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ABSTRACT

Flooding is a prevalent issue worldwide, attributed to various factors such as climate
change and land use. In Mexico, annual floods impact different regions, with Tabasco
experiencing periodic inundations that result in significant losses across rural, urban,
livestock, agricultural, and service sectors. Effective intervention strategies are essential
for mitigating the repercussions of these floods. Consequently, diverse techniques have
been developed to minimize the damage caused by this phenomenon. Satellite programs
offer extensive data on the Earth's surface, complemented by geospatial information
processing tools crucial for environmental monitoring, climate change analysis, risk
assessment, and response to natural disasters. This research introduces an approach to
classify flooded areas using synthetic aperture radar satellite images and the U-NET neural
network. Focused on the Los Rios region in Tabasco, Mexico, our preliminary findings
demonstrate the effectiveness of U-NET, even with a limited training dataset. The model's
accuracy improves with an increase in training data and epochs.
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Identificacion de Regiones Inundadas a través de Imagenes SAR y el
Modelo de Aprendizaje Profundo U-NET: Un Estudio de Caso en Tabasco,
México

RESUMEN

Las inundaciones son un problema prevalente a nivel mundial, atribuido a diversos factores como el
cambio climatico y el uso del suelo. En México, las inundaciones anuales impactan diferentes regiones,
siendo Tabasco propenso a inundaciones periddicas que resultan en pérdidas significativas en los
sectores rural, urbano, ganadero, agricola y de servicios. Estrategias efectivas de intervencion son
esenciales para mitigar las repercusiones de estas inundaciones. En consecuencia, se han desarrollado
diversas técnicas para minimizar el dafio causado por este fenomeno. Los programas de satélites ofrecen
datos extensos sobre la superficie terrestre, complementados con herramientas de procesamiento de
informacion geoespacial cruciales para la monitorizacion ambiental, el analisis del cambio climatico,
la evaluacion de riesgos y la respuesta a desastres naturales. Esta investigacion presenta un enfoque
para clasificar areas inundadas utilizando imégenes satelitales de radar de apertura sintética y la red
neuronal U-NET. Centrandonos en la region de Los Rios en Tabasco, México, nuestros hallazgos
preliminares demuestran la efectividad de U-NET, incluso con un conjunto de datos de entrenamiento
limitado. La precision del modelo mejora con un aumento en los datos de entrenamiento y las épocas.

Palabras clave: Regiones inundadas; Impacto del cambio climdtico, Procesamiento de informacion
geoespacial
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INTRODUCTION

Floods are natural occurrences observed worldwide, stemming from extreme weather conditions such
as heavy rain, hail, snow, waves, or failures in hydraulic structures. Consequently, these events lead to
elevated surface water levels in rivers, lakes, lagoons, or oceans, causing substantial damage to
agriculture, livestock, and infrastructure. The associated costs bear a significant impact on both
individuals and a country's economy [5]. Moreover, floods result in human casualties and often push
vulnerable populations into poverty.

According to the United Nations Office for Disaster Risk Reduction (UNDRR), over 45% of the global
population has experienced the effects of floods [32]. In Mexico, various regions, particularly the
southern part of the country, consistently grapple with flood-related challenges [20]. These incidents
are primarily linked to the rainy seasons spanning from May to November, leading to rising river levels
and the overflow of their waters onto areas dedicated to productive activities or urban settlements. A
notable instance occurred in November 2020.

The advancement of satellite platforms, coupled with increasingly sophisticated sensors and tools, has
facilitated the collection of extensive Earth data, providing valuable insights [30]. Earth observation
satellite programs have enabled numerous studies focused on flood detection, soil analysis, and
monitoring natural damages, leveraging the potential of these technological developments.

Satellites acquire information with various properties, including spatial resolution (determining the
Earth's surface area covered by each image pixel), spectral resolution (representing the electromagnetic
spectrum captured by remote sensors), and temporal resolution (indicating how long satellite data can
be obtained from the same location with the same satellite and radiometric resolution) [15].

One notable Earth observation satellite program is Copernicus, boasting significant capabilities in
acquiring remote data with high temporal and spatial resolution, particularly beneficial for flood
mapping. Comprising five satellites designed for diverse purposes, Copernicus includes Sentinel-1,
offering Synthetic Aperture Radar (SAR) images for land and ocean observation; Sentinel-2, providing
multispectral terrestrial optical images; Sentinel-3 and 6, designed for marine observation; and Sentinel-

4 and 5, specializing in air quality monitoring [7, 29, 13].

d 87

www.infotechjournal.org



http://www.infotechjournal.org/

INFOTECH

Jownal of Applied Sclences, Informalics,

Computing and Knowledge Society Volume 4, No. 2, July/December, 2023

While optical images exhibit variations dependent on cloud cover, hindering penetration through cloud
layers during precipitation, SAR images rely on energy reflectance, making them effective both day and
night. Consequently, SAR images remain unaffected by weather or atmospheric conditions, rendering
them suitable for flood mapping and environmental monitoring. Various literature proposes different
methods for detecting and monitoring water bodies, including the utilization of multispectral optical
images and SAR data through supervised and unsupervised algorithms. Thresholding techniques, such
as the Otsu method, are commonly employed for water body detection [19, 28].

However, challenges arise when perturbation factors influence SAR images' backscatter, potentially
reducing effectiveness [16]. Additionally, optical imaging may face issues with threshold spectral
indices due to the sensitivity of NIR (near-infrared) reflectance. In contrast, emerging in recent years
are Deep Learning (DL) techniques, offering alternative approaches for overcoming these challenges.
The utilization of Synthetic Aperture Radar (SAR) images has given rise to innovative methods catering
to diverse objectives, including land cover classification [25] and water body extraction [11]. A pivotal
role in the automated analysis of remotely sensed images for locating and delineating specific areas has
been played by semantic segmentation algorithms.

Convolutional Neural Networks (CNN), a subtype of Deep Learning (DL), have garnered widespread
acceptance due to their superior performance and ease of training compared to other DL types [2].
Comprising multiple layers of processing resulting from spatial convolutions, CNNs are typically
followed by trigger units. Concurrently, Recurrent Neural Networks (RNN) [27] have found
applications in remote sensing, particularly for handling data sequences such as time series, where the
output of the previous time step serves as input for the current step.

The emergence of Deep Convolutional Neural Networks (DCNN) has led to the proposal of various
network models for segmentation tasks. Examples include pyramidal networks like PSP-Net [35],
dilation convolution-based models such as DeepLab [6], and encoder-decoder architectures like HR-
Net [26] and U-NET [27].

This study introduces a strategy for detecting and monitoring flooded areas using the U-NET deep

learning model and Sentinel-1A SAR satellite images, focusing on the Rios zone in the state of Tabasco,
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Mexico. The document follows a structured approach: Section 2 reviews related works, Section 3
outlines the materials and methods implemented in the investigation, Section 4 presents the obtained
results, and Section 5 concludes the research findings.

Literature Review

The integration of Synthetic Aperture Radar (SAR) data and artificial neural networks, specifically
convolutional neural networks (CNN), has been explored in various studies, proving effective in
tracking land cover due to their exceptional ability to capture surface information irrespective of
weather conditions.

In recent years, there has been a notable surge in research focused on analyzing, monitoring, and
assessing damage caused by floods [4, 33]. Twele et al. [29] devised a fully automated processing chain
for mapping flooded areas using Sentinel-1 images. Their approach, incorporating thresholding, the
HAND index, and fuzzy logic-based classification, achieved an overall precision ranging from 94% to
96.1%, with a kappa coefficient between 0.879 and 0.91.

Studies conducted by Fernandez et al. [9] and Pech-May et al. [21] in Tabasco, Mexico, emphasized the
analysis of SAR satellite images for monitoring terrestrial phenomena, highlighting the advantages of
SAR images under cloudy and rainy conditions. Additionally, they developed a methodology leveraging
machine learning to understand the behavior of floods during the rainy season.

Zhao et al. [36] employed convolutional networks and SAR images to classify urban features such as
buildings, vegetation, roads, and bodies of water. Using TerraSAR images of Wuhan for training, they
achieved a precision of 85.6% through horizontal image patches.

Scepanovic et al. [37] developed a land cover mapping system with 5 classes, employing pretrained
deep learning semantic segmentation models with SAR Sentinel-1 imagery. Utilizing networks like
UNet, DeepLabV3+, PSPNet, BiSeNet, SegNet, FCDenseNet, and FRRN-B, they achieved an overall
precision of 90.7% with FC-DenseNet outperforming others.

Konapala et al. [14] presented a strategy for identifying floods from SAR satellite images, while Yu Li
et al. [17] analyzed hurricanes using Sentinel-1 and Sentinel-2 imagery. Recurrent Neural Networks

(RNN) are increasingly utilized for water body and land cover analysis with Sentinel images [3, 12].
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Approaches proposed in [24, 18, 31] incorporate recursive and convolutional operations for

spatiotemporal data processing.
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Fig. 1 illustrates the suggested approach for flood mapping utilizing SAR images and the U-NET model

MATERIALS AND METHODS

The proposed methodology encompasses three key phases, as depicted in Figure 1, illustrating each
activity within these phases. The breakdown of each stage is elucidated below.

Study Area

Tabasco, situated in the southeast of Mexico along the Gulf of Mexico coast, occupies the 34th position
in terms of national surface area, covering 24,661 km?, equivalent to 1.3% of the country's total territory.
The entity comprises two recognized regions: Grijalva and Usumacinta, housing two subregions—
swamps and rivers. Collectively, they constitute one of the largest river systems globally, measured by
volume. Notably, the state experiences an average precipitation three times higher than the national
average, contributing almost 40% of the country's freshwater.

The region's hydrology is significantly impacted by abundant water resources and the influence of dams,
disrupting the natural flow of rivers and leading to flash floods. These floods, in turn, adversely affect
drinking water, public health, and the well-being of numerous inhabitants [8]. Consequently, the

occurrence of flooding in the region is a common phenomenon.
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Fig. 3: Tile location housing the SAR images for the study area

However, in the autumn of 2020, a series of cold fronts and hurricanes led to the most severe flooding
in decades, resulting in significant human and economic losses.

The focal point of this study is the Rios subregion (refer to Figure 2), situated in the eastern part of the
state and bordering the state of Campeche and the Republic of Guatemala. Named for its numerous

rivers, including the Usumacinta River (the country's largest) and the San Pedro Martir River, the
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subregion encompasses the municipalities of Tenosique, Emiliano Zapata, and Balancan. Covering an
area of approximately 6000 km?, this represents 24.67% of the entire state.

Image Acquisition

For flood mapping, cross-polarized (VH) SAR images from the Sentinel-1 satellite were obtained via
the Copernicus Open Access Hub2 platform. These images are part of a tile covering the states of
Campeche, Chiapas, and Tabasco (see Figure 3). The selected images correspond to the periods of
November 2020 and September 2022, aligning with instances of medium-scale floods in the study area.
Additionally, the flood map estimated by the National Civil Protection System (SINAPROC-MEXICO)
was utilized.

SAR Image Preprocessing

To mitigate distortions, flaws, or interference caused by noise in the SAR images, preprocessing steps
were implemented (refer to Figure 4):

e Radiometric correction: This correction addressed distortions in the radar signal resulting
from movements of the sensor or instrument aboard the satellite. It's important to note that the
intensity of image pixels is directly related to the backscattering signal captured by the sensor.
Figure 4a and 4b provide an example of an image before and after correction.

e Speckle filter application: Speckle filtering, designed for non-Gaussian multiplicative noise,
was applied to address the salt-and-pepper effect caused by pixel values not following a normal
distribution. The 7x7 Lee filter was utilized to standardize the image and reduce this issue (see
Figure 4c).

¢ Geometric calibration: SAR images may exhibit distortion or rotation, necessitating
rearrangement. Geometric correction was achieved using the Digital Elevation Model (DEM)
from the Shuttle Radar Topography Mission (SRTM)3. Figure 4d illustrates the rearrangement
of the SAR image in the study area.

¢ RGB layer generation: An RGB mask of the SAR image was created to identify pixels
corresponding to bodies of water, vegetation, and flooded areas. Figure 4e displays the outcome

of the image with the RGB layer.
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e Binary layer: To differentiate water from other elements, a threshold was applied. The
histogram of the filtered backscattering coefficient from the preprocessed images was analyzed,
and minimum backscattering values were extracted—indicating pixels with water presence.

Figure 4f demonstrates the binary layer obtained through thresholding. Areas with red hues signify the
presence of water, while other objects are disregarded. This layer is instrumental for creating training
samples for the deep learning model, complemented by the 2020 flood map generated by SINAPROC.
Training

To train deep learning models effectively, it is necessary to convert Geographic Information Systems
(GIS) data into a format suitable for image classification. The creation of high-quality training examples
holds paramount importance in the training process of any deep learning or image classification model.
For the labeling and training of the model, SAR images depicting floods in the study area from the year
2020 were employed.

Generation of Training Samples

Training samples were established using preprocessed images featuring the binary layer. Figure 5

illustrates a selection of training samples extracted from the SAR images.

Fig. 4 presents an example of a SAR image, showcasing various stages of processing: (a) untreated, (b) after radiometric
processing, (c) with speckle filter application, (d) following geometric correction, (e) incorporating the RGB layer, and (f)
featuring the binary layer
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After establishing the training samples, the data is exported to a format compatible with the model,
incorporating the following parameters: 1) raster image, derived from the training sample locations; 2)
image size set to 256 pixels; 3) offset distance for subsequent images, configured at 128 pixels; 4)
metadata format in Classified Tiles type; and 5) image format in TIFF type. The outcome of this process
comprises sets of small images of the sample sites (image chips), labels in XML format, a metadata file,
along with parameters and statistics of the captured samples.

Training the Classification Model

This phase involved utilizing the Train Deep Learning Model geoprocessing tool. This tool facilitates
the generation of a deep learning-based model using the compiled dataset of samples (image chips and

labels) acquired during the training process.

(@)

Mask Overal mask

(b)

Fig. 5: Training Samples a) Image utilized in the generation of training samples, (b) A sample from one of the regions used
in the training, along with the corresponding generated mask

Sample image
,,';i‘; '..'

Table 1: Count of Samples and Training Iterations This table details the number of samples and
iterations employed during the training of the flood classification model.

# Epochs # Samples

25 256
50 566
75 716
100 1,036
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CNN U-NET models, despite their simplicity, were utilized due to their tendency to provide more

accurate and refined results compared to other models. Several parameters were adjusted for the model
training;:
¢ Epochs: The maximum number of cycles or iterations for all training samples through the
neural network. Different values were experimented with: 25, 50, 75, and 100 epochs.
e Processing Batch Size: The number of samples processed simultaneously, dependent on
hardware specifications, number of processors, or available GPU. A value of 8 was chosen.
e Chip Size: Equivalent to the size of the images of sample sites or image chips, set at 256.
The ResNet-34 model served as the residual network or backbone [10], consisting of 34 pre-trained
layers with data from the ImageNet database. Following the recommendation in [1], a validation data
percentage of 10% was established, indicating the number of training samples used for model validation
during the learning process.
It was decided that the learning process would persist even as the learning curve began to flatten.
Training involved the U-NET model with SAR images. Table 1 provides details on the number of
samples used for each implemented epoch.
The model's output comprises a file containing information about the generated model, including:
e Learning Rate: Magnitude of change or update in the model weights during the
backpropagation of data by the neural network in the training process.
e Training and Validation Loss: Indication of how well the model fits the training and validation
data.
e Accuracy: The average accuracy score represents the percentage of correct detections made by
the model based on the results obtained with internal validation samples.
Validation
Training of the Classification Model
It's important to highlight that the results are interim, representing the performance of the classification

model at each epoch during the training process.
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Training Algorithm Parameters: The ArcGIS platform, coupled with the PyTorch library, was
utilized for training the neural network. The dataset's image size used for training was set at
256 x 256 pixels. Table 1 delineates the images used for training across epochs. Model
parameters were initialized with a standard normal distribution. Parameter optimization
employed binary cross-entropy to compare predicted values with actual ground values, and
further optimization was performed using the Adam method [34]. Table 2 illustrates the
outcomes from the neural model training, showcasing optimal results achieved with 1036 chips
and 100 epochs, boasting a precision of 93%, recall of 92%, and F1 score of 93%.

Flood Mapping: The detection of floods using SAR images yielded favorable results,
contingent on the augmentation of training data and epochs. Notably, the model exhibited
superior performance in detecting non-flooded areas due to the limited dataset for deep learning
model training. Figures 6 and 7 display the results obtained in flooded areas detection, with the
left image representing the ground truth and the right depicting the model's prediction at 25, 50,
75, and 100 epochs. Figure 7(b), corresponding to 100 epochs and 1036 training samples,
particularly demonstrates enhanced flood detection. It's pertinent to mention that a larger
dataset is currently under development for the model, aiming to achieve improved results in
flood detection. Figure 8 illustrates the values obtained from the trained model concerning the

data loss in validation and training.
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Table 2: Count of Samples and Epochs in Flood Classification Model Training
Chips: 266. Epochs: 25

Evaluation Class: Flood
Accuracy 82%
Recall 40%
F1 53%
Chips:566. Epochs: 50
Accuracy 81%
Recall 78%
F1 78%
Chips:716. Epochs: 75
Accuracy 74%
Recall 72%
F1 73%
Chips: 1036. Epochs: 100
Accuracy 94%
Recall 92%
F1 93%

(b)

Fig. 6: Outcome of Trained Neural Model (a, b - left) Depicts the ground truth. (Right) Illustrates the model's prediction at
25 (a) and 50 (b) epochs, respectively
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(b)

Fig. 7: Outcome of Trained Neural Model (a, b - left) Depicts the ground truth. (Right) Corresponds to the prediction of the
model at 75 (a) and 100 (b) epochs, respectively
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Fig. 8: Progression of Training Data Loss and Model Validation

CONCLUSIONS

The utilization of satellite data for flood detection necessitates a nuanced understanding of both flood
characteristics and the data acquired by the satellite. This study revealed that noise in SAR images
adversely affects flood mapping performance, necessitating image processing for noise correction.

Moreover, the employment of deep learning for flood detection emerges as an efficient approach in

terms of time, cost, and performance. Particularly, when satellite SAR data is available during and after
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floods, this methodology proves invaluable for swiftly delivering flood mapping results in emergency

scenarios.

In addition, UNet-type networks demonstrated efficiency in working with SAR images, even with

minimal data. The model's accuracy showed significant improvement, escalating from 53% to a

remarkable 93% F1 score as training data and epochs increased. Consequently, the results are deemed

satisfactory, given the limited data with which the model underwent training.

As a final recommendation, there is a proposal to construct a more expansive dataset to enable the

application of more intricate neural networks for the detection of flooded areas.
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