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Abstract: With the proliferation of unmanned aerial vehicles (UAVs) in different contexts and ap-
plication areas, efforts are being made to endow these devices with enough intelligence so as to
allow them to perform complex tasks with full autonomy. In particular, covering scenarios such as
disaster areas may become particularly difficult due to infrastructure shortage in some areas, often
impeding a cloud-based analysis of the data in near-real time. Enabling Al techniques at the edge is
therefore fundamental so that UAVs themselves can both capture and process information to gain an
understanding of their context, and determine the appropriate course of action in an independent
manner. Towards this goal, in this paper, we take determined steps towards UAV autonomy in a
disaster scenario such as a flood. In particular, we use a dataset of UAV images relative to different
floods taking place in Spain, and then use an Al-based approach that relies on three widely used deep
neural networks (DNNs) for semantic segmentation of images, to automatically determine the regions
more affected by rains (flooded areas). The targeted algorithms are optimized for GPU-based edge
computing platforms, so that the classification can be carried out on the UAVs themselves, and only
the algorithm output is uploaded to the cloud for real-time tracking of the flooded areas. This way,
we are able to reduce dependency on infrastructure, and to reduce network resource consumption,
making the overall process greener and more robust to connection disruptions. Experimental results
using different types of hardware and different architectures show that it is feasible to perform
advanced real-time processing of UAV images using sophisticated DNN-based solutions.

Keywords: UAVs; flood detection; natural disasters; semantic segmentation; DNN; Al; edge computing;
GPU

1. Introduction

Unmanned aerial vehicles (UAVs) are a type of aircraft that does not operate with a
pilot on board and which, depending on the type, is either remotely piloted by a human, or
operates autonomously with onboard computers [1]. From their invention, UAVs have been
used for information gathering, surveillance, and agriculture in areas ranging from military,
to civilian, to entertainment use [2]. As their usefulness was widely validated, these vehicles
were made to face more complex tasks. Particularly, they have been extensively used for
survivor detection and geolocalization in complex post-disaster environments [3].

Indeed, UAVs are particularly useful in the response phase of natural disasters. How-
ever, they are required to be equipped with monitoring sensors such as ground sensors,
light detection and ranging (LIDAR), cameras [4,5], and/or hyperspectral cameras, en-
abling a detailed analysis of objects using unique information at different wavelengths (e.g.,
dryness of leaves/soil, or health of trees) [6]. However, in such scenarios, immediacy in
decision-making is crucial, which requires real-time processing of images to rapidly detect
heat sources or flooding areas.

Edge computing offers computational capabilities close to (or at) the source of data,
i.e., sensors or mobile devices [7], opening up a new range of interactive and scalable
applications [8]. We are witnessing a rapid evolution of specialized hardware (e.g., GPU,
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TPU) during the last decade, which enables more complex image processing workloads at
the edge. Nevertheless, gathering real-time data from off-grid devices remains a challenge
due to the network, energy, and cost constraints. To optimize Al for the edge, compression
methods for neural networks (NNs) have been proposed [9], together with distillation
methods to learn a less complex network using an existing one [10]. Recent proposals
experiment with the inclusion of accelerators in UAV devices. An example is [11], where
a DNN-based real-time vehicle monitoring system is proposed to estimate the speed of
vehicles using a UAV and the Xavier NX jetson device, being one of the first proposals for a
monitoring system in drone platforms under real-world constraints.

Despite these advances, the real-time constraints and the addition of Al workloads at
the edge still pose a challenging problem due to the cost of these workloads [12]. Within
the umbrella of natural disasters, there are deep learning (DL)-based image processing
techniques for the detection of risks in such scenarios. For instance, Nijhawan et al. devel-
oped a convolutional neural network (CNN) plus a feature extraction algorithm to classify
images of natural disasters such as cyclones, avalanches, fires, and tornadoes [13], using
synthetic data developed by the authors. In the same way, gebrehiwot et al. proposed
the use of a CNN for flood image classification using images obtained from a UAV, where
the classification was performed offline [14]. Another job listed is [15], where a genetic
algorithm combined with a neural network was proposed to classify images from a flood;
this approach was compared with three CF methods, being that the proposed algorithm
was able to achieve better results. In all these works, techniques based on deep learning
are the ones that achieve the best performance in image classification of natural disasters,
but they consume a lot of computational resources, and therefore image classification is
always performed offline in the cloud. In our previous work [16], we started to figure out
what happens if we developed Al pipelines at the edge for processing natural disaster
images taken from drones. We showed that edge computing platforms with low-power
GPUs were a compelling alternative for processing fuzzy clustering workloads, obtaining a
performance loss of only 2.3x compared to its cloud counterpart version, running both the
training and inference steps.

In this paper, we conducted a comprehensive evaluation of different deep learning
modes for image segmentation on low-power GPU-based edge computing platforms. In
particular, we focus on the identification of flooded areas after a natural disaster to find
out whether these platforms can provide enough computing power to build autonomous
drones that, in real time, assist emergency teams in assessing flooded areas for immediate
decision-making on the ground, focusing on finding and obtaining all flooded areas from
a series of images captured from a drone in order to reconstruct the emergency situation
on a map. Figure 1 shows an overview of the structure of the proposed solution. Major
contributions of this paper are the following:

1.  Different state of the art DNN-based deep learning models for image segmentation
are analyzed for flooding detection in terms of performance, accuracy, and memory
footprint. Particularly, PSPNet, DeepLabV3, and U-Net are under study.

2. Several encoders are also analyzed as they are the main bottleneck for the memory
footprint, the disk weight, and the execution time of the inference process. Particularly,
we analyze ResNet152, EfficientNet, and MobileNet.

3. The Cartesian product of these neural networks models and encoders are trained to
identify flooded areas from aerial images; i.e., nine models in total. A semisupervised
training procedure with a pseudolabeling strategy is designed to increase the accuracy
in up to 4%.

4. Anin-depth performance evaluation of different low-power GPU-based edge comput-
ing devices is provided to assess the feasibility of autonomous Al drones in detecting
flooding areas.

5. An evaluation in terms of memory, performance, and quality is provided to analyze
which of the models and encoders for flood image segmentation is best suited to be
run on drones to provide real-time feedback to decision-makers.
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Figure 1. Overall view of our proposal.

The article is structured as follows. Section 2 introduces the general infrastructure,
the main deep learning models targeted, and methods used to deal with aerial images of
flooded areas. Section 3 shows the experimental setup before showing the performance
and quality evaluation of our approach. A discussion of the results is then provided in
Section 4. Finally, Section 5 shows conclusions and directions for future work.

2. Materials and Methods

This section introduces different neural network models that are widely used in
detecting flooded areas. These models will be trained in order to obtain the segmentation
mask of each image from the drone. The data used and the training procedures carried
out are also summarized prior to the evaluation on the drone to be performed in the
following section.

2.1. Hardware Environment

The UAV device that supports the segmentation hardware consists of the following
components:

e DJIF550 frame.

e Pixhawk flight controller.

*  Processing unit .

¢ Marshall Electronics CV503-WP Mini Full HD Camera.
e Battery Tattu 9000 mAh 22.2 V 25 C 65S1P Lipo.

*  3DR GPS receiver.

*  Sunnysky X2212 motors—980 kv.

e APM 433 MHz telemetry.

¢ Taranis X9D controller + X8R receiver.

Table 1 shows the hardware platforms used to perform the experiments below. Particu-
larly, we use a high-performance computing (HPC) computer, called Pedra, as a baseline for
our experiments. Then, three GPU-based edge computing devices from the NVIDIA Jetson
family (i.e., Jetson nano, Jetson TX2, and Jetson AGX Xavier) are also targeted. Moreover,
the software environment is based on gcc v7.4.0, CUDA v10.2 with cuDNN and Python
v3.6 with pytorch v1.8.0 built for edge devices, torchvision v0.9.0 built for edge devices,
and scikit-learn v0.24.1.
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Table 1. Hardware details of the hardware used in our experiments.

Pedra Jetson AGX Xavier Jetson TX2 Jetson Nano
CPU Intel Silver 4216 NVIDIA Carmel ARM v8.2 ARMvVS ARM Cortex-A57 MPcore
2xGPU (NVIDIA) GeForce RTX 2080 Ti Volta Pascal Maxwell
Memory [Gb] 375 DDR4 32 LPDDR4 x 8 LPDDR4 4 LPDDR4
Size [mm] 734 x 8.7 x 44.8 105 x 105 50 x 87 70 x 45
Weight [g] 17,000 280 85 61
Energy consumption [W] 80-100 10-30 7.5 3-5

2.2. Dataset

FloodNet [17] is a set of images captured in the aftermath of Hurricane Harvey, which
made a landfall near Texas and Louisiana on August 2017, as a Category 4 hurricane. In
it, special emphasis is placed on areas that have been flooded. In particular, it contains
UAV images captured during the response phase by emergency personnel. The authors
of the dataset obtained the images using small DJI Mavic Pro quadcopters. The images
were captured at a height of 60 m with a spatial resolution of 1.5 cm. Currently, it is the
only dataset created with images of floods captured from a drone after a catastrophic event,
and at an optimal level of detail to train a neural network that must be operational within
a UAV.

Floodnet images are labeled at the pixel level, which makes them useful for the se-
mantic segmentation task. FloodNet attempts to perform fine labeling that encompasses
situations such as detecting flooded roads and buildings, and distinguishing between
natural water and flooded water. Although the dataset approach is broader than image
segmentation, in this particular case, we will focus on it, as the training dataset con-
sists of 51 labeled images of flooded areas, 347 labeled images of nonflooded areas, and
1047 unlabeled images on which pseudolabeling tasks are to be performed. Labeled images
include the following instances: Building flooded (3248 instances), Building Non flooded
(3427 instances), Road flooded (495 instances), Road Non Flooded (2155 instances), Water
(1374 instances), Tree (19682 instances), Vehicle (4535 instances), Pool (1141 instances), and
Grass (19682 instances).

2.3. Semantic Segmentation for Flooding Detection

In this study, the experimentation is focused on obtaining the data from the drone for
sending. For this task, image segmentation has been considered the technology best suited
to the requirements of detecting flooded areas. Semantic segmentation is the technique of
classifying parts of an image that belong to the same object class. It is a form of pixel-level
prediction where pixels in an image are classified according to a category. An example of
this type of network can be seen in Figure 2, which shows a simple deep convolutional
autoencoder where you can see the two main parts of a network dedicated to image
segmentation; on the left, the one that tries to capture the visual patterns of the image,
and on the right, the one that tries to reconstruct a representation of the detected classes.
Notice that image classification merely has to identify what is present in the image, whereas
semantic segmentation identifies not only what is present in the image, but also where to
find it by signalling all pixels that belong to each characteristic identified. Indeed, since the
emergence of deep neural network (DNN), segmentation has made tremendous progress.
We refer the reader to [18-20] to see a full review of deep learning techniques for image
semantic segmentation. Among these techniques, we highlight the following:

e  PSPNet [21] is a model that uses a pyramid parsing module to exploit the global
context information through region-based context aggregation. The combined local
and global cues make the final prediction more reliable. Given an input image, PSPNet
uses a pretrained CNN with the dilated network strategy to extract the feature map.
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The final size of the feature map is the same as that of the input image. On top of the
map, it uses the pyramid clustering module to gather context information. Using a
four-level pyramid, the clustering kernels cover the whole, half, and small portions of
the image. They are merged as the global priority and then concatenate the prior with
the original feature map in the final part of the decoder. Next, a convolution layer
generates the final prediction map.

*  DeepLabV3[22]is a semantic segmentation architecture that builds on DeepLabv2 [23]
with the following modifications: in order to deal with the problem of multiscale object
segmentation, modules have been designed that use cascaded or parallel Atrous con-
volution to capture the multiscale context by adopting multiple Atrous rates. Another
modification over the previous version is that the Atrous Spatial Pyramid Pooling
module [24] is extended with image-level features that encode the global context,
further increasing performance. The last change is that DenseCRF [25] postprocessing
has been dropped.

¢ U-Net [26] uses an encoder—decoder architecture based on a contraction route to
capture the context, and a symmetric expansion route to achieve accurate location. It
was originally designed for segmenting medical images, and it achieves robust results
with a more uniform training set. In recent years, studies have shown that U-Net is
also suitable for remote sensing images [27], and has great potential for improvement.

conv2 i | dednv2
pooll | i unpool3|

pool3Indexes i ‘ ‘

pool2indexes

pooliindexes

Figure 2. Simple deep convolutional autoencoder where you can see the two main parts of a network
dedicated to image segmentation.

All the segmentation models mentioned make use of a backbone that is capable
of extracting the fine-grained patterns of the image in the form of an encoder of the
information. A large part of the trainable parameters of the network come from these
blocks, and depending on the type of network chosen for this purpose, the memory
footprint, the disk weight, and the execution time of the inference process will be different.
For this study, three backbones of different characteristics have been chosen in order to find
the best option between inference time and accuracy obtained. These are described below:

e  ResNetl152, or residual networks, is a variant of convolutional neural network that
was first introduced by Kaiming et al. [28]. Its main feature is that it learns the
representation functions of the residuals instead of learning the signal representation
directly. ResNet introduces the hop connection (or direct access connection) to adjust
the input from the previous layer to the next one without any modification of the
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input, thus allowing a deeper network that is easy to optimize and can gain accuracy
by greatly increasing the depth. In this work, the 152-layer version was chosen to
perform the encoder task because it obtains better accuracy while maintaining better
complexity than other networks, such as Visual Geometry Group (VGG), as the authors
explained in their work.

e  EfficientNet [29] is a type of DNN whose main feature is that it scales uniformly all
dimensions of depth, width, and resolution with a set of preset scaling coefficients. It
is based on the intuitive concept that the larger the size of the input image, the greater
the number of layers and the greater the number of channels the network will need to
capture the patterns in the image; this concept has been studied in works such as [30].

*  MobileNet [31] is a convolutional neural network that has been specifically designed
to be executed in embedded devices that require solving computer vision tasks. Its
architecture is formed by depthwise separable convolutions with the objective of
obtaining the lightest possible network and that allows a low latency when executed
in devices that have few resources and that do not usually have a graphic accelerator.
The complete MobilNetV2 model, which has been used in this work, is formed by the
initial convolutional layer of 32 filters and is followed by 19 residual bottleneck layers.
The complete model consists of 2 million parameters.

These encoders (i.e., ResNet152, EfficientNet, MobileNet) are trained to embed the
information patterns from the aerial images into an input that can be processed by the
network in charge of performing the semantic segmentation (i.e., PSPNet, DeepLabV3, U-
Net). However, there are certain scenarios, such as the one we are dealing with in this study,
where the training dataset for the encoders is very small, i.e., there are a small number
of labeled images, and therefore it is difficult to achieve sufficient accuracy to generate
an accurate mask of the captured image to serve as input for the image segmentation
procedure. Several works proposed the use of transfer learning techniques [32] to take
advantage of the knowledge acquired when solving one problem and apply it to a different
but related problem. In transfer learning, neural networks are initialized with weights from
a neural network that is already trained (a.k.a., pretrained) using a large, structured, and
labeled dataset. This procedure has shown better performance than those trained from
scratch on a small dataset [33].

In this work, we use the ImageNet database for the pretraining of the encoders.
ImageNet [34] is a large visual database designed for visual object recognition. It consists
of over 14 million images that have been hand-annotated to indicate which objects appear
in them and, in at least one million of these images, bounding boxes are also provided.
ImageNet has more than 20,000 categories, each consisting of several hundred images.
Imagenet has proven to be optimal for transfer learning exercises, as shown in [35], where
an empirical investigation is provided that studies the importance of the number of images,
and the balance between the images of each class and the number of classes.

2.4. Image Preprocessing

To enhance the performance of the network, a series of transformations are performed
on the captured image. To facilitate the implementation of these techniques, we have
used the albumentations tool [36], which is a Python library for fast and flexible image
augmentations. Albumentations efficiently implements a rich variety of image transform
operations that are optimized for performance, and does so while providing a concise,
yet powerful, image augmentation interface for different computer vision tasks, including
object classification, segmentation, and detection. In particular, the following features are
useful for our purposes:

1.  Resize: Rescale an image so that the maximum side is equal to maxsize param, main-
taining the aspect ratio of the initial image.

2. ShiftScaleRotate: Randomly apply affine transforms: translate, scale, and rotate
the input.
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3. RGBShift: Randomly shift values for each channel of the input RGB image. In [37],
authors show that images with different wavelengths and RGB channels determine
which kind of images with different color spectrum provide better information to
generate a better accuracy of our DNN model.

4. RandomBrightnessContrast: Randomly change brightness and contrast of the input
image to reduce a model’s sensitivity to color.

5. Normalize: Normalization is achieved through the formula:

(img — mean x maxPixel Value)
(std x maxPixelValue)

img =

This transformation sequence is applied to each of the images after being captured,
and before performing the process of obtaining the mask through the neural network. It is
an operation that will be performed on each of the edge devices.

2.5. Inference Precision

This section shows the accuracy of the combination models/encoders on the test
dataset. First, an evaluation of all of these combinations is provided by training with
the dataset described in Section 2.2. Then, it is analyzed how the accuracy of the models
improves with the semisupervised training proposed in Section 2.6.

The mean intersection-over-union (MIoU) metric was used to measure accuracy. This
metric is based on the Jaccard index, which is defined as the ratio of intersection and
union area between the predicted segmentation map and the ground truth defined. It
was developed by Paul Jaccard, and it is also known as the Jaccard similarity coefficient;
specifically, it is a statistic used for gauging the similarity and diversity of sample sets

defined as
_|anB

J(AB) = |A U B]

where B shows the predicted segmentation maps, and A represents ground truth.
Based on it, we can calculate IoU, which is a number from 0 to 1 that specifies the
amount of overlapping between the predicted and ground truth:

tp
IoU = J(A,B) =
i1 fn+ i fp—fn
MIloU is defined as the average value of IoU over all label classes. It is generally used
to report the performance of segmentation models. It usually ranges between 0 and 1,

given as
1 & tp
MIolU = )
K+ LSy o fnt+ X fp— fn

where k represents total classes, tp is number of true positives, and fp and fn are false
positive and false negatives.

2.6. Semisupervised Training Procedure

As shown in Section 2.2, the number of labeled instances is very small, consisting of
only 398 images. With regard to the number of test images, 47, this value is considered low;
therefore, to achieve a correct performance of the network, it is necessary to apply semisu-
pervised learning techniques on the 1047 training images that have not been previously
labeled, therefore creating a dataset of 1445 images. Semisupervised learning is a training
method that mixes a small amount of labeled data with a large amount of unlabeled data
in the training phase. Semisupervised learning stands between unsupervised learning
(with no labeled training data) and supervised learning (with only labeled training data).
Unlabeled data is only useful if it provides information for label prediction that is either
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not present in the labeled data, or cannot be obtained from the labeled data alone. The
procedure consists of the following steps:

1.  Train the model using training labeled data.

2. Infer labels for an unlabeled data.

3. Add confident predicted test observations to our training data.

4. Train the model for a few extra epochs also using the new labeled data.

2.7. Solution Deployment

Once the problem has been defined, and the image segmentation proposal enabling a
subsequent reconstruction on the server has been proposed as a solution, we now proceed to
describe the execution flow that would be carried out in a real natural disaster management
scenario. Figure 3 shows the life cycle of an image collection and processing mission at the
edge. The UAVs start from a standby position (step 1) to prepare for takeoff before starting
to gather images from the affected area. While the images are being collected (step 2), the
deep learning models (step 3) are running to perform a real-time inference of each of the
images from the UAV device, resulting in image processing at the edge. In step 4, images
are sent to the server. Steps 2—4 are repeated until all the area to be mapped has been
imaged, and all the masks are generated. It is noteworthy that, in step 4, only masks are
sent to the cloud, which means using only 4 bits per pixel, instead of the 24 bits per pixel
that would be sent in the case of using a standard bitmap having 24 bits. Notice that 4 bits
per pixel are adopted because they conform to the minimum value required to represent
the 10 classes that the system is able to detect, and therefore each pixel of the image can
be represented merely by a value between 0 and 9. This significantly reduces the overall
bandwidth requirements by a factor of 8, as shown in Section 3.3.1.

ey
{r=—emmh
{r=—em
3. Online Inference =
- ‘
4. Send Mask

1. Standby state . 5. Task completed

Figure 3. Overview of our image collection and processing solution.
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3. Results

This section starts by summarizing the main hardware features of the hardware
environment targeted for assessing the deep learning models for image segmentation
previously presented. Then, it provides an overview of the dataset used to train and test
those models before a performance assessment in terms of quality, execution time, and
memory footprint is provided.

This section evaluates the performance (i.e., execution time) and precision of the deep
learning architectures previously presented in Section 2.

3.1. Image Preprocessing Results

Figure 4 shows the difference in execution time between the different devices. This
execution time is added to the mask acquisition time to define the frame rate that can be
sent to the server. The HPC server will also be included in each of the time figures in order
to have a reference of the inference time that would be required with a non-edge device.
The figure shows that the execution times range from 0.35 s on the server hosted in the
data center, to 2.49 s on the Jeson Nano device; i.e., a performance loss of up to 7.11x on
the edge platform. The difference between these two devices is notorious, and for image
processing during the mission, where many images have to be captured within a short
timespan, the compartmentalization of this step with the neural network processing will
have to be taken into account, being able to execute the processing of the current image
on the CPU, while obtaining the mask of the previous image through the neural network
using the GPU.

25| ]

Execution time (secs.)

05 |

|

I I I I
pedra xavier tx2 nano

Figure 4. Image preprocessing execution time.

3.2. Inference Precision Results

This section shows the MIoU obtained for each model with each of the chosen encoders.
Figure 5 shows the mask generated for each of the 10 classes of the dataset on one of the
images of the dataset. For the requirements of this work, only the classes that refer to floods
are necessary. Two of these masks are shown in Figure 6: flooded buildings and flooded
roads. Nevertheless, in the training of the network, the IoU of each of the classes was taken
into account.



Remote Sens. 2022, 14, 223

10 of 20

Water

Background Bmldmg -flooded Building-non-flooded Fha.d—luoded Road-non-flooded
Tree Vehicle Pool

Figure 5. Segmentation mapping of each of the classes on the original photo.

Building-flooded Road-flooded

(a) (b)

Figure 6. Segmentation mask for the classes of interest. (a) Blue mask over flooded buildings; (b) Red
mask over flooded roads.

Figure 7 shows the model efficiency based on the MIoU achieved for each combination
of neural network model and encoder. For PSPNet training, a constant learning rate of
0.001 for 15 epochs was set; for DeepLabV3, the learning rate was of 0.01 for 10 epochs,
while for U-Net it was trained for 15 epochs with a learning rate of 0.001. For the batch size
during training, a value of 4 was set for all models when using the RestNet152 encoder, a
batch size of 7 for EfficientNet encoders, and 8 for MobileNet encoders. It can be seen that
the RestNet152 encoder achieves the best result, with the PSPNet Network having the most
significant difference, which increases by more than 5% with respect to EfficientNet. In the
DeepLabv3 network, the difference between RestNet and EfficientNet is of 2%, which is
not so significant. The MobileNet encoder shows the worst results of all, with a difference
of up to 13% compared to the best case.
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Figure 7. Accuracy (MIoU) of three neural networks and encoders used, having been trained with
the baseline dataset.

Figure 8 shows the accuracy of the trained models when they are trained using the
pseudolabeling technique described in Section 2.6. For this process, the same parameters of
learning rate, number of epochs, and batch size were used as in the previous results shown
in Figure 7. Figure 8 shows a slight increase in the MIoU of all models: 2% for PSPNet
with the ResNet152 encoder, 3% for DeepLabv3; for EfficientNet, the biggest difference is
found in the U-Net network with an increase of 4%. The MobileNet encoder obtains almost
identical values with U-Net, with a great improvement when it comes to PSPNet. It can be
seen that the network that has benefited the most from this type of training is PSPNet. This
has to be taken into account when choosing which model to use for the deployment of the
solution, since it is possible to add previously unlabeled data to generate soft labels with
them, and thus adapt the model to changes that may occur in the area to be mapped.

60 - 00 Resnet152 ||
[ D EfficientNet
55 . | Mobilenet
250 | | ]
>
45 |- s
40 |- s
[ [ [ ’_‘
PSPNet DeepLabv3 U-Net

Figure 8. Accuracy (MIoU) of three neural networks and encoders used, having been trained with
the pseudolabeling technique described in Section 2.6.

It is not possible to consider the supremacy of a model over the rest for all the use
cases in which image segmentation can be applied, since with another dataset or another
task the result may be that DeepLabv3 or U-Net behave better than PSPNet; for this reason
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it would be necessary to redo the experimentation and perform a reparametrization of the
learning rate, optimizer, and other factors that may affect the performance of the network.

3.3. Model Comparative

This section shows a comparison of the three models chosen with their corresponding
encoders in terms of size, performance, and inference time for each of the edge computing
devices to be embedded in a UAV. The size of a model is represented by the number of
trainable parameters of the model. After the training process, these models are usually
serialized in a certain standard format to be distributed to different applications, and for
different devices. The size of the exported model on disk will be smaller than the size it
will occupy in memory and, therefore, these two variables must be taken into account in
the study of the space footprint of a model. The size of each encoder used must also be
taken into account, and a choice then made based on the size and accuracy of the encoder.

Figure 9 shows a comparison of the disk size (in MB) of each serialized model, and
for each of the encoders used in the training phase (i.e., ResNet152, EfficientNet, and Mo-
bileNet). It can be seen that, regardless of the network used, ResNet152 has a much higher
weight than the rest, the difference between DeepLabV3 and PSPNet being negligible, of
235 MB for DeepLabV3, and of 226 MB for PSPNet. For EfficientNet, both Deeplab3 and
PSPNet occupy a space of 50 MB. UNet has a slightly lower value of 46 MB. The MobileNet
encoder, together with PSPNet, has the smallest footprint of all combinations, with a value
of 9.1 MB, followed by equal values of 17 MB for the two other networks.

= Resnet152 =, EfficientNet — Mobilenet

I
PSPNet ]

L
DeepLabV3+ ]
|

[
UNET ]
| |

0 100 200 300

Figure 9. Size (in MB) of the output of every model, with every encoder.

Figure 10 shows a comparison (in MB) of the footprint of each model when deserialized
in memory. As in Figure 9, the values of each of the encoders with each of the models
are shown. The increase in space required with respect to the serialized model is evident,
tripling in all models. These results will have to be taken into account when deploying
each of the models on edge devices, especially in the TX2 and Jetson Nano platforms where
the GPU memory capacity is very limited.
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1200 1300 1400

Figure 10. Memory footprint (in MB) for every model, and with every encoder.

The inference time, together with the image preprocessing time, is one of the values
to be taken into account when deploying the trained model for the inference process.
Undoubtedly, a compromise has to be found between the accuracy of the models and the
time it will take to obtain the result; i.e., the mask of the image captured by the drone. An
elongate inference time to generate the mask would prevent the real-time processing we are
looking for to help first responders. Therefore, the ideal scenario would be to process the
image and send its mask before the next image is captured. For this reason, a performance
evaluation for each model + encoder targeted on each edge computing platform that can
be embedded in a UAV was carried out. CPU and GPU processing times were measured
to study, in which case it is necessary to install the latter, and in which case a single CPU
would be enough, thus saving both weight and energy, which would reduce both the
weight and the power consumption of the UAV. The HPC server is included in each of the
time figures in order to have a reference of the inference time that would be required with
anon-edge device.

Figure 11 shows three bar charts, all corresponding to the PSPNet network with each
of the given encoders. For each of the bar charts, the execution time on GPU and CPU is
shown. The ResNet encoder could only be executed on the Xavier and TX2 devices, the
latter doubling the Xavier platform in both GPU and CPU time. The Jetson Nano device
could not finish the inference process, and therefore some simplifications would have to
be made on it in order to run it. PSPNet, together with EfficientNet, could not be run on
the Jetson Nano platform either, and both the AGX Xavier and TX2 show similar inference
times. PSPNet-MobileNet could be executed on the Jetson Nano device, this being the only
encoder out of the three with which we have experimented that could be hosted without
problems, although the execution time is several orders of magnitude higher than that
of TX2 and Xavier which, as with EfficientNet, have very similar times, to the detriment
of TX2.
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Figure 11. PSPNet architecture inference time comparative with all encoders.

Figure 12 follows the same structure as Figure 11, but showing the UNET execution
times with all encoders. This network is the one that shows the most limitations in terms of
execution, where only the MobileNet encoder was able to be executed in all the devices, and
where the execution times are higher than in the other two models. In the first graph, with
ResNet, the execution in the Jetson Nano platform was not possible, and in TX2 only when
using the GPU, and with a time overhead close to the second. In the EfficientNet encoder,
it was only possible to perform the execution in the Xavier platform, with a remarkable
CPU time of 14 s per image. MobileNet was executed on all devices using GPU, while the
Jetson Nano device could not be executed on CPU.
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Figure 12. Unet architecture inference time comparative with all encoders.

Figure 13 follows the same structure as in Figure 11, but showing the DeeplabV3
execution times with all encoders. The big difference is that this model could not be run
on the Jetson Nano device with any encoder. In ResNet152 it can be seen how, in the TX2
platform in the CPU, the time is very high with respect to Xavier, achieving a GPU time of
less than 1 s. In EfficientNet, the execution times are significantly higher than in ResNet152,
and it was not possible to perform the execution of the TX2 platform in the CPU due to
lack of memory. Using MobileNet, the fastest execution times are achieved within the TX2
device, but not for Xavier.
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Figure 13. DeeplabV3 architecture inference time comparative with all encoders.

3.3.1. Data Compression

Following the image classification procedure described before, the next step consists
of sending an alert to the control station located in the cloud with the frame, and the
meta-information that details the coordinates marked as positive for the emergency team
to evaluate them. We show a comparison between sending the raw information and the
mask resulting from the network processing. Notice that by just sending the mask, we are
able to save bandwidth.

Figure 14 shows the information compression achieved by sending the mask to the
server from the UAV. If the complete image was used, the values represented over three
channels would be sent with values ranging from 0-255. However, to store the segmentation
information found according to the target classes, only one channel and one value for each
of the classes is needed. In this case, the dataset has a maximum of 10 classes, and so only
4 bits would be needed for each pixel represented, in contrast to the 8 bits per pixel required
when sending the original image.

This compression represents a saving in the bandwidth to be transmitted, which
would affect both the consumption and the speed of sending information to the server. In
particular, the original image sized 4000 x 3000, which occupies 5.488 MB, would in turn
generate a mask of 910 KB, which would represent a saving of 83.42% of the information to
be transmitted. This would not be enough if we were looking for a detailed representation
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of the information. Nevertheless, in this work, we are merely aiming at sending enough
information to be able to reconstruct the scene on which the tracking operation is being
performed, this being the information collected by the semantic classification of the entities
of the captured image.

Figure 14. Compression comparison between an RGB image and its segmentation mask.

4. Discussion

In the experimentation carried out in the previous section, we extracted the data
to be taken into account when implementing an area monitoring system using semantic
segmentation perform from a resource-constrained device such as a drone. In this section,
and based on the results obtained, we discuss the most solid proposal to be deployed.

This study used an input-ready dataset, so far the best suited to the task at hand, using
semisupervised learning techniques, which is an obvious disadvantage compared to a
rich dataset with each instance correctly labeled in all photos; this reveals that more work
needs to be carried out on collecting and labeling flooding datasets derived from UAVs.
A positive observation regarding the results obtained using such a small dataset is that,
using semisupervised learning techniques, it would be possible to deploy the solution in
areas where the geography and architecture are different from the training dataset, and
a process of image collection and labeling is required. By obtaining a small sample, and
with a training process of less than 10 epochs, a functional model to run on the UAV would
be available.

In terms of accuracy based on the Floodnet validation dataset, we can estimate that the
PSPNet network, together with a Resnet152 encoder pretrained on ImageNet, and further
trained in a semisupervised way using soft labels, is the combination that will allow a more
accurate server reconstruction of the mapped area, achieving 56% of MlIoU. This is a valid
result to solve the problem of obtaining a mask of flooded areas on roads, buildings, and
places near river or sea beds, as it would allow differentiating natural water masses from
those that have flooded areas, and where water is not expected. Figures 5 and 6 show an
example of the pixel-level segmentation of each of the classes detected. This information is
the main component in the server reconstruction of the monitored area. The main issue
of using this proposal is its memory size limitation, as it is the second largest model in
terms of memory footprint, and hence cannot run on a Jetson Nano device, which is the
most suitable device to be installed on a UAV due to its weight and dimensions. Another
advantage of selecting these parameters is their speed, as they would be among the fastest
of all those studied; if we wanted to use them, we would obtain a speed of less than half
a second on a TX2 device using the GPU. On the opposite side, UNet has been the most
problematic model in terms of execution and adaptation to the different edge devices, and
some of its parameterizations, for example using Efficientnet, do not allow its execution
neither in TX2 nor in Nano, the two lightest devices, and therefore is more susceptible to be
assembled in a UAV.

If the weight and power limitations are sufficient to install a Xavier device, PSP-
Resnet152 would be the best option. Otherwise, and if we were looking for the most
efficient solution in these two parameters, we would have to use a Jetson Nano, and our
software combination would be limited to the PSPNet-MobileNet and Unet-MobileNet
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models (GPU restricted), with an MiOU of 45.9 and 39.4, respectively, and a GPU execution
time of 2 s and 8 s CPU in PSPNet, against 4 s in Unet GPU. Therefore, PSP-MobileNet
would be the best choice for the Jetson Nano platform. In case a weight margin could
be obtained in the processor, and the weight of the UAV is not excessive, it would be
convenient to install a TX2 device, as for 24 grams and a little more power consumption,
the best combination would be achieved, which would mean an improvement of 13% in
accuracy, and a reduction of execution time of 1.7 s if the GPU is used, and of 6 s if CPU
power is used instead. Therefore, a good configuration, offering an adequate trade-off
between accuracy, execution time, weight, and power of the drone, could be the TX2
platform as an inference hardware device where a PSPNet network would be deployed
with a ResNet152 encoder pretrained with ImageNet.

The frame-sending interval (process that starts when a new image is obtained, and
that ends with the sending of the mask obtained to the server, without taking into account
the network speed and latency of the same), that could be achieved with the best solution
would be of 1.5 s of image preprocessing time, plus 0.29 s of GPU inference, so it would be
2 s using GPU (0.5 Hz) and 3.3 s in the case of using only the CPU (0.3 Hz). In addition,
as shown in the compression section, the bandwidth of sending the information from the
drone will be significantly reduced when generating the mask on the edge, and that can
save network resources and lower battery consumption.

5. Conclusions

UAVs have the potential to play a “key role” in mitigating the consequences of climate
change. However, both hardware and software solutions are needed to make these devices
truly crucial players in these tasks. Al and edge computing are undoubtedly a winning
combination by enabling to transform autonomous drones into useful tools in various
emergency situations. In this work, an Al-based pipeline was proposed for execution on
edge computing platforms to enable efficient processing of natural disaster images captured
by UAVs.

Our results reveal that the use of neural networks designed for real-time image seg-
mentation from drones can be a viable solution as long as the drone is equipped with an
edge computing device endowed with GPUs. The benefit of merely sending the result
mask instead of the raw image, which is made possible by performing image processing
at the same location where the image is captured, reduces the required network traffic
by several orders of magnitude. It is worth mentioning that the computational load dif-
ferences between edge and cloud platforms remain large, with speedup factors in the
range of 2.8x-22.17x. Yet, the development of efficient platforms for the execution of
specific workloads, such as deep learning, shows a roadmap that enables the develop-
ment of applications for relevant autonomous and intelligent systems, such as the one
proposed here.

We are certain that autonomous UAV technology can be an important factor in the
fight against climate change. This study has shown how, with a small dataset correctly
labeled and the right model, a real-time segmentation system can be embedded in a UAV,
bringing the main computational work closer to the device in charge of processing the
information to make an offline inference and send the digested data. However, there is still
a lot of work to be undertaken from several points of view. In terms of communication,
extending the results of this article to a swarm of drones can provide a greater coverage
of the area to be surveyed, something very necessary in this type of natural catastrophe.
Additionally, it becomes necessary to increase the performance of IA models by providing
new datasets, as well as studying in more depth the representation part of the semantic
segmentation result obtained by the network on a map of the area where images have been
captured, so as to provide greater insights.
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