples. The Tversky index T is a generalization of the IoU metric that introduces two parameters, «
and S, to control the relative importance of false positives and false negatives. Specifically, is given by:

TP

= T p rarP+ pEN

®)

In this formula, TP, FP, and FN stand for true positives, false positives, and false negatives, respectively.
This loss is specifically designed to account for the imbalance in the labels, in this case between water
and non-water classes, by applying a dynamic balancing mechanism. The weighting factor « € [0, 1] for
water and 3 for non-water moderates the significance of respective pixels, with a higher « emphasizing
water pixels

2.3. Model Architectures

We investigated various model architectures to establish benchmarks. Our approach involved
testing different combinations of encoders and decoders to assess their efficiency. Initially, we assessed
the performance of U-Net with its standard encoder. Subsequently, we experimented by replacing the
U-Net encoder with other backbones encoders similar to those described in [25], [27]. Alongside the
U-Net decoder, we assessed various encoders, with ResNet-50 exhibiting superior performance. A
detailed comparison of these models is provided in Section 3.1. In our implementation of the Unet
with the ResNet-50 encoder, we use batch normalization to consistently accelerate the convergence of
deep networks [32]. ReLU activation functions are employed within each residual block, alongside
the skip connections that add the input of each block to its output. This mechanism facilitates more
direct flow of gradients, as detailed in Section 1.2.2. The encoder part of our U-Net, which uses
the ResNet backbone, progressively down-samples the input image, capturing increasingly abstract
representations of the data at different scales. Each stage in the ResNet-50 encoder corresponds to a
specific feature map size and depth, with the number of filters doubling as the spatial dimensions
halve, starting from 64 filters in the first stage to 2048 filters in the final convolutional stage. This
approach expands the search space and improves the network’s learning ability, resulting in an
increase in trainable parameters. For the U-Net with ResNet-50 architecture, this amounts to around
23 million parameters.

2.4. Implementation details

Since GRD products have two-channel inputs (VV and VH) and because pre-trained models like
ResNet require three-channel inputs, the GRD format is incompatible. Instead of converting them to
RGB, which could lead to the loss of SAR-specific information, we modify the model forward function
to add a zero-filled third channel at runtime and we train the ResNet model architectures from scratch.

To manage outliers effectively, SAR data is clipped to maintain values within a 0-1 range, and
we further standardize this data to ensure a zero mean and unit variance, which is common practice
before feeding the data into models. As for the loss function, we experimented both with the focal
Tversky loss and the custom weighted cross-entropy function as explained in Section 2.2.1. The results
have shown that the latter performs better. Our model adopts an Adam Optimizer with a learning rate
of (A =0.0001), a weight decay (w = 10~8) and momentum (m = 0.9), which have shown to achieve a
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stable training after testing various parameters. To have a balance between generalization and memory
limitations, we employed a batch size of 8. Our experiments employing different image patch sizes,
ranging from 128 to 512, revealed that larger patches significantly enhance performance by capturing
more spatial information. However, due to memory constraints, we settled on a consistent patch size of
512x512. Before feeding patches to the model, we use Albumentations [33] for random augmentations
like flips (horizontal and vertical), rotations, and cropping. All with a probability of 0.5.

We tried two distinct settings for image processing. a) The first involves the generation of patches
from the original images to ensure full coverage with minimal overlap, avoiding padding. Subse-
quently, we apply random augmentation. b) Alternatively, our second approach involves padding
images to the maximum dimensions within the dataset, then randomly cropping 512x512 patches
from the original full-sized images at runtime, in addition to the previously mentioned augmentations.
Although this method slightly increases training time, it improves model generalization.

2.5. Change Detection Module for Flood Analysis

Our model is designed to identify areas covered by water, without specifically distinguishing
between flooded and non-flooded regions. To highlight the extent of flooding, we compute the
difference between the predictions made before and after the flood event, through the pre- and post-
flood images. The model’s predictions are first processed through a SoftMax function to convert
the raw logits from the output layer into probabilities. The SoftMax function in simple terms, is a
mathematical operation that transforms a vector of real-valued logits into a vector of probabilities by
exponentiating each logit and then normalizing those values. It ensures that the output values are in
the range (0, 1) and sum up to 1, making them a valid probability distribution.

Output Softmax -
layer activation function Probabilities

1.3 | 0.02]

5.1 % 0.90

2.0 | mp | 0.05
Y e

0.7 j=1 0.01

(1.1 0.02]

Figure 8. Example of how SoftMax converts the raw logits from a vector output to probabilities ranging
between 0-1.

After applying the SoftMax function, we calculate the difference between the post-flood and
pre-flood predictions probabilities. Pixels with a difference exceeding a predetermined threshold,
empirically set at 0.5, are classified as flooded, while those below this threshold are identified as not
flooded. Mathematically this methodology can be expressed as follow:

Let Zuyater (i, j) and Zyo water (i, j) , represent the SoftMax outputs for the classes "water" and "non-
water" at each pixel location (i,j), where i and j denote the pixel coordinates in terms of width
and height, respectively. The SoftMax function ensures that for any given pixel, the sum of these
probabilities equals one, such that:

Zwuter(i/ ]) + Zno water (i/ ]) =1 (4)
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Let’s denote the pre- and post-flood scenarios as fyre(i,j) and fpost (i, ). The difference between the
post-flood and pre-flood predictions indicated as Af, is computed as:

Af (fpres fpost) = fpost (i, ) = fpre(ir,) @)

A pixel is classified as "flooded" if Af > 0.5 ; otherwise, it is classified as "not flooded". This method-
ology ensures that the classification is based on a probabilistic approach, with the threshold value
determining the sensitivity of flood detection. Rather than relying solely on absolute binary values of
0 and 1, this approach is expected to be more robust and can be tuned through a threshold, so that it
can capture water pixels classified with lower probabilities.

2.6. Inference and Evaluation

The model’s performance in segmentation tasks is often evaluated using a variety of metrics,
among which the Intersection Over Union (IoU), also known as the Jaccard Index, is the most used.
This metric is particularly crucial because it provides a comprehensive measure of how accurately
the predicted segmentation aligns with the ground truth. The IoU metric is defined as the ratio of the
intersection area between the predicted segmentation and the ground truth to the union area of these

two segments [34].
__ Areaof Intersection

IoU =
0 Area of Union

(6)

This equation quantifies the overlap between the predicted and actual segmentations. The values of
IoU range from 0 to 1, where a higher value indicates a greater overlap and, consequently, a higher
model accuracy. Unlike simple accuracy, which might be misleading especially in cases with class
imbalance, IoU provides a more balanced and accurate evaluation of model performance.

The SAR model selection process is conducted through a k-fold cross-validation in the SAR-
Optical dataset. To choose the best performing model, we utilize 5 fold cycles to train and test the
model, allocating 70% for training and 30% for testing in each cycle. Each training cycle is trained
for 100 epochs and we implement an early stopping mechanism set to stop when the model does not
improve over 10 consecutive epochs. At this point, the model with the best performance is selected, to
be tested on MMFlood-CD dataset.

In this phase, the SAR model’s predictions from the change detection module, applied to pre- and
post-flood events, are compared with the EMS ground truth to evaluate performance. The process
involves feeding the model two distinct images separately to generate pre- and post-flood predictions.
These predictions are then processed by the change detection (CD) module to compute the differences
between them. The Conditional Random Field (CRF) algorithm is then applied for post-processing
refinement, to generate the final flood prediction. This prediction is visually compared with the EMS
ground truth for performance assessment.
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3. Results

3.1. Models benchmark results
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Figure 9. Diagram to facilitate the understanding of the inference pipeline in the MMFlood-CD dataset.

In the table below, various models are compared against the Otsu Thresholding baseline, with
the Unet + ResNet50 combination, highlighted in gray, outperforming the other models. To provide
a comprehensive overview, four metrics are considered: Precision, Recall, IoU, and F1 Score. The

reported values are the mean results from 5-fold cross validations.
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Table 2. Model benchmark results.

Model Architecture ~ Accuracy Recall IoU
Otsu Thresholding ~ 0.78 £0.03 0.51+0.02 0.27 +0.00
FCN16 0.79+0.01 0.50+0.01 0.41=0.02
Unet 0.86+0.03 0.82+0.04 0.62+0.01

Unet + DenseNet201 0.85+0.01 0.83+0.01 0.63+0.03
Unet + VGG19 079005 0.78+0.04 0.59=+0.03

The Otsu Thresholding method, being used as the baseline, demonstrates relatively low perfor-
mance across all metrics. It achieves an accuracy of 0.78, recall of 0.51, and IoU of 0.27, highlighting its
limitations in more complex segmentation tasks. Among the tested models, the Fully Convolutional
Network (FCN16) shows a slight improvement over the baseline with an accuracy of 0.79, recall of
0.50, and IoU of 0.41. This indicates its potential but also its limitations in effectively segmenting the
data compared to more advanced architectures. The Unet model alone significantly outperforms both
the baseline and FCN16, achieving an accuracy of 0.86, recall of 0.82, and IoU of 0.62. This underscores
Unet’s capability to handle segmentation tasks efficiently, particularly with relatively small amounts of
data. The highlight of the benchmark results is the Unet + ResNet50 combination, which outperforms
all other models with an accuracy of 0.96, recall of 0.95, and IoU of 0.72. This combination is also the
only one which benefits from the second image processing (b) detailed in Section 2.4. Other Unet
combinations, such as Unet + DenseNet201 and Unet + VGG19, also show commendable results but
they achieve poor performance when trained with the same image processing technique (b). This
underperformance may be attributed to their deep and complex architectures, which are more prone
to overfitting. While these models perform well, they do not match the exceptional performance of the
Unet + ResNet50 combination.

3.2. Results on SAR-Optical Dataset

This section analyzes the performance of the top model, Unet + ResNet50. During the EMSR442-
0-6 flood event, despite cloud cover obscuring the Optical ground truth, the SAR model successfully
identified the water regions. Additionally, the model excels in EMSR280-4-17 event by distinguishing
snow-covered areas, which typically appear similar to water in SAR images. Here’s a detailed
explanation of the labels in the images:

* SAR Image — The input SAR image.

¢ Optical (SCL) Ground Truth — Optical ground truth from Sentinel-2 SCL layer, provided by
Copernicus.

* Model Prediction - The model prediction (presence of water, whether it’s due to flooding or
permanent sources).

An example where the model underperforms the Optical, SCL ground truth, is given by the
flood event in EMSR258-13-1. As shown in Figure 10, it’s evident that the model predictions are less
accurate along the borders, likely due to the lower resolution of SAR resolution compared to the
Optical ground truth.
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EMSR258-13-1 - IOU: 0.8096, Accuracy: 0.9391

Model Prediction

SAR Image Optical (SCL) Ground Truth

AP
L Yo

Figure 10. Performance Analysis of EMSR258-13-1 Permanent Water in Albania.

EMSR407-1-4 - IOU: 0.8399, Accuracy: 0.9733

SAR Image Optical (SCL) Ground Truth Model Prediction

Figure 11. Performance Analysis of EMSR407-1-4 Flood Event in the United Kingdom. Event Date:
November 12, 2019 at 21:15.

EMSR277-2-0 - I0U: 0.8647, Accuracy: 0.9594

SAR Image Optical (SCL) Ground Truth

Figure 12. Performance Analysis of EMSR277-2-0 Flood Event in Greece. Event Date: March 29, 2018
at 11:27.
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EMSR501-0-3 - IOU: 0.8526, Accuracy: 0.9563

SAR Image Optical (SCL) Ground Truth Model Prediction

Figure 13. Performance Analysis of EMSR501-0-3 Flood Event in Albania. Event Date: February 12,
2021 at 16:50.

Overall, the model has demonstrated great performance. An example is shown in flood event
EMSR442-0-6. Illustrated in Figure 14, this event highlights a section of water missing from the Optical
(SCL) ground truth due to cloud cover obstruction. However, given SAR capacity of penetrating
through clouds, the model was able to accurately detect those flood areas.

EMSR442-0-6 - I0U: 0.4054, Accuracy: 0.7139
SAR Image Optical (SCL) Ground Truth Model Prediction

Figure 14. Performance Analysis of EMSR442-0-6 Flood Event in Norway. Event Date: June 13, 2020 at
10:30.

Another notable performance is seen in the flood event EMSR280-4-17. As illustrated in Figure 15,
this event demonstrates the model’s capability to identify and exclude snow-covered areas. In SAR
images, regions covered in snow closely resemble water, making them indistinguishable to the human

eye. However, the model successfully distinguished these areas avoiding the misclassification of snow
as water.

doi:10.20944/preprints202406.1541.v2
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EMSR280-4-17 - 10U: 0.4735, Accuracy: 0.9054

Optical (SCL) Ground Truth

SAR Image

Figure 15. Performance Analysis of EMSR280-4-17 Flood Event in Sweden. Event date: April 21, 2018
at 15:15.

Figure 16. RGB image of the EMSR442-0-6 flood event, from the Optical Sentinel-2 Satellite. It
demonstrates the presence of cloud cover.
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Figure 17. RGB image of the EMSR280-4-17 flood event, from the Optical Sentinel-2 Satellite. It
demonstrates the presence of snow

3.3. Results on MMFlood-CD dataset

In the following section is shown a visual comparison of the model prediction on flood events
included in the MMFlood-CD dataset, using the trained model on SAR-Optical and the ground truth
provided by EMS. Here’s a detailed explanation of the labels in the images:

EMS Prediction - Ground Truth EMS to be compared against our model.
SAR Model Prediction - The final flood prediction of our SAR Model.
Pre-Flood Prediction - The pre-flood model predictions of water.
Post-Flood Prediction - The post-flood model prediction of water.

SAR Image Post-Flood - The SAR raw image post-flood.

SAR Image Pre-Flood - The SAR raw image pre-flood.

Note that a lower IoU indicates that the EMS ground truth and the SAR-Optical Model predictions
don’t closely match, either due to our SAR model or the EMS ground truth error.

The model has demonstrated great performance in this qualitative evaluation. Despite the inability
to directly compare its performance with an alternative ground truth, we can easily discern areas
where the EMS model might fail by examining both pre- and post-flood SAR images. Figures 18, 19,
and 21 are possible examples where the EMS model may have misses certain flood areas, detecting
them only partially compared to our model. In Figure 20, EMS model appears to miss a rapid flood
event that our model correctly detects. In Figure 23 both our SAR model and EMS correctly classify
some areas while missing others. Figure 22 is the only instance where both the EMS and our SAR
model produce matching predictions.
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EMSR265-14-6 - I0U: 0.3908, Precision: 0.3978, Recall: 0.9572
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Figure 18. Comparative Analysis of the EMSR265-14-6 Flood Event in France. Event Date: January 23,
2018, at 19:17. Acquisition Date: January 25, 2018, at 05:59.
EMSR332-2-1 - IOU: 0.7085, Precision: 0.7254, Recall: 0.9681
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Figure 19. Comparative Analysis of the EMSR332-2-1 Flood Event in Italy. Event Date: November 1,
2018, at 21:08. Acquisition Date: November 2, 2018 at 05:18.
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EMSR314-2-2 - |I0U: 0.0776, Precision: 0.0791, Recall: 0.8085
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Figure 20. Comparative Analysis of the EMSR314-2-2 Flood Event in Nigeria. Event Date: September
18, 2018, at 21:27. Acquisition Date: September 22, 2018 at 17:44.
EMSR319-3-4 - I0U: 0.1813, Precision: 0.2002, Recall: 0.6573
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Figure 21. Comparative Analysis of the EMSR-319-3-4 Flood Event in Tunisia. Event Date: September
29,2018, at 17:42. Acquisition Date: October 3, 2018 at 17:11.
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EMSR342-6-1 - IOU: 0.1413, Precision: 0.2228, Recall: 0.2786
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Figure 22. Comparative Analysis of the EMSR-342-6-1 Flood Event in Australia. Event Date: February
1, 2019, at 04:45. Acquisition Date: February 5, 2019 at 19:43.
EMSR399-0-0 - I0U: 0.3341, Precision: 0.4515, Recall: 0.5624
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Figure 23. Comparative Analysis of the EMSR-399-0-0 Flood Event in Vietnam. Event Date: October
24, 2019. Acquisition Date: October 28, 2019 at 22:45.
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4. Discussion

The increasing frequency of floods due to global warming has drawn significant interest from
various stakeholders and governments. Synthetic Aperture Radar (SAR) is a valuable alternative
to optical satellites for flood mapping, as it can penetrate clouds and operate in adverse weather
conditions. However, the scarcity of available SAR data and frequent misclassification issues present
challenges. Additionally, current literature often focuses on small regions and does not generalize well
to diverse areas worldwide. Our transfer learning approach addresses these challenges by eliminating
the need for manual labeling and improving label accuracy using the output from the Copernicus
Sentinel-2 Scene Classification Layer (SCL), paired with optical images. Unlike most existing work,
our model is trained and tested over 95 flood events distributed across 42 countries, comprising
multiple regions globally which demonstrate its superior generalization performance. While our
framework uses change detection to identify floods, we also explored an alternative model that directly
generates flood maps by utilizing both pre- and post-flood images. However, this approach did not
yield better results as the generated flood maps edges were not very well-defined as with the change
detection approach. Further research and exploration of different architectures are necessary to fully
evaluate the performance of this method. Our model achieved a superior IoU score of 0.72 compared
to MMFlood [25], which scored 0.64 on the same flood events. Despite being trained and tested on
the same flood events, the two models are not directly comparable due to differences in labeling:
MMFlood uses EMS labels, while ours are based on the SCL band. We chose not to use EMS labels
because, based on a manual review, they appeared less accurate than the SCL labels. Although our
model’s performance relies on the Optical model from Sentinel-2, we consider this approach a valid
alternative for situations where Optical imagery is obscured by clouds or unavailable. To the best of
our knowledge, we have not yet encountered others implementing this transfer learning method using
the SCL layer to train SAR for flood mapping.

5. Conclusions

In summary, the project introduces a novel framework that aims to improve flood mapping using
Synthetic Aperture Radar (SAR) and Multi-Spectral Imaging (MSI). By leveraging the precision of
MSI and the all-weather capabilities of SAR, a transfer-learning framework is developed to improve
the SAR model flood mapping accuracy. Through transfer learning, the SAR model (“student”) is
trained using Optical /MSI models (“teacher”), achieving a remarkable flood mapping performance,
with an Intersection Over Union (IoU) score of 0.72. We rigorously evaluate the model’s precision and
reliability against traditional methods and qualitatively compare it with ground truth data provided
by Emergency Management Services (EMS). The promising results of the model reaching an IoU score
of 0.72 and its capacity to adapt in identifying floods under cloud cover and snow, demonstrate its
ability at detecting flood.

Although the model surpasses existing solutions, there is room for improvement. Future work
could be focused on expanding the dataset, refining data collection methods, and exploring dif-
ferent augmentations to potentially enhance the quality of data and labels. Furthermore, the ex-
ploration of alternate architectures, and a deeper hyper-parameter optimization could improve the
model performance.
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