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Abstract Although �oods cause millions of dollars in economic and social losses
each year, many people living in developing countries, such as Brazil, do not have
access to a �ooding alert system because of its cost. To address this issue, we
propose a cheap and robust River Flooding Detection System, which can be eas-
ily deployed in any river with a �at surface at its bedside. The novelty of our
system is the use of raw images from o�-the-shelf cameras with no preprocess-
ing required. Hence, our methodology can be deployed using existing surveillance
cameras in urban environments. The proposed system measures the river level
by �rst performing a semantic segmentation of the river water blade using Deep
Neural Networks (DNNs). Then, it uses Computer Vision (CV) to estimate the
water level. If the water level is near or above a dangerous threshold, it sends
alerts automatically without human intervention. Moreover, our system can suc-
cessfully measure a river's water level with a Mean Absolute Error (MAE) of 3.32
cm, which is enough to detect when a river is about to over�ow. The system is also
reliable in measuring a river's water level from di�erent camera viewpoints and
lighting conditions. We show our approach's viability and evaluate our prototype's
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performance and overhead by deploying it to monitor two urban rivers in the city
of São Carlos, SP, Brazil.

Keywords River Flooding Detection · Semantic Segmentation · Deep Learning ·
Computer Vision
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2 Introduction

From all the natural disasters that a�ict populations worldwide, �oods are the
most common one [1]. Despite being so prevailing, it does not mean they are
less dangerous than other types of natural disasters. For example, more than 74
million people worldwide have been somehow a�ected by some �ooding event with
signi�cant economic loss, reaching 57 million dollars in 2016 alone [2]. Floods also
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a�ect the populations' health by increasing the risk of water-borne and vector-
borne diseases [3]. Besides, urban areas can experience the so-called river �oodings
when urban rivers cannot drain the waters from quick and excessive precipitations.
Furthermore, river �oodings are generally responsible for �ash �oodings in urban
areas, which are among the most dangerous types of �ooding events because of
how fast they can happen and the complexity of forecasting them [4].

Even the most developed regions in a country are not immune to the risks
posed by �ooding. For instance, one of Brazil's wealthiest states, São Paulo (SP),
is continually facing social and economic uncertainties caused by these natural
events. Its capital, São Paulo City, has at its disposal the SAISP alert system,
consisting of sensors and weather radars developed to forecast �ooding disasters.
Authorities and news organizations use this alert system to prepare the population
and mitigate the damages caused by �ooding events [5]. However, the city still loses
around 42 million dollars every year due to �ood damages [6], even with the SAISP
system in place.

In contrast to the city of São Paulo, most cities located in São Paulo's coun-
tryside do not have an alert system available, despite the prevalence of �ooding
events and the associated social and economic losses caused by them. Speci�cally,
São Carlos, SP, is a city prone to river �ooding events during its rainy season. In
one recent event, the city lost more than 8 million dollars due to property dam-
ages1. Hence, the present work focuses on monitoring São Carlos' rivers. Previous
works have already developed and deployed a Wireless Sensor Network (WSN),
called E-Noe, to monitor the city's rivers [7, 8, 9]. However, the E-Noe system's
monitoring relies on pressure and �ow sensors installed on the riverbed. These sen-
sors require specialized labor for installation and maintenance and are also prone
to problems due to oxidation. With this problem in mind, Ortigossa et al. [10] pro-
posed using video cameras to detect the level of rivers through computer vision,
creating a portable and cheaper version of the E-Noe system. Despite successfully
detecting the river level, this method demands constant lighting conditions to work
correctly and many recalibrations to detect the river level from di�erent camera
viewpoints.

Ortigossa et al. [10] show us that it is not trivial to extract usable knowledge
from high-resolution raw images. One way to tackle this problem is to use Deep
Learning models, such as Deep Neural Networks (DNNs). They are becoming
increasingly popular in many �elds due to their capabilities of learning from raw
data without the need to model the problem at hand mathematically and have been
applied in problems ranging from robotics applications [11, 12] to medical imaging
diagnostics [13, 14, 15]. DNNs are composed of simple mathematical operations
with adjustable parameters stacked in multiple layers. The error signal produced
when comparing the ground truth result with the DNN predicted one is used to
adjust their parameters. This learning procedure is called backpropagation and
allows DNNs to be used as universal approximators if enough training data is
available [16]. Furthermore, in recent years, DNN models perform consistently
better than pure Computer Vision (CV) methods. For example, in the ImageNet
Large Scale Visual Recognition Challenge, where a model needs to classify more

1 https://g1.globo.com/sp/sao-carlos-regiao/noticia/2020/12/01/prejuizos-causados-pela-
enchente-ultrapassam-r-43-milhoes-diz-defesa-civil-de-sao-carlos.ghtml
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than 3 million images into 1,000 categories [17], DNN models are consistently
better than CV methods since 2013 [18].

Therefore, methods based on Deep Learning or a mix of Deep Learning and CV
methods are preferable nowadays and allows experts and researchers to develop
robust and straightforward approaches to complex problems. With that in mind,
we propose a generic River Flooding Detection System based on Deep Learning
and CV. Moreover, the proposed system was tested and deployed in rivers located
in São Carlos, SP, Brazil. The proposed system works as follows:

1. The cameras, installed in two nodes of the E-Noe system, capture real-time
images from the city's rivers.

2. The images are transmitted to a cloud server on the internet through a 4G
connection.

3. The cloud server processes the images to determine the level of the river.
4. Suppose the river level is near or above a dangerous preset threshold. In that

case, a River Flooding Warning is sent to the authorities and population to
reduce possible �ooding damages. Otherwise, no alert is sent.

Our main contribution is an algorithm that automatically detects the water
level in urban rivers using only raw and unprocessed images. Our work does not
require the deployment of ultrasonic sensors or aerial/satellite imagery as the ones
found in [30, 31, 32, 33, 34, 35, 36, 37, 38, 42, 43, 44]. Besides, our methodology
uses the �oodwall or a �at surface near the river bedside to perform the level mea-
surement. Therefore, it does not require complex Computer Vision (CV) modeling
such as image subtraction [20], Otsu thresholding [10], or the extraction of Regions
of Interest (RoI) [19]. Moreover, our methodology is robust to changes in image
conditions, such as di�erent lighting conditions, weather conditions, or camera po-
sitioning. We �rst use a Deep Neural Network (DNN) model to perform Semantic
Segmentation, which detects the river's water surface. Then, we use the segmented
water surface to measure the river level using a �at surface as a reference. Since
our algorithm relies only on images obtained from video cameras, it allows the
construction of a cheap and robust system. Speci�cally, �oodwaters cannot eas-
ily damage video cameras, which are also cheaper to deploy than aerial/satellite
imaging devices. Furthermore, we can use our proposed methodology to monitor
any river containing some �at surface.

The remainder of this work details the proposed River Flooding Detection Sys-
tem, and it is organized as follows. Section 3 presents related works to the present
one. The details of the proposed alert system emphasizing the river level detection
algorithm are found in Section 4. The experimental design, such as the algorithm
parameters used in our tests, is presented in Section 5. In contrast, Section 6
presents and discusses the results we obtained. For last, Section 7 concludes the
present work with suggestions for future work.

3 Related Works

The present section provides an overview of Deep Learning and Flood Alert Sys-
tems found in the scienti�c literature. We �rst describe works related to the general
use of Deep Learning tools and models in solving challenging real-world prob-
lems. Second, we discuss works related to river monitoring and �ood detection
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mechanisms that do not use cameras and images. Third, Image-based systems are
discussed. Finally, we conclude this section describing methodologies that rely on
Deep Learning methods to perform �ood detection, independent of the type of
sensors used.

Although Deep Learning methods may not guarantee good generalization [22],
they are among the most powerful ones we have available to solve challenging real-
world problems. Some examples of tasks in which Deep Learning is successfully
employed are image classi�cation [23], object localization [24], intelligent game
playing [25], machine translation [26], and many others. Likewise, Deep Learning
methods are suitable for identifying natural formations from satellite images, such
as identifying wetlands [27] and dead forest covers [28] and discovering new arche-
ological sites [29]. Fog computing and edge devices are also taking advantage of
Deep Learning methods. For example, smart cities are using them to detect crowd
and tra�c �ows in smart cities [? ? ? ]. These methods are also powerful enough to
be used in disaster monitoring and prevention in general [30, 31, 32]. The variety
of successful applications of Deep Learning methods proves that these methods
are suitable for �ood monitoring and detection.

Multiple types of sensors can be used to measure the level of a river. For
example, ultrasonic and pressure sensors have been successfully employed to per-
form direct measurements of a river's level and �ow to predict �ooding events
[33, 34, 35]. Some works gauge indirect quantities, such as humidity and carbon
dioxide of the soil to anticipate whether a �ash �ooding event will happen [36, 37].
However, although non-imaging devices have advantages, such as simple algorith-
mic implementation, they require constant calibration to be deployed in distinct
locations. They can also be easily damaged when they need to stay submerged.

To overcome some of the limitations discussed above, researchers use imaging
devices to detect rivers' water blades. There are mainly two approaches to de-
tect water levels using images: standard computer vision algorithms and machine
learning algorithms. The works that use only computer vision �rst preprocess an
image and then detect the river level. For example, Popescu et al. [38] used texture
processing from images obtained with Unmanned Aerial Vehicles (UAVs) to detect
�ooding events in di�cult to access areas. On the other hand, Kim et al. [20] used
cameras installed at the river bedside and measured the river's level by computing
the di�erence between a given image and a reference image, thus extracting the
river water blade. Likewise, Ortigossa et al. [10] rely on the Otsu thresholding of
the river image to extract lines of interest that are then used to compute the river
level.

Regarding the use of Deep Learning models to process color images, there is
the work developed by Pan et al. [19] in which they applied a Deep Convolutional
Neural Networks (DCNN) to a Region of Interest (ROI) to classify if a given
window inside the ROI corresponds to the water surface or a ruler. From the
classi�cations, the algorithm computes the river's level in the image. Besides, Kang
et al. [21] also used DCNNs to perform �ood prediction, but, in this case, they
make use of satellite images instead of river images taken from the ground. On the
other hand, Lopez-Fuentes et al. [39] demonstrated that Deep Neural Networks
(DNNs) could be used to perform semantic segmentation of water bodies with
high accuracy. However, the work in [39] did not perform any �ooding detection
with the segmented images.
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Table 1: Comparative of related works.

Author Methodology Investigated Problem Sensor Data

Mahdianpari et al. [27]
Deep Convolutional
Neural Networks

Mapping of wetlands Satellite images

Sylvain et al. [28]
Deep Convolutional
Neural Networks

Mapping of dead forests Aerial images

Roccetti et al. [29]
Deep Convolutional
Neural Networks

Discovery of new
archaeological sites

Satellite images

Kamilaris
and Prenafeta-Boldú [30]

Deep Convolutional
Neural Networks

General disaster monitoring Aerial images

Liu and Wu [31] Deep Auto-Encoders Geological disaster recognition Satellite images

Liu and Wu [32]
Joint Auto-Encoders
with Neural Networks

and Support-Vector Machine
Geological disaster recognition Satellite images

Wirawan et al. [33] Wireless Sensor Network Flooding detection Ultrasonic sensor data
Noar et al. [34] Wireless Sensor Network Flood detection Ultrasonic sensor data
B¡czyk et al. [35] Wireless Sensor Network Flood detection Pressure Transducers

Ka�i and Isa [36]
Wireless Sensor Network
and Internet-of-Things

Flood detection
using water surface platforms

Ultrasonic, temperature,
pH, carbon monoxide,

GPS and water
level sensors

Khan et al. [37] Arti�cial Neural Networks Flash �ood detection
CO2 and humidity

sensors

Popescu et al. [38]
Texture processing
using the sliding
window method

Flood detection Aerial images

Kim et al. [20]
Image processing
through image
subtraction

River water level monitoring Camera images

Ortigossa et al. [10]
Image processing

using Otsu thresholding
River water level monitoring Camera images

Pan et al. [19]
Deep Convolutional
Neural Networks

using a Region of Interest
River water level monitoring Camera images

Kang et al. [21]
Deep Convolutional
Neural Networks

Flood detection Satellite images

Lopez-Fuentes et al. [39]
Semantic Segmentation

using Deep Neural Networks
Water body identi�cation Camera images

Krzhizhanovskaya et al. [41]
Committee of Arti�cial

Neural Networks
and dike simulations

Flood monitoring and alert Pressure sensors

Guo et al. [42]
Deep Convolutional
Neural Networks

Flood prediction through simulations Multi-channel terrain images

Yang and Chang [43] Recurrent Neural Networks Flood prediction Flood sensors

Al Quntus et al. [44]
Wireless Sensor Network

and Support Vector Machine
Flood detection Flood sensors

Our Work
Semantic Segmentation

using Deep Neural Networks
and Computer Vision methods

River water level monitoring
and �ood detection
and �ood alert

Camera images

Additionally, many works employ Deep Learning and Machine Learning tools
to process and predict �ooding events from di�erent types of data [40, 41, 42]. For
example, Yang and Chang [43] used IoT sensor data to train a Recurrent Neural
Network to predict the river's water level three hours in the future. Al Quntus et
al. [44] applied a Support Vector Machine (SVM) algorithm with a collection of
quantities, such as wind speed, water level, humidity, and temperature, to make
binary decisions of �ooding or not �ooding events. A more comprehensive survey
on the use of Machine Learning, Computer Vision, and Wireless Sensor Network
to detect and predict �ooding events can be found in [45].

From the related works in the literature, it is easy to see that detecting �oods is
an active research �eld with many open questions. Many works make use of satellite
or aerial images to monitor and predict �ooding events [30, 31, 32, 38, 42]. The
main drawback of this strategy is that they require expensive imaging technology,
such as satellites and drones, which are not available in developing countries and
poor cities. This type of image is also more suitable for use when dealing with
large-scale �ooding events, which can happen in a matter of days or weeks.

Simultaneously, some works rely heavily on sensor networks using pressure
and ultrasonic sensors to detect a river's water level and predict when a �ood will
happen [33, 34, 35, 36, 37, 43, 44]. The use of these sensors has the advantage of
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requiring a simple algorithmic implementation because they can direct output the
current water level. The use of this type of data can be framed as a time-series
problem, where the algorithm can predict the water level many hours in the future.
However, this type of sensor can be easily damaged due to oxidation and silting.
Moreover, once these sensors are damaged, they require specialized machinery to
remove them from the river's bottom and install a new one, which can be both
time-consuming and expensive.

Researchers are starting to use Deep Learning methods instead of pure Com-
puter Vision ones, but with complex and hard-to-replicate methodologies. In that
sense, the works of Kim et al. [20], Ortigossa et al. [10], Pan et al. [19], and Lopez-
Fuentes et al. [39] are the ones most closely related to our proposed methodology.
Kim et al. [20] use the Image Subtraction technique where the current river image
is subtracted from a reference image, but it requires a complex calibration phase
using a pattern installed in the �eld. Ortigossa et al. [10] employs Otsu Thresh-
olding to extract lines from a given image, and the water level is computed by
�nding the water line in an image. Pan et al. [19] use Deep Convolutional Neural
Networks (DCNN) to search a grid image extracted from Region of Interest (RoI).
Pan et al. [19] used a sliding window in the RoI to classify if the texture comes from
water or something else. Based on the number of water grids found by the DCNN,
the algorithm can determine the water level. The problems with this method are
that the dataset creation becomes non-trivial, and it also requires recalibrations
when dealing with di�erent angles and river images. Lopez-Fuentes et al. [39] is
closely related to ours because they used DNN to perform semantic segmentation
of water surfaces. They showed that this type of segmentation is possible, but no
water level detection was investigated.

Hence, we propose a more straightforward methodology with competitive re-
sults. Table 1 presents a comparison of the works discussed in this section. The
main contribution of our methodology is the detection of a river's water level from
a single and raw image without preprocessing it. The river level is estimated by
measuring the distance between a reference line and the segmented river water
surface. Furthermore, we detect the river's water surface using a Deep Neural Net-
work, which is robust to changes in viewpoints and lighting conditions, avoiding
the need for constant recalibration and submersion of sensors.

4 Proposed Framework for a River Flooding Detection System

This section presents a detailed description of the proposed generic River Flooding
Detection System. An overview of the system is presented �rst, followed by each
of its core components.

4.1 Overview

The proposed system is comprised of four main steps, as illustrated in Figure 1. The
system works by �rst collecting images in real-time of the rivers being monitored
and then sending these images to a cloud server through a 4G internet connection.
When a new image is received, the cloud server processes it by segmenting the
water surface, detecting the river level, and, if necessary, it triggers a river �ooding



8 Francisco E. Fernandes Jr. et al.

1st Step: Image Collection

2nd Step: Water Surface Segmentation

3rd Step: River Level Detection

4th Step: Send Flash Flooding Alert

Images are collected using a
camera installed at the river
bedside and transmitted to a

server in the cloud using
a 4G internet connectionThe water surface is

segmented using a
DeepLabResNet50

Deep Neural Network The river level is detected by
computing the distance

between a manually drawn
reference line and the 

segmented water surfaceIf the detected river level
is above a dangerous

threshold, a Flash
Flooding Alert is sent

Fig. 1: Overview of the proposed River Flooding Detection System.

Fig. 2: Camera node used in our River Flooding Detection System.

alert to registered emails. The images are currently collected using 8 Mega Pixels
(MP) cameras connected to Raspberry Pi mini-computers, as shown in Figure 2.
The image processing steps are detailed in the following subsections.

4.2 Water Surface Segmentation

The water surface segmentation is the �rst processing step performed in the cloud
server. The segmentation is performed with a Deep Neural Network (DNN). Specif-
ically, a DeepLabv3 DNN model is used to perform the segmentation [46]. This
chosen DNN architecture is illustrated in Figure 3. Compared to classical mod-
els, the main di�erence of the DeepLabv3 is the Atrous Spatial Pyramid Pooling
(ASPP), which allows for better upsampling operations than traditional trans-
posed convolution operations. This DNN model was chosen because it has one of
the highest performances in semantic segmentation tasks [46]. In our tests, this
model was able to segment the water surface of di�erent rivers with various light-
ing conditions and camera positions. We trained the DeepLabv3 model to classify
each pixel in a given image into two classes: water surface and background. Once
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the water surface is segmented, the river level is detected using a simple computer
vision algorithm, detailed in the following subsection.

4.3 Water Level Detection

A reference line perpendicular to the water surface must be manually drawn for
a given camera viewpoint to detect the river water surface level. We draw this
reference line from the highest point, called point p, of the �oodwall to the lowest
point, called point q, using an image from the river at its lowest water level, as
shown in Figure 4a. This step is a calibration one. However, it avoids the need to
�nd the parameters of each new camera installed in the system. Thus, with the
proposed method, it is possible to use existing cameras installed throughout the
city to monitor river �oodings.

Once we de�ne the reference line's location for a given camera viewpoint, the
proposed method performs the following set of calculations to determine the river's
water level:

1. Calculate the Euclidean distance, dr(p,q), in pixels, between the two extreme
points (p = [px, py] and q = [qx, qy]) of the reference line.

2. Compute the slope of the reference line: mr = (qy − py)/(qx − qy).
3. Use the slope, mr, to �nd the point in the reference line that intersects the

segmented water surface: r = [rx, ry].
4. Compute the Euclidean distance, di(p, r), in pixels, between the upmost point

in the reference line and the point intersecting the segmented water surface.
5. The river's water level is computed from the following linear equation:

h = hmax −
(
(hmax − hempty) ·

di(p, r)

dr(p,q)

)
, (1)

where h is the river water level, hmax is the maximum height of the �oodwall
or �at surface used for reference, and hempty is the height of the lowest water
level from the reference image. Moreover, h, hmax, and hempty are measured
in meters, while dr and di are measured in pixels. The quantities in Eq. 1 are
illustrated in Figure 4b.

Residual Neural Network

Backbone

1x1 Convolution

3x3 Convolution
12x12 Dilation

3x3 Convolution
24x24 Dilation

3x3 Convolution
36x36 Dilation

1x1 Convolution

Atrous Spatial Pyramid 
Pooling (ASPP)

Image Pooling

3x3 Convolution 1x1 ConvolutionInputs Outputs

Size: 224x224x3 Size: 224x224x2

Fig. 3: Architecture of the DeepLabv3 Neural Network.
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There is also an edge case when computing the water level: when the water
surface, point q, is above the �oodwall, point p. In this case, we consider that the
river is already over�own, and we do not compute the water level anymore. Fur-
thermore, when the river is over�own, a River Flooding Alert is sent independently
of the actual water level.

4.4 River Flooding Alert

Once the river level is known, the system can decide to send a River Flooding
Alert. There are currently two ways an alert can be sent: directly from the project's
website and by email. The alert is sent once either monitored river has reached a
dangerous preset level. Once the alert is sent, the population has between �ve to
ten minutes to take shelter. This alert aims to reduce the probability of economic
and social loss in the area near the river. The proposed system can also send
an email alert to the city's civil defense authorities, allowing them to assist the
population close to the a�ected area and block drivers' access to �ooded roads.
With the alert, the latest available image is also sent, allowing the authorities to
understand the river's surroundings better.

5 Experimental Design

This section presents the parameters and the experimental setting used to validate
the proposed algorithm.

5.1 Deep Neural Network Fine-Tuning Parameters

We chose to test Fully Convolutional Networks (FCN) and DeepLabv3 architec-
tures. Both architectures have backbones composed of Residual Neural Networks
(ResNets) with 50 layers (ResNet50) and 101 layers (ResNet101). These models
were trained using Transfer Learning, where a model pre-trained in a di�erent
dataset is �ne-tuned to the new task [47]. In our case, the chosen models were pre-
trained in the Microsoft COCO dataset [48], and we �ne-tuned them to segment
the water surface of river images. The FCN and DeepLabv3 models were then �ne-
tuned for a total of 50 epochs with this dataset. Furthermore, we �ne-tuned the

(a) Manually drawn reference line.

p

q

Floodwall's top

Floodwall's bottom

Water level

dr(p, q)
r

di(p, r)
hmax

hempty

(b) How the water level is measured.

Fig. 4: Water level measurement.
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Table 2: Parameters used to �ne-tune the DNNs for water surface segmentation.

Parameter Value

DNN Models

FCN ResNet50
FCN ResNet101

DeepLabv3 ResNet50
DeepLabv3 ResNet101

Pretained Dataset Microsoft COCO
Optimizer Stochastic Gradient Descent

Loss Function Cross-entropy Loss
Number of Epochs 50
Weight Decay 5× 10−4

Momentum 0.9
Learning rate 1× 10−5

Learning rate decay factor 0.5
Learning rate decay schedule 7 epochs

Batch Size 8

chosen DeepLabv3 DNN models using the Stochastic Gradient Descent optimizer
with a Batch Size of eight images, an initial Learning Rate equal to 1× 10−5, Mo-
mentum equal to 0.9, and Weight Decay equal to 5×10−4. The Learning Rate also
decays by a factor of 0.5 every seven epochs during training. Table 2 summarizes
the parameters used in the �ne-tuning process.

5.2 Monitored Rivers and Training Dataset

Our proposed alert system currently monitors two rivers, called rivers A and B,
in São Carlos, SP, Brazil. Figure 6a shows the physical locations of the cameras
installed in the city, while Figures 6b and 6c show sample images from rivers A and
B, respectively. We chose these two points because they are located in an important
commercial district and are also notoriously known for being susceptible to �ash
�oodings during the city's rainy season. Thus, being able to detect �ooding events
can reduce the economic loss caused by them.

We have 167,897 raw and unedited images from these two rivers spanning a
total of years of river monitoring from 2016 to 2020. We built the dataset used to
train the DeepLabv3 models from these images, where we manually annotated the
water surface of 968 images used for training and 30 images used for testing. Some
examples of training images are shown in Figure 5. The annotated images were
chosen randomly, but we tried to keep the dataset balanced with images of empty
and �ooded rivers. Furthermore, the DeepLabv3 models only accept input images
with a resolution of 224 by 224 pixels. Thus, we downsized and center-cropped our
images from 1280 by 720 pixels to match this resolution.

5.3 Implementation Details and Algorithm Parameters

We trained the DeepLabv3 models used in this work in a machine equipped with
an Nvidia RTX 3070 GPU with 8GB of video memory, an AMD Ryzen 7 3700x
processor, and 32 GB of Random Access Memory (RAM). On the software side,
we used Python 3.8 with the PyTorch 1.4.0 Deep Learning library and OpenCV
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Fig. 5: Examples of manually segmented water surfaces used to train the
DeepLabv3 DNN.

4 to run, train and deploy our algorithm. Once trained, the DNN model and river
level detecting algorithms are deployed in a server running on an Nvidia GTX 1650
GPU with 4 GB of video memory, an Intel Core i7-7700 processor, and 16 GB of
RAM. Furthermore, all software was developed and deployed using the Ubuntu
20.04 Linux Operating System. For anyone who desires to reproduce or improve
our algorithm, the source code is available on GitHub2.

Due to processing power and internet bandwidth constraint, the proposed alert
system receives images from our sensor nodes every �ve minutes. Moreover, for
river A, the quantities represented in Eq. 1 are hmax = 2.7 meters, hempty = 0.45
meters, while for river B hmax is equal to 2.7 meters and hempty = 0.2 meters.
We manually measured these quantities for each river. For last, an alert will be
sent if the computed river A's water level reaches 2.40 meters, which is close to
the height of the �oodwall, or if river B's level reaches 1.50 meters.

6 Experimental Results

This section details the results obtained with the proposed river �ooding detection
system. First, we present the overall results we obtained with the proposed system,
and then we discuss these results in detail.

6.1 Overall Results

The resulting training curves of the FCN and DeepLabv3 DNN models can be
visualized in Figure 7, where the Cross-Entropy Loss and the Intersection over the
Union (IoU) of the river's water surface, two of the most used metrics in semantic

2 https://github.com/feferna/river-�ooding-detection
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River A
River B

South America
São Carlos, SP, Brazil

(a) Physical location of the rivers being monitored.

(b) Sample image of river A. (c) Sample image of river B.

Fig. 6: Location and sample images of the rivers being monitored. The water �ows
from river B to river A.

Table 3: Fine-tuning results of the chosen DNN models on our custom water seg-
mentation dataset.

Model Training Loss Training IoU Test Loss Test IoU

FCN ResNet50 0.0019 0.9634 0.0043 0.9372
FCN ResNet101 0.0042 0.9641 0.0078 0.9402

DeepLabv3 ResNet50 0.0019 0.9666 0.0037 0.9434
DeepLabv3 ResNet101 0.0038 0.9661 0.0072 0.9422

segmentation, are depicted. Moreover, at the end of the training session, the models
were tested with 30 images, not from the training set, to verify their generalization
capabilities. Table 3 also presents the training results of the four DNN models we
tested. The test loss and test IoU for the FCN ResNet50 model are equal to 0.0043
and 0.9372, respectively, while for the FCN ResNet101, they are equal to 0.0078
and 0.9402, respectively. The loss and the IoU for the DeepLabv3 ResNet50 model's
test set were equal to 0.0037 and 0.9434, respectively. The DeepLabv3 ResNet101
model obtained a test loss equal to 0.0072 and a test IoU equal to 0.9422. These
results show that all four DNN models can learn how to segment the water surface
in a river's image with very high accuracy. Furthermore, the training curves in
Figure 7 and the loss and IoU in the test set show that the models did not over�t
the training set. The test IoU is very close to the training IoU showing no signs of
loss of generalization.

To verify the accuracy of our proposed water level algorithm, we used a set
of eight images taken from a single river but with di�erent angles, as exempli�ed
in Figure 8. These images were also used by Ortigossa et al. [10] to verify the
accuracy of their algorithm. Hence, these eight images can help us compare our
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(a) FCN ResNet50.
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(b) FCN ResNet101.
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(c) DeepLabv3 ResNet50.
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(d) DeepLabv3 ResNet101.

Fig. 7: Fine-tuning curves of the chosen DNN models.

results with their results, shown in Table 4. The water level in these eight images
was manually measured to be equal to 51.22 cm. The Mean Absolute Error (MAE)
from the Ortigossa et al. [10] method was equal to 0.46 cm, while the MAE using
our method was equal to 3.35 cm. Although our method has a worse MAE than
the one in [10], it is still satisfactory because our main objective is to detect when
a given river level has reached a dangerous preset threshold. Thus, we consider
an absolute error of 10 cm enough to detect when the rivers being monitored in
this study are about to over�ow. Furthermore, our proposed method is robust
to changes in illumination and camera viewpoints, which is not the case of the
method in [10].

We also tested our proposed system with images of a �ooding event in São Car-
los, SP, caused by heavy rains. Figure 9 shows the evolution of this �ooding event
in roughly 20 minutes, and each image was taken with �ve minutes of di�erence.
River A starts with 1.17 meters, Figure 9a, and the water level rises 2.40 meters,
Figure 9c, where the system sends a Flood Alert. The water level continues to
rise until the river has over�own, Figure 9d. Additionally, Figure 9d shows that
our algorithm can detect if the river level is above a manually chosen threshold
by comparing if the chosen reference point is below the segmented water surface
border. The images of river B in Figure 10 depict a similar history, but river B
did not over�ow and kept its water level constant. However, as shown in Figure
6a, the water �ows from river B to river A. Hence, even though the water level in
river B is below the �oodwall, it contributes to the water level in river A. Because
of this, the water level threshold in river B needs to be lower than in river A.
Additionally, we compared the water level computed by our algorithm and shown
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Table 4: Water level results in a set of images taken from a single river with
di�erent camera angles.

Image
Ground
Truth (y)

Ortigossa
et al. [10] (ỹ)

Abs. Error
(|y − ỹ|) Ours (ŷ)

Abs. Error
(|y − ŷ|)

1

51.22 cm

50.24 cm 0.98 cm 49.72 cm 0.46 cm
2 50.74 cm 0.48 cm 46.85 cm 4.37 cm
3 50.71 cm 0.51 cm 52.16 cm 0.94 cm
4 50.34 cm 0.88 cm 44.98 cm 6.24 cm
5 51.41 cm 0.19 cm 44.17 cm 7.05 cm
6 51.55 cm 0.33 cm 47.94 cm 3.28 cm
7 50.93 cm 0.29 cm 52.22 cm 1.00 cm
8 51.21 cm 0.01 cm 47.80 cm 3.42 cm

Mean 50.89 cm 0.46 cm 48.16 cm 3.35 cm

in Figures 9 and 10 to a ruler installed at the river's bedside, shown in Figure 11,
because we do not have any pressure or ultrasonic sensors installed.

We have also tested the segmented water surface's quality using images with
di�erent lighting conditions. We select four images from di�erent days and times,
but with the river in a low water level, as shown in Figure 12. We can see that the
DeepLabv3 DNN model can very well segment the water surface in each image.
These results show that the proposed water segmentation approach is suitable
for dealing with lighting variation, avoiding the need to deal with such variations
algorithmically.

Fig. 8: Water segmentation and water level detection results using images of a
single river from di�erent viewpoints.
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(a) Beginning of heavy rain. River level is
computed as 1.17 meters.

(b) Water level starts to rise. River level is
computed as 1.82 meters.

(c) The water level reaches the highest point
of the �oodwall. River level is computed as
2.40 meters.

(d) The heavy rain over�ows the river. Our
system detects that the river has over�own.
The system does not compute the water level
once it is above the �oodwall.

Fig. 9: River A's water level results during a �ooding event.

(a)

(b) (c)

Fig. 10: River B's water level results during a �ooding event. In all images, river
B has reached 1.50 meters, which is considered dangerous for this river.
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6.2 Results Discussion

The results presented here show that the proposed generic River Flooding De-
tection System can satisfactorily segment the water surface and detect the river
level using only raw images, allowing for portable and cheap sensors for detect-

Fig. 11: Ruler installed at river A's bedside. We use this ruler to verify how well
our algorithm performs.

Fig. 12: Water level detection results under di�erent lighting conditions. Our pro-
posed algorithm is robust to changes in lighting conditions.
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ing �ooding situations. It is also important to note that we are not interested in
have millimetric precision with our proposed river water detection algorithm. Our
main goal is to detect when an urban river is close to over�owing or has already
over�own due to a heavy rain. Furthermore, we intended to create a simple al-
gorithm that could be easily deployed with di�erent rivers. Thus, although our
proposed method obtained a higher average MAE of 3.35 cm than the 0.46 cm
from [10], it could still detect when the rivers' water level reached the dangerous
preset thresholds.

The results also show that the proposed system is robust to changes in camera
viewpoints and illumination, making it easier to deploy in many urban rivers.
Moreover, the system is already available for use by the population3, and it is
capable of sending �ooding alerts through the project's website and registered
emails. The system sends a �ooding alert once either one of the monitored rivers
reaches a predetermined threshold deemed dangerous, of 2.40 meters for river A
and 1.50 meters for river B, as illustrated in Figure 13. The city's authorities,
business owners, and people living closer to these rivers can use the alerts to take
shelter and move expensive items out of the water's way, reducing the economic
and social losses caused by these disasters4. Although the proposed alert system
currently monitors only two rivers, it can be easily extended to work with many
more rivers.

However, there are some limitations to the proposed River Flooding Detection
System as follows:

1. The system needs a �at surface orthogonal to the water blade in which a
reference line can be manually drawn. For di�erent camera viewpoints, this
reference line needs to be redrawn.

2. The system does not account for slight variations in the camera viewpoint
caused by the wind and temperature dilation. For example, a strong wind can
increase the error between the computed water level and the real one.

3. Currently, the proposed system can only perform water surface segmentation
during the daytime due to the lack of a night vision camera.

3 The proposed �ooding detection system can be accessed through the URL:
http://agora.icmc.usp.br:5001
4 https://g1.globo.com/sp/sao-carlos-regiao/noticia/2020/12/17/inteligencia-arti�cial-que-

monitora-e-alerta-sobre-enchentes-e-criada-pela-usp-de-sao-carlos.ghtml

Fig. 13: River �ooding detection system. On the left, alert sent through the
project's website. On the right, alert sent through email.
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Nevertheless, due to the current work scope, we believe these limitations are
more suitable to be addressed in future works.

7 Conclusion and Future Work

This work presents the development of a generic River Flooding Detection System.
Moreover, the proposed detection system can be used with di�erent rivers, view-
points, and lighting conditions thanks to the semantic segmentation performed
by Deep Neural Networks (DNNs). Once the segmentation is performed, the river
level can be easily determined by computing the distance from a manually drawn
reference line to the water surface's border.

The proposed detection system was deployed in two rivers located in São Car-
los, SP, Brazil, where alerts are sent once either one of the monitored rivers' water
level reaches a preset threshold. The population can receive alerts by visiting the
project's website or by registering their email. The city's authorities can also use
the alerts to reduce property and human losses in the a�ected area.

In this document, we presented only the beginning of our plans to develop
a robust river �ooding detection system using only images from video cameras.
There are still several improvements that we will be addressing in future work:

1. We plan to develop a smartphone app to allow for the quickest delivery of �ood
alerts.

2. We plan the development of portable hardware to enclosure the whole sensor
for easy installation.

3. We will deploy a sensor network in multiple rivers throughout the city to detect
�ood events as early as possible.

4. We intend to develop a machine learning algorithm capable of automatically
�nding the reference lines in rivers images using visual clues, such as bar codes
installed at the river bedside.

For last, we will use the future sensor network nodes' own processing power to
perform the river �ooding detection algorithm, allowing for a fault-tolerant system.
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