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Abstract: Floods are devastating phenomena that occur almost all around the world and are responsi-
ble for significant losses, in terms of both human lives and economic damages. When floods occur,
one of the challenges that emergency response agencies face is the identification of the flooded area
so that access points and safe routes can be determined quickly. This study presents a flood detection
methodology that combines transfer learning with vision transformers and satellite images from
open datasets. Transformers are powerful models that have been successfully applied in Natural
Language Processing (NLP). A variation of this model is the vision transformer (ViT), which can be
applied to image classification tasks. The methodology is applied and evaluated for two types of
satellite images: Synthetic Aperture Radar (SAR) images from Sentinel-1 and Multispectral Instru-
ment (MSI) images from Sentinel-2. By using a pre-trained vision transformer and transfer learning,
the model is fine-tuned on these two datasets to train the models to determine whether the images
contain floods. It is found that the proposed methodology achieves an accuracy of 84.84% on the
Sentinel-1 dataset and 83.14% on the Sentinel-2 dataset, revealing its insensitivity to the image type
and applicability to a wide range of available visual data for flood detection. Moreover, this study
shows that the proposed approach outperforms state-of-the-art CNN models by up to 15% on the
SAR images and 9% on the MSI images. Overall, it is shown that the combination of transfer learning,
vision transformers, and satellite images is a promising tool for flood risk management experts and
emergency response agencies.

Keywords: floods; transformer; vision; artificial intelligence; classification

1. Introduction

Every year, floods result in the loss of human lives, the loss of livestock, and millions
in economic damages. In recent years, there has been an increase in both the intensity and
frequency of these natural disasters, attributed to climate change. The need for forecasting,
damage control, and mitigation is of great concern for governments. There are various types
of systems and methodologies that can help in forecasting, assessing risk, and predicting
damages. This paper will explore the use of artificial intelligence for flood detection through
remote sensing images. This can help construct an automated system for flood detection
that can assist human action, such as aiding and rescuing affected people in the area.
Artificial intelligence can play a crucial role in making these systems faster, cheaper, and
more robust. Through its strong predictive capabilities and its ability to discover patterns
from large amounts of data, AI can help analyze historical data and make systems that
outperform physical and numerical models.

Risk assessment and forecasting systems can help prevent and mitigate damages before
they occur and can help in efficiently evacuating people, constructing flood-prevention
structures, and reinforcing existing ones. Flood risk assessment systems use historical data
to train AI algorithms to create maps indicating the risk of an area. Remote sensing data
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and machine learning algorithms, such as SVR, have been used to calculate maps showing
the flood inundation depth [1]. Similarly, in [2], several machine learning algorithms, such
as random forest and linear regression, are used to assess flood risk, and the information
gain ratio is used to calculate the importance of the factors used for training the model
(e.g., elevation, curvature, and rainfall). The second type of system used before a flood
occurs is the forecasting system. These systems usually monitor streams of data (time
series) and try to predict their respective values in a future time window, e.g., the amount
of rainfall that will occur in a future 6-h time window. For example, [3] uses LSTM to
forecast the flow rate up to a 3-day horizon. This model takes as input a time series of
daily discharge and rainfall. Also, in [4], another forecasting system is described that uses
a spatiotemporal LSTM, which takes as input hourly rainfall and streamflow data and
outputs the outlet flow for the next 6 h. This model also focuses on the interpretability of
the results, helping to make more informed decisions.

Apart from the aforementioned techniques used before a flood occurs, there are
plenty of systems that are used after a flood. A large portion of these systems focus
on flood detection, damage detection, and water body detection. In [5], transformers
are used to perform image segmentation in images containing floods, which is a very
useful method for automatically detecting water bodies, trees, and houses through aerial
imaging. Convolutional neural networks have also been used to assess structural damage
in buildings through aerial images from UAVs [6]. Similarly, [7] uses images from UAVs
and CNN models to detect damage to infrastructure after a flood. Aerial images and
state-of-the-art vision models have been employed to perform scene understanding in
images containing flooding events [8]. These models can successfully detect buildings,
flooding, and roads, and they can distinguish between floodwater and natural water.

In flood and damage detection cases, models that use AI are very useful as they can
make use of images collected from UAVs and satellite images and rapidly analyze complex
images. The early detection of floods through remote sensing can be vital in the early
deployment of help in that area. Also, robust models that can perform segmentation,
mapping, and detection can be used to automatically label huge amounts of data collected
daily from various sources. Deep convolutional neural networks have been used to detect
floods in Sentinel-2 images [9]. Sentinel-2 contains multiple frequency bands, and the
aforementioned study uses green and blue bands, as well as water indices, to make detection
easier. Similarly, in [10], images from both Sentinel-1 and Sentinel-2, as well as CNN models,
are used to detect floods in these images, achieving an accuracy of 80%. Furthermore, [11]
compares several machine learning algorithms (neural networks and SVM) with CNNs
for flood detection in radar images. In [12], the performance of a multi-modal model that
integrates a CNN with a transformer is compared with that of singular models, such as
random forest, neural network, SVM, and CNN. The results show that the transformer
combined with the CNN yields better results than the singular models. The authors of [13]
compare several segmentation models (WVResU-Net, Swin U-Net, U-Net+++, Attention
U-Net, R2U-Net, ResU-Net, TransU-Net, and TransU-Net++) to successfully map flooded
areas using Sentinel-1 SAR images. Similarly, in [14], SAR images from Sentinel-1 are used
to map inundation extents of lakes. The method uses a CNN to extract high-dimensional
features, which are used as input to a transformer, and a fully connected neural network as
a classifier head. Moreover, Swin transformers have been used for wetland classification
(water, forest wetland, etc.) [15]. The aforementioned study compares the performance
of the transformer with CNN models, with the Swin transformer outperforming all other
models. Another study [16] uses Sentinel-1 images and Swin transformers to perform water
body detection for agricultural reservoirs, while [17] compares Swin transformers with
CNNs for wetland classification, using Sentinel-1 and Sentinel-2 images, demonstrating
that the former outperforms the latter. Last but not least, [18] combines two models—a
Swin transformer and a CNN—to perform water body mapping in remote sensing images.
This literature review successfully demonstrates that vision models, especially vision
transformers, can be used efficiently for flood detection, segmentation, and mapping.
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Also, remote sensing data, such as those from satellites, can be used to train the models
because they are rich in information that conventional images cannot capture. This study
aims to investigate the possibility of combining transfer learning with vision transformers
for fast and automatic detection of flooded areas. This capability is critical for flood
risk management agencies and civil protection authorities aiming to quickly decide their
emergency response plan after a flooding event. Moreover, although most previous studies
focused on applying ViT models on one type of image, the models in this study are applied
and evaluated for both SAR and multispectral images from Sentinel-1 and 2, with the
objective of developing accurate and “image agnostic” flood detection methodologies that
will leverage available data from different sources. Additionally, this study compares the
proposed methodology with state-of-the-art CNN models that have shown promise for
flood detection applications.

2. Materials and Methods

In this section, the process followed is described. It contains information about the
dataset, model, and process used for training.

2.1. Datasets

There are 2 datasets used in this study. Both are part of the SEN12-FLOOD dataset [19],
which is an open dataset. It contains 336 time series containing Sentinel-1 and Sentinel-2
images of areas that suffered major flooding events during the winter of 2019. The time
span of the acquisition of the images is from December 2018 to May 2019. The observed
areas are in East Africa, South-West Africa, the Middle East, and Australia. Each area has
multiple images from different times throughout the year, and each image is 512x512 pixels.

2.1.1. Sentinel-1 Dataset

The Sentinel-1 satellites are a constellation of two polar-orbiting satellites, S1A and
S1B, operated by the European Space Agency (ESA). The Sentinel-1 satellites capture radar
images of the Earth. Synthetic Aperture Radar (SAR) images have the advantage that they
can be acquired in any illumination, even under cloud coverage conditions, which makes it
easier to collect data and provide larger amounts of data. Each image in this dataset is in
dual-band, containing two polarizations: vertical (VV) and horizontal (VH). The images
are provided with radiometric calibration and undergo Range Doppler Terrain Correction
using a shuttle-radar topographic mission digital elevation model. For the constitution of
the SAR dataset, all available satellite orbits have been considered, resulting in a variety of
incidence angles and potential geometric distortions. On average, there are 14 images per
sequence. In Table 1, the characteristics of the images captured by Sentinel-1 are analyzed.

Table 1. Bands captured by Sentinel-2 satellites. Each band is in a different wavelength and has a
different pixel size.

Band Name/ Polarization Pixel Size Wavelength

VV 10 m 5.405 GHz
VH 10 m 5.405 GHz

In Figures 1 and 2, there are some examples of images from the Sentinel-1 dataset,
with both VH and VV polarizations present. In Figure 1, there are flood events, which are
noticeable in the darker areas. In Figure 2, there are no flood events, as the image is more
homogeneous with no darker areas.
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(a) Label: Flood; VH polarization (b) Label: Flood; VV polarization

(c) Label: Flood; VH polarization (d) Label: Flood; VV polarization

Figure 1. Example of 2 sets of VH and VV polarizations of images containing flood events. Darker
areas indicate flooded areas.

(a) Label: No flood; VH polarization (b) Label: No flood; VV polarization

Figure 2. Cont.
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(c) Label: No flood; VH Polarization (d) Label: No flood; VV polarization

Figure 2. Example of 2 sets of VH and VV polarizations of images containing no flood events.

2.1.2. Sentinel-2 Dataset

The Sentinel-2 satellites are a constellation of two polar satellites, S2A and S2B, also
operated by the ESA. The Sentinel-2 satellites are equipped with a Multispectral Instrument
(MSI) and can provide wide-swath, high-resolution, multispectral images with high tem-
poral sampling, with 9 images per sequence, on average. The Sentinel-2 satellites capture
12 bands. Table 2 presents a summary of the different bands, wavelengths, and pixel sizes
that Sentinel-2 satellites can capture.

Table 2. Bands captured by Sentinel-2 satellites. Each band is in a different wavelength and has a
different pixel size.

Band Name Pixel Size Wavelength

B1 60 m 443.9 nm (S2A)/442.3 nm (S2B)
B2 10 m 496.6 nm (S2A)/492.1 nm (S2B)
B3 10 m 560 nm (S2A)/559 nm (S2B)
B4 10 m 664.5 nm (S2A)/665 nm (S2B)
B5 20 m 703.9 nm (S2A)/703.8 nm (S2B)
B6 20 m 740.2 nm (S2A)/739.1 nm (S2B)
B7 20 m 782.5 nm (S2A)/779.7 nm (S2B)
B8 10 m 835.1 nm (S2A)/833 nm (S2B)

B8A 20 m 864.8 nm (S2A)/864 nm (S2B)
B9 60 m 945 nm (S2A)/943.2 nm (S2B)

B11 20 m 1613.7 nm (S2A)/1610.4 nm (S2B)
B12 20 m 2202.4 nm (S2A)/2185.7 nm (S2B)

In Figures 3 and 4, there are 2 sets of images showing all the recorded bands. In
Figure 3, all the recorded bands for a flooded area are displayed, and in Figure 4, all the
bands for a non-flooded area are shown.

(a) Label: Flood (b) Label: Flood (c) Label: Flood

Figure 3. Cont.
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(d) Label: Flood (e) Label: Flood (f) Label: Flood

(g) Label: Flood (h) Label: Flood (i) Label: Flood

(j) Label: Flood (k) Label: Flood (l) Label: Flood

Figure 3. False Sentinel-2 color images of flooded areas.

(a) Label: No flood (b) Label: No flood (c) Label: No flood

Figure 4. Cont.
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(d) Label: No flood (e) Label: No flood (f) Label: No flood

(g) Label: No flood (h) Label: No flood (i) Label: No flood

(j) Label: No flood (k) Label: No flood (l) Label: No flood

Figure 4. False Sentinel-2 color images of non-flooded areas.

2.2. Preprocessing

In this section, the methods used to preprocess the datasets are described. Each dataset
contains different images; thus, different methods were used.

2.2.1. Sentinel-1

In the Sentinel-1 dataset, there are a total of 3439 images. Each pair of VV and VH
images is combined into a 3-channel composite image, with the first channel containing the
VV image, the second channel containing the VH image, and the third channel containing
the sum of the two, VV + VH. In the metadata of the Sentinel-1 dataset, there are 54 pairs
of images that do not exist in the given repository; thus, they are excluded. Furthermore,
some faulty images contain mostly black pixels with a value of 0.0. These images are
not used in the training and are excluded from the final dataset by using the threshold
method, removing images that contain more than 20% values of 0.0. Therefore, 461 images
are removed.

The intermediate dataset contains 1105 images with flood events and 1873 images
with no flood events. The next step is to balance the dataset so that it contains an equal
amount of images from the 2 classes. The chosen number is the count of the smaller class
(1105), so using uniform random choice, 1105 images are chosen from the no-flood class.
The final preprocessed Sentinel-1 dataset contains 2210 images, balanced equally between
the two classes. The next and final step of the preprocessing is to split the dataset into train,



Water 2024, 16, 1670 8 of 16

validation, and test sets. The splitting ratio is 0.8, 0.2, and 0.2, respectively. It is important
to separate the dataset into 3 sets so that the evaluation of the model uses an independent
set (test set) that the model did not “see” during training. The validation set is important
for monitoring overfitting and enabling early stopping during training. See Figure 5 for
some examples of preprocessed images.

(a) (b) (c)

(d) (e) (f)

Figure 5. Examples of Sentinel-1 images after preprocessing. Images (a–c) contain flood events.
Images (d–f) contain non-flood events.

2.2.2. Sentinel-2

In the Sentinel-2 dataset, there are a total of 1973 images. Each image contains the
B1, B2, B3, B4, B5, B6, B7, B8, B8A, B9, B11, and B12 bands. A composite image is created
with 3 channels: the first channel contains the green band (B08 band), the second channel
contains the near-infrared band (NIR, B08 band), and the third channel contains the Nor-
malized Difference Water Index (NDWI). The authors of [20] compare several indices used
for water mapping problems and suggest that NDWI yields the best results. It is calculated
as shown in Equation (1), where green and nir denote the aforementioned bands and ϵ is a
very small value to avoid division by zero:

NDWI = (green − nir)/((green + nir) + ϵ), (1)

In Figure 6, there are examples of flood events (upper row) and non-flood events
(bottom row). The water is depicted in blue, calculated using the NDWI index. The
preprocessed dataset contains 444 images with flood events and 1529 images with non-
flood events. To balance the dataset, 444 images with non-flood events are chosen randomly
with a uniform distribution, resulting in a final dataset containing 888 images. Also, the
dataset is split into 3 subsets: the train, validation, and test sets, with ratios of 0.6, 0.2, and
0.2, respectively.
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(a) (b) (c)

(d) (e) (f)

Figure 6. Examples of Sentinel-2 images after preprocessing. Images (a–c) contain flood events.
Images (d–f) contain non-flood events. Brightness has been increased artificially for visualization
purposes.

2.3. Model

Transformers were first introduced in [21] and have since been successfully applied
in NLP, machine translation, text generation, and sentiment analysis tasks. They rely on
a self-attention mechanism between the tokenized input. They consist of encoder and
decoder layers, with the encoder typically used for tasks like text classification, and the
decoder for tasks like language generation. Transformers are highly parallelizable, making
them suitable for training on large datasets using distributed computing resources.

Vision transformers (ViTs), first introduced in [22], are the adaptations of transformers
for image classification tasks. ViTs divide the image into fixed-size patches and treat them as
“words” in a sequence. These patches are then passed through a series of transformer layers
to capture global and local features. By leveraging self-attention mechanisms, ViTs can
effectively model long-range image dependencies, achieving competitive performance on
various computer vision tasks. They have shown promising results in tasks such as image
classification, object detection, and semantic segmentation, offering a new perspective on
visual representation learning. Figure 7 shows the architecture of the model used. The
model takes as input a batch of 64 images, which are then converted into patches of size
16 × 16. These patches are then passed to the linear projection layer and then to the
transformer. Finally, they are processed by the MLP in the final layer of the model and are
classified into two classes: flood (positive class) and no-flood (negative class).

Transfer learning is a useful method for training when there are insufficient data.
Transfer learning involves using pre-trained models that were trained using large amounts
of data and then fine-tuning them using your own data, training only the final layer (MLP
head). The model used is the pre-trained vision transformer provided by Pytorch [23],
which has been pre-trained on thousands of images from ImageNet [24]. Two models are
trained, one for each dataset. Each model is trained using the Adam optimizer [25] with
learning rates of 0.03, 0.003, 0.0003, and 0.00003. The loss function used is the cross-entropy
loss. Both models are trained for 300 epochs, and validation is performed every 10 epochs
using the validation dataset. All the layers except the MLP head are frozen because they
contain the pre-trained weights; only the MLP head is trained. The MLP head takes as
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input the output of the transformer, which has a size of 768 and outputs 2 values (flood and
non-flood). The model outputs the logits without passing them through a sigmoid function.

Figure 7. Model architecture of the vision transformer used.

Due to the small size of the dataset, data augmentation is also performed during
training. Data augmentation involves artificially increasing the size of the dataset by
applying random operations, e.g., rotation and resizing. The operations used to augment
the data are random horizontal flip and random vertical flip with p = 0.5, which randomly
flips an image along its axes. Also, to align with the prerequisites of the pre-trained
model, some more operations need to be applied to the image. The first one resizes the
image to 256 × 256, normalizes the image using means of [0.485, 0.456, 0.406] and standard
deviations of [0.229, 0.224, 0.225] for each channel, and finally center crops the image to
224 × 224. Also, the performance of the ViT model is compared with several state-of-the-art
CNN vision models. The experimental conditions for these comparisons are the same as
those used for the ViT model, including the same dataset, augmentation methods, and
number of epochs. Only the last layer of the model is trainable, and the pre-trained model
weights [26], trained on Imagenet [24], are used. The models used for comparison are:

• ResNet101 [27];
• VGG16 [28];
• SqueezeNet [29];
• DenseNet121 [30];
• EfficientNet [31];
• MobileNet V2 [32].

3. Results

In this section, the results of the training and testing of the two models are presented,
along with some predictions and examples of images.

3.1. ViT Sentinel-1 Results

Figure 8 shows the loss function throughout the training and validation phases. The
validation loss indicates that there was no overfitting of the model because it decreased con-
sistently along with the training loss. The model with the best validation loss, observed at
epoch 260, was selected for further analysis. Also, the optimal learning rate was determined
to be 0.0003.
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Figure 8. The training and validation losses of the ViT model on the Sentinel-1 dataset for 200 epochs.
Validation is performed every 10 epochs.

In Table 3, the results of the ViT model on the Sentinel-1 dataset are presented. The
model achieved an accuracy of 84.74%. Table 4 shows the confusion matrix for the model.
The rows represent the ground truth, and the columns represent the predicted labels.
Notably, the model has 19 cases of False Negatives (FNs), which are flood events classified
as non-flood events. In Figure 9, there are four examples of images of flood and non-flood
events that were correctly and incorrectly identified in both cases. Also, in Table 5, the
performance results of the CNN models are presented.

Table 3. Results for various metrics for the ViT model on the Sentinel-1 dataset.

Metric Result

Accuracy 84.84%
Recall 81.39%

Precision 91.70%
ROC-AUC 84.58%

Table 4. Confusion matrix for Sentinel-1 ViT model.

No Flood Flood

No Flood 165 48
Flood 19 210

Table 5. Results of the CNN models on the Sentinel-1 dataset.

Model Accuracy Precision Recall ROC-AUC

ResNet101 69.68% 67.14% 82.22% 69.24%
VGG16 77.82% 76.30% 82.96% 77.63%

SqueezeNet 80.09% 77.86% 86.02% 79.86%
DenseNet121 77.14% 77.58% 78.60% 77.09%
EfficientNet 79.86% 78.0% 85.15% 79.66%

MobileNet V2 81.44% 78.16% 89.08% 81.16%
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(a) (b)

(c) (d)

Figure 9. Examples of images that were correctly and incorrectly identified. (a) Correctly identified
image containing a flood event (TP). (b) Correctly identified image containing a non-flood event
(TN). (c) Non-flood image identified as a flood event (FP). (d) Flood event identified as a non-flood
event (FN).

3.2. ViT Sentinel-2 Results

In this section, the results of the training and testing of the two models are presented,
along with some predictions and examples of images.

3.3. ViT Sentinel-1 Results

Figure 10 shows the loss function throughout the training and validation phases. The
validation loss indicates that there was no overfitting of the model because it decreased con-
sistently along with the training loss. The model with the best validation loss, observed at
epoch 220, was selected for further analysis. Also, the optimal learning rate was determined
to be 0.0003.

Table 6 shows the results of the ViT model on the Sentinel-1 dataset. The model
achieved an accuracy of 84.74%. Table 7 shows the confusion matrix for the model. The
rows represent the ground truth, and the columns represent the predicted labels. Notably,
the model has 12 cases of False Positives (FPs), which are flood events classified as non-
flood events. In Figure 11, there are four examples of images of flood and non-flood events
that were correctly and incorrectly identified in both cases.
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Figure 10. The training and validation losses of the ViT model on the Sentinel-2 dataset for 200 epochs.
Validation is performed every 10 epochs.

(a) (b)

(c) (d)

Figure 11. Examples of images that were correctly and incorrectly identified (brightness of the image
has been increased for visualization purposes). (a) Correctly identified image containing a flood
event (TP). (b) Correctly identified image containing a non-flood event (TN). (c) Non-flood image
identified as a flood event (FP). (d) Flood event identified as a non-flood event (FN).

Also, in Table 8, the performance results of the CNN models are presented.
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Table 6. Results for various metrics for the ViT model on the Sentinel-2 dataset.

Metric Result

Accuracy 83.14%
Recall 84.81%

Precision 78.82%
ROC-AUC 82.96%

Table 7. Confusion matrix for Sentinel-2 ViT model.

No Flood Flood

No Flood 81 12
Flood 18 67

Table 8. Results of the CNN models on the Sentinel-2 dataset.

Model Accuracy Precision Recall ROC-AUC

ResNet101 81.46% 80.95% 80.0% 81.39%
VGG16 79.77% 79.51% 77.64% 79.68%

SqueezeNet 75.28% 74.69% 72.94% 75.18%
DenseNet121 81.46% 79.54% 82.35% 81.49%
EfficientNet 84.83% 83.72% 84.70% 84.82%

MobileNet V2 79.21% 80.0% 75.29% 79.04%

4. Discussion and Conclusions

In this study, an approach using a vision transformer and transfer learning is used
to detect flooding in satellite images. Two datasets are used to train two different models.
The first dataset is the Sentinel-1 dataset, which contains SAR images from flood and
non-flood events from different areas. The second dataset is the Sentinel 2 dataset, which
contains multispectral images from several flood and non-flood events. The model used
is a vision transformer, a sub-category of transformers that has been successfully applied
in NLP tasks and shows promise for vision classification tasks due to the encodings and
high-level representations that can be leveraged for complex image tasks. Both models
achieved similar performance, with high accuracies of 84.84% and 83.14% on the Sentinel-1
and Sentinel-2 datasets, respectively. Also, the ViT model outperformed all the CNN
models on the Sentinel-1 dataset by as much as 15%. On the Sentinel-2 dataset, the
ViT model outperformed all the models by as much as 9%, but it did not outperform
EfficientNet, which yielded similar results (less than a 2% difference). The present study
reveals the ability of the vision transformer to automatically detect flooding from different
types of satellite data (SAR, multispectral). Another ability of this model is the minimal
preprocessing done to the images, which demonstrates the strong ability of the model
to detect connections between the input and output. Also, the advantages of transfer
learning are successfully demonstrated, which is useful when there are insufficient data
available for training the model. Finally, these systems are fast when used for inferring
data and can be used for real-life applications with minimal processing power. Overall, this
study proves that digital technologies, such as a combination of remote sensing and vision
transformers, can be indispensable tools for fast flood mapping by civil protection agencies
and emergency response execution. Future studies should further utilize vision transformer
models for flood detection, scene segmentation, and understanding damage detection on
structures and the environment. Another limitation of this study was that the satellite
images were temporally sparse, which restricted the use of the proposed methodology
solely to flood detection. However, it is expected that if temporally continuous images
(e.g., every 3 h, 6 h, 12 h) become available, the presented methodology could be extended
to flood forecasting as well.
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