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Abstract: Floods are among the most common disasters, causing loss of life and enormous damage
to private property and public infrastructure. Monitoring systems that detect and predict floods
help respond quickly in the pre-disaster phase to prevent and mitigate flood risk and damages.
Thus, this paper presents a deep neural network (DNN)-based real-time flood monitoring system
for embedded Internet of Things (IoT) edge devices. The proposed system fuses long-wave infrared
(LWIR) and RGB cameras to overcome a critical drawback of conventional RGB camera-based sys-
tems: severe performance deterioration at night. This system recognizes areas occupied by water
using a DNN-based semantic segmentation network, whose input is a combination of RGB and
LWIR images. Flood warning levels are predicted based on the water occupancy ratio calculated by
the water segmentation result. The warning information is delivered to authorized personnel via a
mobile message service. For real-time edge computing, the heavy semantic segmentation network
is simplified by removing unimportant channels while maintaining performance by utilizing the
network slimming technique. Experiments were conducted based on the dataset acquired from the
sensor module with RGB and LWIR cameras installed in a flood-prone area. The results revealed
that the proposed system successfully conducts water segmentation and correctly sends flood warn-
ing messages in both daytime and nighttime. Furthermore, all of the algorithms in this system were
embedded on an embedded IoT edge device with a Qualcomm QCS610 System on Chip (SoC) and
operated in real time.

Keywords: flood monitoring; semantic segmentation; network slimming; edge computing;

surveillance camera; multimodal sensor

1. Introduction

Natural disasters such as floods, forest fires, earthquakes, and landslides have stead-
ily increased over the past few decades, and the frequency of their occurrence is also rap-
idly growing. These disasters cause heavy loss of human life and destruction of private
property and public infrastructure and leave behind significant social and economic dam-
ages. The process of a disaster consists of three phases: pre-disaster (before the disaster),
intra-disaster (during the disaster), and post-disaster (after the disaster) [1,2]. The ulti-
mate goal of disaster management (DM) is to prevent and mitigate the loss of life and
disaster risk. The most effective way to do this is to detect disasters early and respond
quickly and promptly. This is why a DM system in the pre-disaster phase, consisting of
prediction, monitoring, and early warning, is indispensable.

Flooding is one of the most common disasters, accounting for 44% of all disasters
from 2000 to 2019 [3]. In the pre-disaster phase, the monitoring system can detect flooding
early, and the emergency warning system can help evacuate people in hazardous areas
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quickly to prevent massive damage. The traditional approach to predicting flooding, a
type of hydrological event, typically utilizes hydrological and meteorological data such
as water levels, water discharge, rainfall, and wind direction, measured directly by vari-
ous sensors [4,5]. However, the sensors used in this approach are limited to being installed
in specific places and have a narrow detection range; they are unable to recognize the
progress of floods in various locations, and the measured data cannot be visualized, mak-
ing it difficult to understand the actual site.

On the other hand, image sensors have a more comprehensive detection range than
conventional direct measurement sensors and can provide more information about the
river and its surroundings. In recent years, advances in deep learning (DL) technology
have improved the accuracy of image processing techniques in computer vision, which
has led to more research on detecting water bodies in rivers based on images to predict
floods. Depending on the image acquisition technology, imagery data for flood detection
are categorized into satellite imagery, unmanned aerial vehicle (UAV) imagery, and sur-
veillance camera imagery. Satellite imagery covers a large area, making it difficult to ex-
tract specific information from a small area, and the long observation interval of satellites
makes them unsuitable for real-time flood monitoring. UAVs have been utilized as a suit-
able technology for flood monitoring due to their ability to acquire high-resolution images
at low altitudes [6-8]. However, due to their small size, the performance of data accuracy
in terms of resolution can be affected during severe weather conditions such as heavy rain
or typhoons. In addition, it is difficult for a UAV to monitor for an extended duration
because it has to handle various tasks such as flight and image acquisition and processing
with limited resources. In the end, surveillance cameras that can reliably acquire and pro-
cess data over a small area are an effective alternative for flood monitoring. Utilizing sur-
veillance cameras for flood monitoring has the benefit of reducing costs for new camera
installation because it is possible to use existing surveillance cameras in some cases. In
addition, newly installed flood monitoring cameras can be utilized for other purposes,
such as vehicle and pedestrian surveillance.

There are three challenges in realizing an image-based flood monitoring system us-
ing a deep neural network (DNN): (1) It is necessary to detect changes in rivers and
streams regardless of whether it is day or night. (2) Edge-computing-based flood detection
is required for real-time responses to floods, which means image analysis on camera de-
vices that acquire images. (3) A warning system is needed to notify people in the hazard-
ous area of an emergency so that they can evacuate quickly.

This paper proposes a DNN-based flood monitoring system fusing RGB and long-
wave infrared (LWIR) cameras for embedded Internet of Things (IoT) edge devices. First,
we propose using an LWIR sensor to identify changes in river water bodies, even at night.
Using only an RGB sensor makes it very difficult to distinguish objects in the images at
night due to insufficient illumination. Furthermore, RGB images are affected by poor
weather conditions, such as fog or heavy rain, so fusion with other sensors is necessary
[9]. Unlike RGB sensors, LWIR sensors output images in response to infrared heat emitted
from objects. Thus, even in the case of weather changes or during the night, our system
can obtain stable image data from the LWIR sensor without much difference from daytime
in clear weather. We also use a network slimming method for Al edge computing. This
method has the effect of significantly reducing the size and computation of the heavy net-
work with the same accuracy. Next, we deploy the lightweight network to the edge de-
vices and obtain the inference results. Finally, we verify that the implemented warning
message generation module sends flood warning messages successfully.

The contributions of this paper are as follows:

(1) To the best of our knowledge, this is a novel system to monitor floods using a multi-
modal camera sensor composed of RGB and LWIR. This multimodal sensor-based
approach improved the performance of water segmentation for night images.

(2) For edge computing, we applied a network slimming method to DeepLabV3+, a se-
mantic segmentation network that segments water in RGB and LWIR fused images.
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The method resulted in a significant reduction in processing time without degrading
performance.

(3) To verify the practicality and effectiveness of the proposed method, we demonstrated
it in embedded using Qualcomm’s SoC (System on Chip).

(4) A flood warning system module based on a mobile message service was built and
demonstrated.

2. Related Works

This paper focuses on flood monitoring based on surveillance cameras. This section
summarizes related works on DNN-based flood monitoring and detection from surveil-
lance cameras.

Early approaches focused on segmenting water regions in images by applying exist-
ing DNN-based segmentation algorithms. Lopez-Fuentes et al. [10] proposed a flood mon-
itoring system that automatically analyzes images from surveillance cameras to predict
floods. It was almost the first attempt to use a DNN-based segmentation algorithm to seg-
ment water regions in river images instead of conventional texture or color-based image
processing algorithms. They compared the performance of three different segmentation
algorithms in their experiments. The results showed that their work is suitable for imple-
menting automatic detection of water level rises for flood early warning. Baydargil et al.
[11] conducted a study to detect whether a road is flooded using surveillance cameras
monitoring the road. They used SegNet to segment flooded regions on the road. Akiyama
et al. [12] installed surveillance cameras around a river to acquire image data and used
SegNet to perform water segmentation.

After these studies, there was research on predicting water levels from water seg-
mentation results: approaches using flood index [13], approaches using classification al-
gorithm [14], and approaches using landmarks [15,16].

Vitry et al. [13] proposed a novel approach to identify water level trends from existing
surveillance camera systems. They used a DNN algorithm to detect floods in the image
and proposed a new flood index to predict the water level. The flood index is calculated
as the ratio of the water region to the region of interest in the image as an indicator of
visible water level fluctuations. The experimental results showed that the predicted flood
index highly correlated with the water level a conventional ultrasonic rangefinder meas-
ured.

Borwarninginn et al. [14] proposed a method for detecting water levels in surveil-
lance cameras. They used an approach based on a classification algorithm that sets water
levels into several classes and outputs them from the input image. They used InceptionV3
as a DNN-based classification algorithm. Also, they proposed a new model incorporating
an attention mechanism so that a single model can be utilized for multiple surveillance
cameras.

Vandaele et al. [15] proposed a method to predict flood risk based on water level
obtained from water segmentation results for automatic flood detection. They used FCN,
UperNet, and DeepLabv2 on surveillance camera images installed around a river for wa-
ter segmentation. They marked landmarks in the images, which are indicators for predict-
ing water level, and predicted water level and flood risk by determining whether the seg-
mented water region contains landmarks. Muhadi et al. [16] proposed a flood detection
method based on landmarks, similar to [15]. They used DeepLabv3+ and SegNet to detect
water bodies in surveillance images. The experimental results showed that DeepLabv3+
outperformed SegNet. They used water level markers to estimate the water level from the
detected water bodies, which were determined using LiDAR data information. These
markers were also used as indicators of the flood warning level. The experimental results
reported that the predicted water level was highly correlated with the water level directly
measured by the water level sensor.

Other research has focused on how to simplify DNNs in flood detection applications
to deploy deep learning models on edge devices. Fernandes et al. [17] proposed a pruning
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algorithm to lighten the DNNs used for water segmentation. Since deploying DNN mod-
els with large sizes in resource-constrained edge devices is a challenging problem, they
researched a pruned model that fits into a specific memory without degrading perfor-
mance. They used DeepLabv3 and proposed a randomized heuristic-based pruning algo-
rithm. The experimental results showed that the proposed algorithm could find pruned
models with adequate performance within the specified amount of memory. Our previous
work [18] applied a semantic segmentation network to public forest fire and flood datasets
for forest fire and flood detection. We simplified the network by utilizing a network slim-
ming method and showed that the simplified semantic segmentation network operated in
real time on an embedded board.

In summary, most of the existing studies have focused on segmenting water and pre-
dicting water levels from surveillance camera images for flood monitoring. And they have
shown that DNN-based segmentation algorithms perform well enough to be used for
flood detection and that this approach has sufficient potential to be used in flood moni-
toring systems. In addition, most of the experiments have been conducted on GPU-based
desktop environments and image datasets acquired during the daytime. Few studies have
shown the results of lightweight DNNs and ported them to real edge devices for real-time
flood monitoring systems.

3. Flood Monitoring System
3.1. Overview

Figure 1 shows the overall process of the proposed flood monitoring system. The
proposed system consists of three stages: image acquisition and preprocessing, edge-com-
puting-based flood detection, and flood warning. In the first stage, RGB and LWIR images
obtained from multimodal sensor-based surveillance cameras are matched. In the next
stage, water segmentation results are obtained using a DNN-based semantic segmenta-
tion network on the SoC mounted on the camera board. In addition, the flood hazard area
is set as the region of interest (ROI) in the image, and the predicted flood warning level is
output by calculating the proportion of water regions in the ROL. In the last step, the flood
warning level is sent to the cloud server, and the generated warning message based on
this flood level is delivered to the authorized users’ cell phones or PCs.

RGB LWIR

— Edge camera device

Emm% -
D
W ﬁﬁ s \

output

( epmmm )

4-channel input oomm. )\
Water segmentation A /\) - D em
s < o

Cloud server

Warning message

Predicting flood warning levels

RGB/LWIR camera device Edge-computing based flood detection Flood warning

Figure 1. Overview of the proposed flood monitoring system.

3.2. Alignment of RGB and LWIR Images

In the alignment stage, we combine RGB three-channel images with LWIR one-chan-
nel images and use four channels of fused data as input. However, since the RGB and
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LWIR camera lenses are located side by side in the camera device, each sensor acquires
images from different viewpoints. To generate four channels of fused input data, the view-
points of the RGB and LWIR images must be matched in a process called image alignment.
To this end, we used a projective transformation (homography) for the relation between
RGB and LWIR images. In the proposed system, the RGB and LWIR cameras are incredi-
bly close to each other, and the target object is considerably far from them. Therefore, the
relation between a pair of images captured by the two cameras can surely be approxi-
mated by homography [19]. We have measured the alignment accuracy by calculating the
average distance between the corresponding points after the alignment. It was 5.02 pixels
(0.87% with respect to the diagonal distance of the input image).

Image alignment starts by obtaining corresponding points between the RGB and
LWIR images. Next, a homography matrix is computed using these correspondence
points. Then, the homography matrix is applied to the LWIR image to transform the LWIR
image to match the RGB image. Finally, four channels of fused data are generated by con-
catenating three channels of the RGB image and one channel of the LWIR image. Figure 2
shows the process of aligning RGB and LWIR images. In this process, the corresponding
points do not need to be detected repeatedly for every input image. This is because the
homography matrix determined once in the camera settings can be used continuously for
newly acquired RGB and LWIR input images.

LWIR image

RGB image

Homography |, Homography
Determination matrix H)

“ug, ,. »

: = {‘1—";‘“"?'%;4\w»,&
Finding corres’pe@nﬂbints y

¥

Transformation
(P'owir = H-Puwir)

Original LWIR image

Transformed LWIR image

concatenation

RGB image Fused 4-channel input

Figure 2. Image alignment process using homography.

3.3. Semantic Segmentation: DeepLabuv3+

The DeepLab series [20-23] was developed by Google Research and is known for its
high performance among semantic segmentation networks. DeepLabv3+ [20] is the most
recently updated model and has the best performance compared to previous versions of
DeepLab models.
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4-channel input

The main feature of DeepLabv3+ that differs from previous versions is the addition
of a simple but effective decoder module. This decoder helps effectively recover the details
of the segmented object boundary. As shown in Figure 3, the decoder has the structure of
concatenating the output feature of the encoder upsampled by a factor of 4 and the low-
level feature from the backbone and then applying a 3 x 3 convolution to the concatenated
feature followed by upsampling again by a factor of 4 to obtain the final output [20].

DeepLabv3+ also uses Atrous convolutions, which are dilated convolutions that ad-
just the receptive field of DNNs to incorporate multi-scale contextual information. So,
Atrous Spatial Pyramid Pooling (ASPP), consisting of Atrous convolutions with varying
Atrous rates in parallel or cascade, performs robustly in segmenting multi-scale objects
[22,23].

DeepLabv3+ uses DeepLabv3 or a modified Xception as an encoder. This paper used
DeepLabv3 as an encoder and ResNet50 as a backbone. ResNet has a residual block as a
basic structure, consisting of a1l x 1, 3 x 3, and 1 x 1 convolutional layer stack. In this block,
the role of 1 x 1 convolutions is to reduce the number of parameters and the amount of
computation. The ResNet50 used in this paper consists of 50 layers. This network contains
16 residual blocks, and there are 48 convolutional layers within these blocks. This config-
uration can extract enough information to segment water and non-water regions from the
image. However, ResNet50 is a relatively heavy network, so it would be inefficient in
terms of processing time and power consumption to deploy and process it on edge de-
vices. This paper applies a network slimming method to reduce the number of parameters
and the amount of computation without performance degradation.

! Encoder ASPP(Atrous Spatial Pyramid Pooling)
1x1 conv

3x3 conv
Rate 6

3x3 conv Tl
Rate 12 conv :

3x3 conv
Rate 18

Backbone

(ResNet50)

Upsample
-’[ 3x3 conv H by 4

Figure 3. Architecture of DeepLabv3+.

3.4. Network Slimming and Embedding

Figures 4 and 5 show the process of applying network slimming to the DeepLabv3+
model to generate slimmed DeepLabv3+ and embedding the slimmed DeepLabv3+ into
Qualcomm’s QCS610 chip, respectively.

The network slimming method used in this paper was proposed by Liu et al. [24] and
consists of three steps: sparsity training, channel pruning, and fine-tuning, as shown in
Figure 4. This network slimming method uses the scale parameter y of the batch normal-
ization layer, which is placed after the convolutional layer, as a scaling factor of the chan-
nel to determine the importance of the channel. The sparsity training step aims to make
as many scaling factors go to zero as possible. This step is performed by using the loss
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Slimmed
DeeplabV3+

function obtained by adding the L1 regularization term for the scaling factor to the loss
function of the network, as shown in Equation (1).

L= Z(x,y) l(f(x' W), )’) + AZyEFlYll (1)

In Equation (1), (x, y) is the input and target of the training data, W is the weight, the
front part is the loss function of the segmentation network, the remaining part is the pen-
alty to elicit sparsity for the scaling factor, and A is the sparsity parameter that balances
the two parts. After sparsity training, the channel pruning step determines the pruning
ratio, which is the ratio of channels to be removed to the total number of channels of the
network. Then, we remove the channel corresponding to the index of the scaling factor
below the threshold calculated from the pruning ratio. Finally, the fine-tuning phase re-
trains the parameters to fit the pruned network to obtain the final slimmed network.

Normally trained |  Sparsity |, | Channel | Fine-Tuni |, Slimmed
DeeplabV3+ training Pruning ihe-funing DeeplabV3+

Figure 4. Process of generating a simplified network based on the network slimming method.

In general, to deploy and operate a DNN model on an edge device, it is necessary to
convert the model format to a format suitable for the embedded board environment. This
is because the trained models are usually created on different deep learning frameworks,
such as TensorFlow, Caffe, and PyTorch, depending on the development environment.
Therefore, for embedding, we must convert our slimmed DeepLabv3+ to a format suitable
for Qualcomm’s QCS610 chip. Qualcomm provides a tool called Snapdragon Neural Pro-
cessing Engine (SNPE) software development kit (SDK), which provides the functions to
convert models developed in different frameworks to fit on Qualcomm’s chips [25].

Deploying slimmed DeepLabv3+ on the QCS 610 chip, as shown in Figure 5, involves
model conversion and quantization. In the model conversion, the file format of the model
is converted into a Deep Learning Container (DLC) file, a file format available in Qual-
comm chips. In this paper, we trained slimmed DeepLabv3+ in the TensorFlow frame-
work. Therefore, we converted the model file in TensorFlow format into a DLC file suitable
for Qualcomm chips using the conversion API provided by SNPE. Next is the model quan-
tization. We run our model on the digital signal processor (DSP) of the QCS 610’s proces-
sors. The DSP on the QCS 610 is the Hexagon 685 DSP, which has a specialized architec-
ture for Al algorithms, enabling real-time inference at low power [26]. However, the DSP
only supports 8-bit integer operations. Therefore, it is essential to quantize the parameters.
A quantized model is created using the quantization API provided in the SNPE SDK. Fi-
nally, embedding is completed by porting the quantized DLC file to the board [18].

SNPE on Desktop SNPE on board
Model Model Deploying a
model on

conversion Model.dlc | quantization | Quantized_model.dlc QCS610

Figure 5. Process of embedding a simplified segmentation network in QCS610.

3.5. Flood Warning Module

In this paper, we categorize flood warning levels into four levels: caution, alert, warn-
ing, and danger, which are predicted from the water segmentation results. We used the
approach to manually set the region of interest (ROI) as in [13] and determine the flood
warning level as the percentage of water area in the ROL Figure 6 shows the ROI and
small boxes needed to predict the flood warning level. First, the ROI is set as the area
where the water in the river increases until it overflows in the input image. This region is
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marked by the white line in Figure 6. Inside this ROI, there are green, yellow, orange, and
red boxes, each color representing a warning level. Green is caution, yellow is alert, orange
is warning, and red is danger. The warning level is activated when the water region within
each box reaches 75% or more. Our approach is more robust than methods such as those
in [15,16], which only consider whether a point at a particular location is occupied within
a segmented water region.

Figure 6. ROI and four boxes for predicting flood warning levels. The color of each box indicates
the warning level. Green is caution, yellow is alert, orange is warning, and red is danger.

Figure 7 shows the message delivery process of the flood warning module. This mod-
ule is implemented in Python, and the message includes weather and water level infor-
mation along with the flood warning level. As shown in Figure 7, flood monitoring is the
core process developed in this paper, which receives the images from the camera as input,
processes the images on the embedded board, and outputs the flood warning level as out-
put. The flood warning level is transmitted to the cloud server. The cloud server also re-
ceives weather information such as rainfall, wind direction, wind speed, and water level
information of the reservoir near the river. By synthesizing this information, it generates
a warning message for the river of interest. Warning messages are sent to authorized us-
ers’ mobile phones or PCs. Weather information is obtained using the open API of the
public data portal site [27], and reservoir water level information is obtained from the
Rural Agricultural Water Resource Information System [28].

‘!{ Weather Info  Water level
e @ N\
\ag v v
=
Flood ==

Warning message warning
generation messages

_—

| monitoring Flood

warning
- level

Edge-computing

Cloud server

Figure 7. Process of sending a flood warning message.

4. Experiments
4.1. Dataset

The stream where the cameras were installed to collect the dataset is shown in Figure
8. The stream has a small amount of water flowing through it during regular times, as
shown in the blue region in Figure 8, but when rainfall increases, such as during the rainy
season or a typhoon, the stream expands and fills in the area shown in red. The red dashed
line is the boundary between the stream and the roadway on the bank. When the water of
this stream crosses this boundary, flooding occurs. This stream was in fact flooded by
heavy rains caused by a typhoon in September 2022. The factory and residential areas
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around the stream were flooded and damaged. We installed two cameras in a fixed posi-
tion overlooking the stream on the roof of a building on the factory side of the stream.
Each camera captures images of the stream from a different angle.

Camera FR Y
Location 1 DX TS

S, o

Factory area 3 % k3
Camera
Location 2
o
"CJ'nI_l

Figure 8. Test site for flood monitoring system.

As shown in Figure 9, the camera device consists of an RGB camera, an LWIR camera,
and an embedded board. The Sony IMX334 is used as the RGB sensor, and the Lepton 3.5
sensor module is used as the LWIR camera. The resolution of the RGB sensor is 3840 (H)
x 2160 (V), and the resolution of the LWIR sensor is 160 (H) x 120 (V). The RGB sensor
(Sony IMX334 [29]) collects visible light in the range of 400 to 700 nm wavelength and
converts it into a color image. The LWIR sensor (Lepton 3.5 [30]) captures the infrared
radiation in the range of 8 to 14 um wavelength and outputs a thermal image. The embed-
ded board has a Qualcomm QCS610 specialized for running Al algorithms.

Figure 9. Camera configuration.

We applied two ways to collect data: using fixed cameras and using non-fixed cam-
eras. The fixed camera method installs the cameras at Locations 1 and 2 in Figure 8 and
collects data over multiple days. This is a way of collecting data considering the surveil-
lance camera environment. The method using non-fixed cameras collects data from ran-
dom locations around the river. If the network is trained with data collected only from
fixed cameras, it may generate a network overfitted to a specific river shape. So, we used
non-fixed cameras to collect data, including various river shapes, to avoid overfitting. The
images captured by the two methods are shown in Figure 10. Image samples of Locations
1 and 2 were captured using fixed cameras. The two cameras are capturing the same
stream but from different perspectives, so the location and shape of the stream appear
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different in the images. Locations 3 and 4 are image samples taken with a non-fixed cam-
era around a stream and river downtown. The resolution of the non-fixed camera is 3417
(H) x 1625 (V).

Location 1 Location 2

Location 4

Figure 10. Examples of images collected at four different sites.

The data collection period was from 4 July to 18 September 2023, and the data include
both daytime and nighttime images taken in clear, cloudy, and rainy conditions. The total
number of data is 1945, and the number of data for each location and day and night data
can be seen in Table 1. The data from Location 1 account for 72.4% of the total data, and
the amount of daytime data is higher than that of nighttime data.

Table 1. Distribution of data by location and number of daytime and nighttime data.

Location 1 Location 2 Location 3 Location 4
Daytime 649 131 93 190
Nighttime 760 5 117 0
Total 1409 136 210 190

Example images for day and night are shown in Figures 11-13. Each figure consists
of an RGB image, an LWIR image, and a ground-truth image. The ground truth is a binary
image labeled with water as one and background as zero. Figure 11 shows the daytime
images, consisting of a clear weather image and a rainy weather image. Figure 12 shows
the nighttime images, consisting of a clear weather image and a rainy weather image. Fig-
ure 13 shows the day and night images collected at Location 3. Compared to the daytime
images in clear weather, it is challenging to distinguish water in RGB images at night or
in rainy conditions because the brightness value of the image changes due to night lights
or raindrops. On the other hand, in the LWIR image, the water in the river appears darker
than the surrounding objects because the temperature is relatively lower than the sur-
rounding objects. We can also find that the LWIR image is captured consistently without
being significantly affected by external environmental conditions (day, night, lighting,
and raindrops).
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RGB image LWIR image Ground-truth

Figure 11. Examples of daytime images.

RGB image LWIR image Ground-truth

LWIR image Ground-truth

e 7
%3 g

Figure 13. Day and night images for Location 3.

4.2. Experimental Details

As shown in Table 1, the collected datasets are not evenly distributed. In other words,
the images from the camera located at Location 1 account for more than 70% of the total,
which means that the number of images of the same scene is quite large. Furthermore, the
amount of daytime data is more significant than that of nighttime data. To prevent the
semantic segmentation network from overfitting only a particular scene, we applied data
augmentation to generate images with different scenes. Data augmentation generated
new images using a random crop and resize method only for the images from Locations
1 and 2 using the fixed camera. Table 2 shows the data split for training, validation, and
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test sets. The collected datasets were separated into 1230, 268, and 447 for training, vali-
dation, and testing, respectively, and the data obtained by data augmentation consisted
of 1370 images for training and 290 images for validation. After data augmentation, the
total number of data is 3605, and the data distribution is approximately 70%, 15%, and
15%.

Table 2. Data split for training, validation, and testing before and after data augmentation.

Datasets Training Set Validation Set Test Set
Collected 1230 268 447
Augmented 1370 290 0
Total 2600 558 447

When training DeepLabv3+, the input image size was 512 (H) x 256 (V), the learning
rate was 0.001, the batch size was 8, and the epoch number was 50. The additional data
augmentation rate was 0.8, and data augmentation included horizontal flip, vertical flip,
rotation, and zoom operations. We used the same parameter settings as normal training
during sparsity training and fine-tuning in network slimming. In sparsity training, we
generated five models with sparsity weights ranging from 0.001 to 100.0 in 10-fold incre-
ments. To select the model with the best sparsity training among them, we used the
method of selecting the sparsity model with minor performance degradation and the
highest sparsity weight value, as in [24]. The sparsity weight determined in our experi-
ments was 1.0. For slimmed networks, we generated five models by setting the percentage
of channels to be removed from the total number of channels to 50%, 60%, 70%, 80%, and
90%.

In our experiments, the performance evaluation of the segmentation network was
measured by mean-over-union accuracy (mloU). In addition, to evaluate the edge-com-
puting potential of the slimmed model, we measured the number of parameters, the size
of the model, the inference speed in frames per second (fps), and the amount of computa-
tion in GFLOPs. The inference speed of a slimmed network on the DPS of QCS 610 was
calculated as the number of inferences obtained when running the network in ‘high-per-
formance mode’ for one minute.

We conducted the experiments using two systems with the following specifications:
NVIDIA TITAN RTX with 24 GB on-board memory using a Tensorflow 2.10 and Ubuntu
OS installed on an Intel Core i9-10900X CPU with 64 GB RAM, and Hexagon 685 DSP
using SNPE 2.12 installed on Qualcomm QCS610 SoC.

4.3. Results on the Effect of LWIR Data

To find the effect of using an LWIR camera, we compared the results of three different
networks: a network using only RGB images (Nrcs), a network using only LWIR images
(Nwwr), and a network based on the fusion of RGB and LWIR images (Nrusion). Table 3
shows the water segmentation results of the three different networks. In the first column
of the table, ‘Day’ refers to the results for images acquired during the day, ‘Night’ refers
to the results for images acquired at night, and ‘Total’ refers to the results for the entire
test data. From the results in Table 1, we can see three things.

Table 3. Performance comparisons among three different networks (unit: %).

Nrcs Nriwir Nrusion
Day 90.39 83.77 91.00
Night 80.42 80.11 86.62

Total 87.53 82.86 89.80
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First, as we expected, Nrcs performs well in the daytime with an mIoU of 90.39%,
which is about 7 percentage points higher than Nuwr’s daytime result, but at night, the
mloU is 80.42%, which is significantly lower than the daytime value. This means that
when using only RGB images, it is easy to segment water during the day, but at night, it
is challenging to segment water accurately because it is difficult to distinguish objects.

Second, Nuwr has an mloU of 83.77% during the day and 80.11% during the night,
with relatively little difference between day and night. These results show that LWIR sen-
sors are more robust in response to the effects of the environment because they use radi-
ation heat information to generate images. On the other hand, the performance of Niwir is
overall lower than that of Nrcs. The reason for this is that the resolution of the LWIR image
is significantly smaller than that of the RGB image, so it was difficult to distinguish the
shape and boundaries of the river in the LWIR image as finely as in the RGB image.

Finally, Nrusion has the highest water segmentation accuracy regardless of whether it
is day or night. The mloU is 91.00% for daytime data, 86.62% for nighttime data, and
89.80% for all datasets. In conclusion, we have demonstrated that the performance of Nru-
sion is much better than that of Nres and Niwr using a single sensor because the infor-
mation between the RGB and LWIR image data is complementary, as asserted in this pa-
per.

Figures 14-20 show the qualitative results of Nrcs, Nuwir, and Nrusion compared in
different situations, such as daytime, nighttime, and rainy or clear weather. Figure 14
shows the results for the input image during the daytime in clear weather, and it can be
seen that the water segmentation results of the three networks are almost similar. As
shown in Figures 15 and 16, we can see that the segmentation results from Niwr and Nru-
sion are obtained slightly closer to the ground truth than those from Nrcs because, in day-
time rainy conditions, raindrops on the camera lens make it difficult to distinguish river
water in RGB images. Figures 17 and 18 show the results for nighttime images. In the RGB
input image, it is difficult to distinguish the areas of water due to the reflection of street
lights in the river or raindrops on the camera lens. However, in the LWIR image, there are
no effects from streetlights or raindrops, and the river areas are easily distinguishable. The
result images also show that Nuwir's segmentation results are closer to the ground truth
than the other two networks, which confirms that the LWIR sensor is robust in response
to environmental changes such as nighttime and raindrops. Figures 19 and 20 show im-
ages acquired at Location 3 and show results for daytime and nighttime. Figure 19 shows
that the segmentation result of Nrusion is much more accurate than that of either Nrcs or
Nuwir. Figure 20 shows that the water segmentation result of Nuw is more accurate than
that of Nres at night, and the segmentation result of Nrusion is more accurate than that of
the other two networks.

Additionally, we evaluated the proposed water segmentation network (Nrusion) un-
der two different weather conditions: clear and rainy. In the daytime, the mloUs for clear
and rainy conditions are 90.88% and 89.38%, respectively. In the nighttime, the mIoUs for
clear and rainy conditions are 86.27% and 87.44%, respectively. Since there is almost no
performance difference between clear and rainy conditions, it can be said that the pro-
posed method is robust in response to different weather conditions.
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LWIR image

Result with only RGB image Result with only LWIR image Result with fused image

Figure 14. Water segmentation results for an image from Location 1 during the daytime in clear
weather.

PR
RGB image LWIR image GT
Result with only RGB image Result with only LWIR image Result with fused image

Figure 15. Water segmentation results for an image from Location 1 during the daytime in rainy
weather.

RGB image LWIR image

Result with only RGB image Result with only LWIR image Result with fused image

Figure 16. Water segmentation results for an image from Location 2 during the daytime in rainy
weather.



Remote Sens. 2024, 16, 2358 15 of 19

RGB image LWIR image

Result with only RGB image Result with only LWIR image Result with fused image

Figure 17. Water segmentation results for an image from Location 2 during the nighttime in clear
weather.

= \ i

RGB image

LWIR image GT
Result with only RGB image Result with only LWIR image Result with fused image

Figure 18. Water segmentation results for an image from Location 1 during the nighttime in rainy
weather.

I

RGB image LWIR image GT
Result with only RGB image Result with only LWIR image Result with fused image

Figure 19. Water segmentation results for an image from Location 3 during the daytime in clear
weather.
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RGB image LWIR image GT

Result with only RGB image Result with only LWIR image Result with fused image

Figure 20. Water segmentation results for an image from Location 3 during the nighttime in clear
weather.

4.4. Results on Edge Device

Table 4 shows the segmentation results of the slimmed networks according to the
pruning ratio after the application of network slimming to the DeepLabv3+ model based
on RGB and LWIR sensor fusion. The pruning ratio ranges from 50% to 90%. In this table,
‘Baseline” means the performance of normally trained DeepLabv3+. The experimental re-
sults show that there is little performance degradation when the pruning ratio is from 50%
to 70%. However, the performance of the slimmed network drops sharply when the prun-
ing ratio is more than 80%. In this paper, in order to reduce the size of the network as
much as possible with slight performance degradation, we selected the 70% pruned net-
work as the final one and ported it to the Qualcomm QCS610 SoC to measure the perfor-
mance.

Table 4. Performance comparisons among the slimmed networks created according to pruning ratio
(unit: %).

Models mloU mloU for Water  mloU for Background
Baseline 89.80 81.39 98.22

50% pruned 89.63 81.05 98.50

60% pruned 89.49 80.81 98.18

70% pruned 90.05 81.83 98.27

80% pruned 71.08 48.31 93.85

90% pruned 63.99 33.64 94.34

Table 5 shows the performance of the baseline and slimmed networks as measured
by QCS 610. Table 5 compares the two networks” accuracy, memory capacity, inference
speed, and the amount of computation. The mIoU for the baseline is 89.64%, while the
mloU for slimmed_70 (the network with 70% of the channels removed) is 89.72%. The
accuracies of the two networks are almost identical. However, the size and number of
parameters in the slimmed network are about ten times smaller than those in the baseline,
and the amount of computation is about three times smaller. In addition, if the baseline
runs on a DSP, it obtains inference results at a speed of 1 frame per second. On the other
hand, slimmed_70 obtains water segmentation results at a speed of 12 frames per second.
These results demonstrate that the proposed system has the potential to perform real-time
water segmentation with the same high accuracy as large-scale networks with less com-
putation and less memory in real-world flood monitoring systems.
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Table 5. Performance comparisons between the baseline network and 70% slimmed network on DSP
of QCS 610.

mloU Model Size Param. Size Speed (fps) GFLOPs
Baseline 89.64% 486.9 MB 404 M 1.02 74.48
Slimmed_70 89.72% 49.9 MB 4 M 12.69 22.87

4.5. Results for Warning Message

Figure 21 shows the actual screen of the warning message sent to the smartphone
app and the computer program. In our module, warning messages are created after the
predicted flood warning level is delivered to the flood warning system. Figure 21a is a
screen capture of the smartphone app, and Figure 21b is a screen capture of the PC pro-
gram. In practice, flood monitoring was performed on fixed cameras installed at Locations
1 and 2 for the surveillance camera scenario.

The message contents are as follows: Firstly, the RGB and LWIR images from the
camera are sent, followed by the water segmentation result. The message includes the
weather status, water level status, and flood warning level. The weather status consists of
information about the stream area, including rainfall, wind direction, wind speed, tem-
perature, water surface ratio, and time. Water level status shows the level of a reservoir
near the stream. The purpose of using this information is to analyze the correlation be-
tween the water level in the reservoir and the flood warning level of the stream. The water
level status consists of the water level, water level rate, time, and warning level. Figure
21a shows a warning level 1 (danger) message sent when a stream rose in August. Figure
21b shows a warning level 2 (warning) message sent when the stream rose after a rainy
event.

The message-sending module operated from late August through October. There was
one flood risk event in August due to heavy rainfall, but the remaining months were
mostly dry, so we were not able to verify the accuracy of the flood risk prediction. How-
ever, we did see that messages were successfully sent for more than two months, as shown
in Figure 21.

< conveyorgaze_test L)
RGB image - RGB image
LWIR image / LWIR image

Segmentation result Segmentation result

~
Weather conditions in a river area

Rainfall: 4.2 mm

Wind direction: 281 deg
Wind Speed: 1.5 m/s
Temperature: 21.8 °C

Ratio of water surface: 0.29
Time: 2023-09-14 05:47

rWeather conditions in a river area
Rainfall: 0 mm
Wind direction: 43 deg
Wind Speed: 2.5 m/s
Temperature: 25 °C
Ratio of water surface: 0.31
Time: 2023-08-24 13:38

o
B
&
2|

i

20ix| 291 B8

+91: 103.40 EL.m
+9I§:728 %

A12t: 2023-08-2413:35.
Alarm Level: 1

Water level status at a reservoir
Water level: 101.60 EL.m

Water level ratio: 55.3 %

Time: 2023-09-14 05:46

Warning Level: 2 (Warning)

Water level status at a reservoir

Water level: 103.40 ELm

Water level ratio: 72.8 %

Time: 2023-08-24 13:35
\Warning Level: 1 (Danger)

(a) (b)

Figure 21. Example images for the results of sending warning messages: (a) example on smartphone
app; (b) example on PC program.

5. Conclusions

This paper proposes a DNN-based flood monitoring system fusing RGB and LWIR
surveillance cameras for edge devices. The RGB and LWIR sensor fusion enables 24 h
flood monitoring regardless of whether it is day or night. The experimental results showed
that the fusion of RGB and LWIR images improved water segmentation accuracy over
using a single sensor alone. We also showed that combining Al and edge computing in
surveillance cameras can enable real-time monitoring for various applications, including
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flood monitoring, pedestrian or vehicle surveillance, and more. To create a simplified net-
work, we used the network slimming method and obtained meaningful results by deploy-
ing the lightweight network on a Qualcomm QCS610 and performing network inference.
The experimental results showed that the network slimming method increased the infer-
ence speed of the network by 12 times, reduced the model size by 10 times, and reduced
the number of computations by 3 times without any performance degradation. Finally,
the flood warning level was detected from the water segmentation results obtained by
DeepLabv3+. The warning level was sent to a smartphone or personal computer through
the message generation module implemented in this paper.

This study has implemented all the elements practically required in a surveillance-
camera-based flood monitoring system and demonstrated the potential of each element
to be utilized in a flood monitoring system through experimental results. However, there
is still much more work to be conducted. In future work, we plan to test and improve the
proposed system for a few more years while increasing the dataset at more sites to obtain
a quantitative result with detailed accuracy on the warning level. And we plan to study
how to apply a dual encoder network to fuse RGB and LWIR images to enhance the effec-
tiveness of the fusion further and improve the network’s performance. We also plan to
apply the proposed system to the monitoring of fire, a disaster as common as flooding.
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