B UCLouvain

Ecole polytechnique de Louvain

Streamlined hybrid annotation
framework using scalable
codestream for

bandwidth-restricted UAV object
detection

Author: Simon DELVAUX

Supervisor: Benoit MAca

Readers: Christophe DE VLEESCHOUWER, Karim EL KHOURY,
Tiffanie GODELAINE

Academic year 2023-2024

Master [120] in Electrical Engineering







Abstract

The success of emergency missions depends on the rescuers’ ability to intervene
quickly. A work increasingly facilitated by unmanned aerial vehicles, which provide
crucial visual information on the situation. However, the communication capacity is
often constrained by a limited bandwidth, preventing fast transmission and thereby
delaying the quick decision-making necessary in emergency situations. To address
these challenges, this master thesis presents a hybrid annotation framework adapted
for emergency situations that takes advantage of the JPEG 2000 compression
algorithm. The framework is designed to facilitate object detection tasks with
constrained bandwidth. Fast annotation is ensured by a fine-tuned deep learning
model working at low-resolution, and reliability is provided by the correction of
human annotator experts in enhanced resolution areas of uncertainty. It has been
shown that the proposed framework decreases the response time up to 15 times
while maintaining satisfactory performance, losing only 10% compared to a hybrid
baseline approach.
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Chapter 1

Introduction

In recent years, the use of Unmanned Aerial Vehicles (UAVs) has become more
frequent in areas affected by disasters [23], where search and rescue missions [36, 46],
damage assessment, and hazard detection are conducted. They give rescuers real-
time information to plan their operations and to keep up-to-date insights about
the changes in the terrain. UAVs are particularly helpful in the wilderness, where
rescue workers are unable to come, or at least not easily, and where it is essen-
tial to intervene rapidly. However, in disaster-stricken areas, the communication
network is usually damaged. Therefore, studies are looking at ways of optimizing
communication between the victims and the rescuers, compensating for poor or
even nonexistent networks [29, [35]. But generally, these solutions rely on the fact
that disaster victims carry communication devices. So, it is necessary to multiply
the ways of detecting people in danger. For that reason, the use of UAV embedded
cameras is a promising alternative. They can be used by humans to determine
areas where victims are more likely to be. But even if relying on images rules out
the need for communication devices, transmitting images is bandwidth-consuming.

In order to effectively decrease bandwidth consumption, high-resolution images
acquired by UAVs can be compressed, which reduces their size. But with compres-
sion, the image quality is affected, and the decision-makers may no longer be able
to reliably distinguish people in danger within the image. Furthermore, it takes
time to review large-scale images because scanning them to find small objects is a
tedious task.

To overcome this challenge, hybrid annotation stands out as a useful method to
improve the rapidness, exactness, and reliability of the data interpretation. This
annotation is given by combining the predictions of an automated object detector
and human annotators. This process accomplishes two objectives: (1) it allows
rescuers to make fast and accurate decisions, and (2) it preserves valuable time for



CHAPTER 1. INTRODUCTION

human expert annotators.

However, hybrid annotation remains inefficient in areas where data transmission
is not reliable. If the network does not guarantee continuous and high-speed
transmission, UAV-to-ground communication is subject to delay. Thus, the decision-
making process is slowed down, which is not conceivable in emergency scenarios.

Goals

In this thesis, a hybrid annotation framework using a scalable codestream for
UAV bandwidth-restricted object detection is presented. It extends the hybrid
annotation workflow by incorporating the JPEG 2000 compression algorithm [44].

The proposed approach employs a fine-tuned deep learning network for initial an-
notation of the image and uses the JPEG 2000’s scalable codestream to selectively
enhance the image resolution in areas that require human expert annotation.

The aim of this work is therefore to present the hybrid annotation framework and
study the improvements it brings over a conventional hybrid annotation process.

Structure Of The Work

The work is structured as follows:

o Chapter 2 begins with an overview of the YOLOvVS8 object detection archi-
tecture. This is followed by an explanation of the JPEG 2000 compression
standard to help understand how it works and how the standard is useful in
the context of this thesis. Finally, the concept of active learning is explained.

o Chapter 3 gives a non-exhaustive overview of related works. It defines the four
challenges to which the proposed framework seeks to respond and presents
the state of the art in these challenges.

o Chapter 4 aims at presenting the baseline and proposed hybrid annotation
frameworks as well as an active learning framework designed for on-the-job
reinforcement.

o Chapter 5 provides a brief overview of the data and the metrics considered.
Then, the experimental setups used to evaluate model performance are
explained.
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o Chapter 6 includes the results obtained with the Pléiades dataset and a
discussion about them.

o Chapter 7 provides the conclusion of the work carried out during the thesis.



Chapter 2

Fundamentals

In this chapter, several important concepts are introduced in order to understand
the rest of the thesis. First of all, the You Only Look Once deep learning models
are presented (see Appendix A.1 for a basic introduction to machine learning and
computer vision). Then, the functioning of the JPEG 2000 compression algorithm
and its key features are addressed. Finally, the concept of active learning is
explained.

2.1 The You Only Look Once Models

To automate the detection of objects of interest, deep learning (DL)-based convolu-
tional neural networks are used. They allow interpreting input images to predict
the locations and classes of objects within it.

Two types of object detection network can be distinguish: one-stage and two-stage
networks.

Two-Stage Network

Two-stage models are composed of two neural networks [10], one responsible for
extracting the regions where objects are potentially located and a second network
for classifying each proposed bounding box. For example, the R-CNN architecture
and its variants can be mentioned [21], [49].

Typically, this type of model achieves highly accurate object detection, but is slower
than single-stage networks.
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One-Stage Network

One-stage models are composed of only one neural network that handles both
tasks. The You Only Look Once (YOLO) architecture was firstly introduce by
Redmon et al. [38] in 2016, and was a new approach to object detection. They
proposed a single unified neural network able to predict both bounding boxes and
class probabilities in one evaluation of the input image [5].

The YOLO compact architecture is extremely fast compared to two-stage detectors
that need two passes through the image to detect and then classify the objects. The
single architecture makes one-stage detectors more suited for real-time applications,
since the forward propagation is performed faster [g].

In addition, this gain in inference time is achieved without losing too much in
performance compared to other state of the art detection models, including Fast
R-CNN [26].

Furthermore, thanks to the unified architecture, not only the inference is improved,
but also the training, which is facilitated. Indeed, only a single network has to be
optimized, whereas with two-stage detectors, each component has to be trained
independently for both tasks.

YOLO Architecture

Generally speaking, YOLO models are deep convolutional neural networks that
are composed of two main parts:

« Backbone: it constitutes the main body of the network. It includes the
initial convolutional layers of the architecture, which are responsible of the
feature extraction, and creating the abstract representation of the input
image. The backbone of YOLOv8 uses a modified CSPDarknet53 [39]. The
backbone includes a Spatial Pyramid Pooling Fast (SPPF) module allowing
to handle various scale, size, and aspect ratio [19].

o Head: it is the fully-connected part of the network that generates the output
of the model, the bounding box coordinates and the associated classes. The
head is actually composed of two parallel heads, one for object classification
and the other for predicted bounding box regression.

Early versions of the YOLO algorithm divided the input image into a grid of cells
and used predetermined anchor boxes to generate the output bounding boxes. The
objective of these anchor boxes was to capture the scale and aspect of object classes
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of training samples. These predefined boxes were then positioned across the image
and to each predicted bounding box was assigned a class with a confidence score.
In the end, only the predictions with confidence scores exceeding a threshold were
output by the model.

The problem with this approach is that, the model struggles with small objects
appearing in groups. To overcome this, the latest versions have therefore changed
and are now anchor-free.

The input is not anymore divided into a grid of cells and the bounding boxes are
predicted without relying on predefined anchor boxes. The operation is performed
by the parallel heads, based on Task-aligned Head (T-Head) module which unifies
the two tasks performed by the two head branches [16]. The module allows to align
the anchors from the object classification and location tasks.

In this work, the last release of YOLO from Ultralytics, YOLOVSH is used. In
Figure the architecture of the last release is shown in-depth. The version has
been developed by taking the best from previous iterations, and by introducing
new modifications to further enhance detection speed and accuracy.

It exists five derived object detection models: YOLOv8n, YOLOvS8s, YOLOv8m,
YOLOvSI, and YOLOvS8x, ranked in ascending order of number of trainable weights.
These derived models differ in convolutional filter size (changing the receptive field
size) and network depth. In general, smallest networks give lower performance, but
are faster in terms of training and inference. On the other hand, larger models are
more resource-demanding and time-consuming, but offer better performance. It
has been chosen to work with the derived model YOLOvS8s, which is not too time
and resource consuming thus offering a good trade-off.

Training Particularities

As well as offering good performance and fast inference, YOLO models family offers
a number of embedded features for training.

In particular, YOLO integrates adaptive learning rate [41], dropout [45], or even
extensive data augmentation techniques [52], which help to reduce overfitting and
improve generalization capacity. Overfitting occurs when the model learns too
much specific characteristics of the training set and is no longer able to predict
new inputs reliably.

"https://docs.ultralytics.com
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Figure 2.1: YOLOvVS detailed architectur.

For that reason, YOLO incorporates a pre-processing step allowing the modification
of the training data to generate new samples and thereby enlarge data variations.
The data augmentation techniques used include the saturation and exposure modi-
fication, horizontal flipping (mirroring), affine transformations (rotation, scaling,
translation, and shearing), mosaic creation, and more.

’https://github.com/ultralytics/ultralytics/issues/189
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During the training, a loss function is optimized. Loss functions are used to quantify
the difference between the model’s predicted outputs and the expected outputs from
human annotation. As YOLOvS8 no longer relies on dividing the input image into
a grid of cells, the loss has changed compared to previous versions, now resulting
from the combination of two elements:

o The class loss is responsible of measuring the error for the classification task,
penalizing predictions for which the assigned classes are not correct.

e The location loss is responsible of measuring the error of location of an
object, verifying whether the predicted bounding boxes are aligned with the
ground truths.

In equation form, the composite loss function is written as
Loss = N\ Lys + NoLioe, (2.1)

where \; and A, are factors used to balance the losses differently, allowing to favor
or mitigate a loss depending on the user needs.

The class loss is based on a multi-class Binary Cross-Entropy (BCE) loss [9], which
is commonly used for classification tasks.

While, the location loss uses a Complete IoU (CloU) loss [54], which is a variant
of the classical IoU loss that do not only consider the overlap rate [17], combined
with a Distribution Focal Loss (DFL) [28].

2.2 The JPEG 2000 Compression Standard

The standard considered to compress the high-resolution still images is the JPEG
2000 standard [44]. It represents a powerful compression tool that is optimized
for efficiency, scalability, and interoperability in network and mobile environments.
This standard has become a must and although it dates back to the turn of the
century, it is still widely used today. JPEG 2000 provides a set of features that
meet the needs of the new technologies, for example: superior low bit-rate perfor-
mance, continuous-tone and bi-level compression, lossless and lossy compression,
progressive transmission by pixel accuracy and resolution, region-of-interest coding,
etc.

The choice fell on the JEPG 2000 compression technique for two main reasons.
Firstly, even though its aim is to reduce the size of data transmitted as much as
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possible, it is necessary to retain clear images that can be interpreted by humans
or neural networks. Although the JPEG 2000 standard does not show the best
performance at high bit rate, this is not the case at low bit rate, where it outperforms
other wavelet domain-based methods [22]. Secondly, the proposed framework takes

advantage of the progressive and hierarchical compression and decompression of
the JPEG 2000 codestream.

JPEG 2000 Algorithm Operation

The JPEG 2000 algorithm block diagram comprising the encoding and decoding
phases is illustrated in Figure . The original image is compressed via (1) discrete
wavelet transform, (2) quantization, and (3) entropy coding blocks. The resulting
codestream is arranged in such a way as to facilitate decoding, with a main header
at the beginning of the codestream describing the image and its coding styles. Then,
this header is used to locate, extract, decode, and reconstruct the image according
the chosen criteria (e.g. number of decomposition levels, region-of-interest, number
of quality layers, etc.). In order to retrieve the image, the codestream is (4) entropy
decoded, (5) dequantized, and (6) inverse discrete wavelet transformed.

Original DR Entro
e —  Wavelet Quantization by
image Coding
Transform
Codestream
Inverse
R tructed . .. Ent
echs rueted Discrete <—| Dequantization |<— n ropy
image Decoding
Transform

Figure 2.2: JPEG 2000 algorithm block scheme: compression and decompression
parts.

The JPEG 2000 compression relies on 2D Discrete Wavelet Transform (DWT)
[27], achieving multi-resolution image description. The original image is high-pass
and low-pass filtered, yielding three sub-bands describing the details (LH, HL,

9
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and HH) and one approximation sub-band (LL), respectively. These sub-bands
consist of coefficients describing the vertical and horizontal frequency components
of the image. Figure [2.3| shows one level of the 2D wavelet decomposition. Then,
the approximation LL acts as the original image and can be further decomposed,
depending on the number of decomposition levels desired. If several decomposition
levels are used, the block diagram of Figure is re-applied on the LL sub-band
and the LL tile of Figure is further divided.

T i}
— e
Olriginal_'
image
Hi%lk;t-grass - LH " »
| Lo‘\_ﬁ;grass
S L

@ (b)

Figure 2.3: 2D discrete wavelet transform: (a) the block diagram of filter analysis
and (b) the arrangement of sub-bands.

The quantization is the operation used to reduce the precision of the coefficients.
The amount of data required to represent a coefficient is thus decreased, reducing
data size. It might be a lossy operation, since some values are approximated. This
operation is characterized by the quantization step-size, which describes the interval
between two coefficients within the range of possible values. When the parameter
is unitary, the compression is lossless, which is considered for the entirety of this
work. The operation is written as

q(u, v) = sign(ap(u,v)) [WJ, (2.2)

where ay(u,v) are the coefficient of sub-band b, A, is the quantization step-size,
and ¢,(u,v) are the quantized values. It can be noted that each sub-band can have
a different step-size.

JPEG 2000’s entropy coding uses arithmetic coding and applies it to code-blocks,
representing the smallest subdivision of the sub-bands. The probability of occur-

10
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rence of a given bit is determined from the contextual information, obtained during
three passes over the code-blocks: the significance propagation, the magnitude
refinement, and the clean-up pass. This generates a separate bit-stream for each
code-block, which are then arranged in packets and layers, each having their own
header and constituting the codestream. The arrangement of the JPEG 2000
codestream makes it easy to manipulate, and thus allows to progressively and
hierarchically access the information of an image.

Scalability And Codestream Formatting

There are two features that make JPEG 2000 a relatively interesting compression
standard for the proposed hybrid annotation framework. Indeed, the annotation
process takes advantage of the possibility of accessing several resolutions and regions
of interest, both without the need to decode the entire codestream.

More precisely, the ability to encode images at multiple resolution levels simultane-
ously is called scalability. The coded bit-stream is arranged in a specific manner
simplifying the decoding of the complete image at the different resolutions. To
retrieve the low-resolution image, only a small subset of the bit-stream is decoded,
allowing the progressive decoding of the image in the context of continuous trans-
mission. In order to recover higher resolutions, the rest of the bit-stream can be
decoded, until the end of the bit-stream is reached, which results in the image in
its original resolution. This can be also used in a bandwidth-restricted context,
where the low-resolution part is sent and decoded for fast manipulation, while the
rest of the bit-stream is arriving limited by the data rate of the channel.

During the encoding process the image is divided into smaller non-overlapping
blocks, called tiles. Then, all encoding and decoding operations are applied inde-
pendently on each tile.

By applying all operations independently, the JPEG 2000 algorithm offers error
resilience. For example, if bit errors happen inside a tile during encoding, only
the part of the codestream corresponding to the tile is impacted. The error is not
propagated.

But above all, the codestream is arranged in such a way as to allow facilitated
access to the tiles without the need to decode entirely the bit-stream. The header

indicates which parts have to be decoded to retrieve the desired tiles.

By combining both features, the JPEG 2000 compression algorithm offers the
ability to encode an image at several resolution levels. Then, when the codestream

11
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has to be decoded, it is possible to have direct access to regions of interest at the
desired resolution.

It is interesting to note that, for the rest of this work, the resolution levels correspond
to the number of DWT decomposition levels not discarded. At compression time,
the images have been decomposed on five 2D wavelet decomposition levels. The
resolution 5 means keeping all the DW'T decomposition levels at decompression,
resulting in recovery of the original image, as quantization is neglected (unitary
quantization step-size). Level 4 corresponds to discarding one decomposition level,
the mostly detailed coefficients, and so on until level 1, leaving only a coarse image,
the latest decomposition. Figure shows an image decomposed by applying
two times the DWT decomposition, leading to six details sub-bands and one
approximation.

(@) | o | (b)

Figure 2.4: Image decomposed in 2 levels of DWT. (a) Image in resolution level 2
and (b) image in resolution level 1.

In this work, in order to compress and decompress the still images, the OpenJPEG
2.5.0 released libraryﬂ has been used, which is an open-source JPEG 2000 codec
written in C language.

3https://www.openjpeg.org
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2.3 Active Learning

The annotation of images, and especially large-scale images, is a costly and time-
consuming task for human annotators. To reduce the number of annotated images,
Active Learning (AL) stands out as a promising solution. In AL, the learning
algorithm selects iteratively subsets of data to be human annotated from a pool of
unlabeled data. The approach hopes to reduce the amount of data to be annotated
while maintaining a desired level of performance.

Active Learning Functioning

Generally, the AL loop starts with an initial training of the ML model using a small
set of labeled samples, annotated by human experts. Then, a query strategy is
used to select from the pool of unlabeled data which are the most relevant samples
to annotate. These examples are chosen on the basis of a criterion that asks the
machine learning model which ones are the most pertinent to it. The selected
data is annotated by the oracle and then provided to the model for re-training.
The steps are repeated several times until the model has reached a desired level of
performance. Figure [2.5| represents schematically the approach.

Select queries
.J'j
Human annotator
L Machine J
Learning model Re-training

Figure 2.5: Generic Active Learning loop.

13



CHAPTER 2. FUNDAMENTALS

Query Strategies

It exists two major query strategies to select the most informative data, which are:

o Uncertainty-based approach: the predictions with the highest level of
uncertainty are selected first [51]. It allows to annotate samples for which
the model has difficulty in predicting with confidence, and train on it.

« Diversity-based approach: the samples are selected to ensure a diversity
among the data to be annotated [24]. It is expected to enhance the model
capacity to generalize to each class specific feature.

Both come with their benefits and disadvantages, hence an approach combining
uncertainty and diversity can be used [20} 47, 56]. Sometimes, when relying on
uncertainties, the selected samples show feature redundancy, reducing the efficiency
of the method. Therefore, the idea is to introduce diversity among the uncertain
selected samples.

Active Learning Advantages

First, AL allows to reduce the number of labeled data, limiting the need for a large
number of samples to train deep learning model. Only the most relevant data is
annotated, redundant examples are not used. This saves valuable human annotator
experts time, who do not have to annotate every images in the dataset.

Then, models trained with an AL approach frequently produce high accuracy and
have better generalization capability [50]. They converge faster to their optimum
performance.

2.4 Chapter Conclusion

In this chapter, three tools used by the proposed framework were presented. These
explanations serve as a reminder to understand the rest of the thesis.

The YOLOvVS deep learning model is responsible for detecting objects of interest.
It represents a cutting-edge object detector particularly suited for applications
requiring rapid inference. In the literature, it has been proven that the model offers
high performance for computer vision tasks.

The JPEG 2000 algorithm is used to compress high-resolution UAV images. This
codec offers a great image quality at low bit rate. In addition, its codestream

14
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arrangement and scalability allow easy access to parts of images at different resolu-
tions.

Finally, active learning techniques are used to reduce the amount of labeled data by

selecting only the samples that really allow the improvement of machine learning
model.

15



Chapter 3
Related Works

In this chapter, the works related to the proposed hybrid annotation framework for
bandwidth-restricted UAV object detection are presented. The framework seeks at
addressing different challenges, which are:

(I) High-resolution image compression,
(II) DL-based object detection,

)
(III) Hybrid annotation,
(IV) Applicability to bandwidth-restricted UAV scenarios.
The framework uses compression for transmission of large-scale and high-resolution
images, identified as challenge (I). As drones offer increasingly high-resolution
images and videos, compression is essential to offer transmission in real-time or
with insignificant delay.

Then, the object detection task has to be automated, and with challenge (II), the
aim is to rely on DL-based model to accurately detect objects of interest in images.

But in emergency situations, totally relying on an automatic model to detect people
in danger is not an option. The automated part of the system is designed to assist
rescue workers in their mission. Image annotation is therefore a combination of
DL-based models and humans, an approach identified as challenge (IIT).

Finally, with challenge (IV), the objective is to be able to deploy the system in

emergency situations, where the bandwidth is limited, while ensuring a desired
level of performance.

16
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Works Related To (II)

The proposed framework relies on a DL-based object detection model to perform
an initial annotation of the still images. It allows automating the work usually
done by human annotator experts, saving them valuable time by directly selecting
the most interesting areas of the image.

Wang et al. [48] studied the rapidness and exactness of the prediction of CNN-based
object detectors. They observed that deep learning models perform better than
other models for computer vision tasks on UAV images. Their experiments validate
the idea of using DL-based models for object detection tasks, but they did not con-
sider the constraints of the environment. They assumed that their communication
was bandwidth-unlimited, so they proposed the use of image compression to reduce
the computation workload and bandwidth consumption.

Budiharto et al. [4] developed a fast DL-based object detector for quadcopter
drone cameras with low-specification in hardware, and they demonstrated that the
system maintains a high-accuracy detection performance on 14 FPS videos, while
other models only go up to 6 FPS. The system was tested in an ideal situation
where bandwidth was not limited, as is the case in this work.

Ammour et al. [3] tackled the challenge of detecting and counting cars with UAVs,
and they proposed an automatic method using deep learning to solve the problem.
They demonstrated that their method outperforms other techniques in accuracy
and computational time. They used a combination of a deep CNN and a Support
Vector Machine (SVM) classifier to reduce the search space and extract descriptive
features for accurate and fast classification. The method looks very promising, but
it has only been tested on five different images. In addition, they did not work
with compressed images; the cars they are trying to count have an average size of
200 x 90 pixels which is much larger than the objects in highly compressed images.
Finally, the method is not particularly suitable for emergency applications with
large-scale images, as the inference time for an image of size 2626 x 4680 is about
30 minutes with their method.

In these three contributions, the use of DL-based models is highlighted for object

detection (II), but without taking into account the constraints imposed by the
environment, and therefore without using image compression.
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Works Related To (I) And (II)

The DL-based model does not directly predict on UAV high-resolution images.
Instead, the model has to manipulate low-resolution samples since images are
compressed, and only the part of the codestream corresponding to lower resolution
is kept and transmitted. This operation can have a negative impact on images,
creating compression artifacts and making model detection more difficult. Indeed,
distinctive class features are lost or attenuated, and small objects become even
smaller, which reduces performance.

Ehrlich et al. [I2] studied the effects of JPEG compression on deep neural net-
works’ performance for common computer vision tasks and on a various range of
datasets. In addition, they also introduced a self-supervised artifact correction
approach that improves object detection results. They observed a huge drop in
performance due to high-compression ratio, and a diminution in performance of
14% was observed for the object detection task when working with compressed data.

It is also possible to modify the object detection model to facilitate the detection
of small objects that are common in large-scale UAV images. Liu et al. [31]
have optimized a method based on YOLOv3 for small object detection, enlarging
the receptive field by enriching the spatial information in the early stage of the
convolutional network.

From the work conducted by Ghazvinian Zanjani et al. [I§], it is noted that
training the model with compressed images mitigates the impact of compression on
YOLO detection ability. They studied the impact of JPEG 2000 compression on
CNN-based detectors for medical images, on which compression cannot affect the
diagnosis. With their experiments, they observed that classification is relatively
robust to compression up to a certain ratio when the model is trained only on
high-resolution. In addition, they observed that giving compressed examples during
training enhances the model’s performance when classifying at the same resolution.

The latter observation is in line with that made by El Khoury et al. [13]. They
compared the robustness of 2D versus 3D U-Net against JPEG 2000 compression
for male pelvic organ segmentation and improved the compression tolerance using
fine-tuning. They observed that fine-tuning the network with images compressed at
the same ratio as the network has to handle helps it adapt to compression effects and
maintain high-performance. Moreover, El Khoury et al. [I5] iteratively fine-tuned
a 3D U-Net for improving segmentation against JPEG 2000 compression to reach
high-compression ratios. Recently, El Khoury et al. [I4] proposed a DL-based
object detector and tracker working exclusively on residual frames, ensuring data
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privacy and reducing the storage costs.

To overcome bandwidth-restricted networks, Chamain et al. [6] proposed a deep-
learning based classifier trained on JPEG 2000 encoded images, achieving faster
and accurate predictions.

Thanks to these contributions, it is evident that compression impacts the per-
formance of DL-based models for object detection. However, this decrease can
be mitigated by preparing the model for the artifacts introduced by compression,
making it more robust at high-compression ratios. In all of these contributions,
there is no hybrid annotation workflow considered.

Works Related To (I) And (IV)

Indradjad et al. [22] compared four wavelet-based compression methods, and they
demonstrated that the JPEG 2000 algorithm image quality outperforms the other
codecs at low bit rates.

This observation corresponds to that of Zhou et al. [55]. Indeed, they gave
an overview of remote sensing image compression algorithm adopted in satellite
systems. They also highlighted superior preservation of image quality at low bit rate.

Both contributions support the use of JPEG 2000 for UAV transmission when
bandwidth is limited.

Works Related To (I), (II), And (IV)

Preethy Byju et al. [37] proposed an approach for classifying scenes in JPEG 2000
compressed remote-sensing images using a DL network. The method is interesting
because it enables classification to be carried out on images that have not been
fully decompressed while maintaining classification accuracy. This reduces the
computation time required for image decompression.

Zhang et al. [53] proposed a real-time end-to-end transmission framework based
DL in UAV-aided networks. The mechanism compresses the data into latent codes,
allowing fast transmission while maintaining the quality of visual data for small
objects despite bandwidth constraints and compression artifacts. But in their work,
it was assumed to have uninterrupted line-of-sight communication, thereby limiting
its applicability in complex environments.
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The two papers present approaches based on DL model to manipulate UAV com-
pressed images in bandwidth-limited context. But they do not incorporate a hybrid
annotation framework.

Works Related To (II), (IIT), And (IV)

Yamani et al. [5I] proposed an active learning framework for single-stage object
detection in UAV images. Their framework selects the images with a wide variety
of classes with high uncertainties while mitigating the class imbalance. Single-stage
selection process is convenient since it selects the most informative samples directly
based on the output uncertainties of the object detection model while, two-stage
AL techniques dissociate the object detection step and the selection of the most
relevant images. They demonstrated that their AL framework needs less training
samples to reach equivalent performance than using the whole training dataset.

Kellenberger et al. [24] presented an AL strategy integrating a deep CNN object
detector as criterion. Their research focus on the detection of wild animals in UAV
acquired images. Instead of using model uncertainty to select the training samples,
their strategy was to use the CNN scores to rank the samples and choose very
confident and typically rare samples. Their experiment have shown that using less
than half of labeled images is enough to retrieve 80% of animals in challenging sets.

Both contributions show AL-based frameworks responsible of detecting objects
in UAV acquired images but they do not take into account image compression
required in bandwidth-restricted scenarios.

3.1 Chapter Conclusion

In this chapter, the four challenges addressed by the proposed framework were
presented. Then, a non-exhaustive list of works relating to these challenges has
been established.

Among all the articles, the best one found meets at most three of the four challenges
at once.

The proposed streamlined hybrid annotation framework using scalable codestream
for bandwidth-restricted UAV object detection is the first contribution that answers
all four challenges simultaneously. Table synthesizes the challenges addressed
by the related works.
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B M 6] [12] [13) [14] [15] [2] P4 [B1] [B7 [E8] [BI] B3] [B5] Ours
) v v v v v v vV
m v v v v v v Y N N Y N v
(I11) v v v
(IV) VR v N

Table 3.1: Summary of related works addressing the four challenges.
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Chapter 4

Hybrid Annotation Frameworks

In this chapter, a conventional baseline hybrid annotation strategy and the proposed
hybrid annotation framework are developed. Then, the active learning functioning
of system is explained. System blocks are developed in order to understand how
they work and how they are implemented.

Chapter Notations

In this chapter, several variables are used to describe the frameworks, therefore
Table (4.1l summarizes these notations.

Variable name Description

I% Still image at resolution R
Tk m-th tile at resolution R
Low-resolution, highest level allowed
LR . .
for transmitting all tiles
HR High-resolution
Rlvls List of resolution levels considered
M Set of tile indices
N Set of tile indices to be annotated
BBpy, Model predictions (bounding boxes and classes)
CSpr, Model confidence scores
BBuuu Human predictions (bounding boxes and classes)
CSuum Human confidence scores
data_ rate Data rate [kbps]
LT Rlimit Transmission time limit [s]

Table 4.1: Notations used for describing the frameworks.
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4.1 Baseline Hybrid Annotation Framework

The baseline framework defined as reference is emulating the standard hybrid
annotation approach used by UAVs in emergency situations. It translates a naive
way of transmitting images from UAVs to ground station. The entire high-resolution
image is sent without taking into account the surrounding environment. Figure
represents the block diagram of the baseline framework.

Baseline framework

UAV GROUND STATION
U THR J2K

U THR
= " Deep
“hannel Learning
Annotator
- Compression block

I:l Computational block

I:l Annotation block Tile Indexer

- Decision block

— Main baseline routing stream

=% Reutilized routing stream

BBuyn
CSnum

Figure 4.1: Block diagram of the baseline hybrid annotation framework.

Operating Procedure

The routine from the high-resolution still image acquired by the UAV to the ground
station where the decision is made can be summarized as follows:

1. The high-resolution still image I’® is acquired by the UAV. The whole image
can also be seen as a grid of tiles, mathematically written as I% = J,, THE,

2. The J2K Encoder compresses the whole image, meaning all tiles, using the
compression algorithm JPEG 2000. In the context of this work, the image
is compressed using five DWT decompositions. The encoding function is
written as

UTHE 2K « J2K((JTHE, ), (4.1)

m m

where A = {1,2,...,|.#} is the set of tile indices constituting the image.
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3. The whole high-resolution compressed image is sent through the lossless
communication channel to the ground station.

4. At the reception, the compressed image is decompressed at the highest
resolution level H R, by keeping all DW'T decomposition levels. It allows to
recover the original image I#%. The JPEG 2000 decoding is given by

I =T« RKY (TR J2K, ). (4.2)

5. The image is provided to the Deep Learning Annotator block which uses the
model trained to detect objects of interest. It outputs the labeled bounding
boxes, denoted as BBpy, and the confidence scores C'Sp;, that provide the
degree of certainty of each prediction. The predictions are given by

BBpr,CSpr < DL(JTHR, 4, HR). (4.3)

m

6. The Tile Indexer block selects the tiles that need the human intervention
based on the output of the deep learning model. Tiles are chosen according
to the confidence score, the lowest values are selected first. The number of
tiles selected is constrained by the human annotator budget, denoted as |.47].
The block outputs the indices of tiles requiring annotation as

L/V%IND(BBDL,CSDL,L/VD (44)

7. The tiles to annotate are extracted from the compressed image using the J2K
Extractor block at the highest resolution level as

UTIE.J2K + EXT(JTH".J2K, A, HR). (4.5)

n m

8. These selected tiles are then decompressed tanks to the J2K Decoder, which
are written as

UTHE «— 2K (JTIR.J2K, N). (4.6)
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9. The Human Annotator corrects the predictions on the tiles supplied to him,
producing the bounding boxes BBgys and the confidence scores CSgyay.
He can suppress bounding boxes that are not correctly localized, change the
class, or even add new predictions. These predictions are written as

BBy, CSuun + HUM(JTHR, N) (4.7)

10. Finally, the decision is taken based on the predictions from the deep learning
annotator corrected by the human annotator,

Deciston < BBHUM,CSHUM,BBDL,CSDL. (48)

The framework presents problems due to the continuous transmission of high-
resolution images. It does not take into account the constraints imposed by the
channel and the user.

If the data rate is low, it will take longer time to transmit the entire image, and
decision-making time will be also longer. The same goes for short decision-making
time where it cannot be afforded to wait for the entire high-resolution image to be
transmitted.

4.2 Proposed Hybrid Annotation Framework

The proposed framework aims at reducing the overall bandwidth consumed by
sending all the tiles of the image at high-resolution as well as the time interval
between the acquisition and the end of the process.

In order to reach a rapid and reliable decision-making process, the baseline frame-
work is adjusted and Figure presents the modified hybrid annotation framework.
It integrates four improvements that are presented in the following subsections.

Operating Procedure

The system works similarly to the baseline, but it integrates the constraints pro-
vided by the channel and the human annotators. The functioning is as follows:
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Proposed framework
UAV GROUND STATION

R (Jritszx
.

- Compression block

I:I Computational block

Budget
Calculator

I:I Annotation block

- Decision block

I:I Proposed approach
added block

Tile Indexer

— Main baseline routing stream

% Reutilized routing stream % @

datarate
Proposed approach trriimit
routing stream

Human
o | Amotator [Tpp

CSnum

e

HR still image (")

Figure 4.2: Block diagram of the proposed hybrid annotation framework.

1. The high-resolution still image 7% is acquired by the UAV.

2. Based on the data rate imposed by the channel and the transmission time
limit imposed by the application, the Budget Calculator computes the highest
resolution allowed to send the entire image LR and the annotator budget
|.4|. The block is further explained in Subsection

The chosen low resolution and the number of tiles are given by

LR, HR,|N|,| M| + BC(I"E size(T"?), data_rate, t7piimi, Rlvls),

(4.9)
where Rlvls = {1,2,3,4,5} in this work.
3. The J2K Encoder compresses the input image using JPEG 2000,
UTIE 2K « 2K((JTHE, ). (4.10)

m m

4. The part of the JPEG 2000 codestream corresponding to the low-resolution
is extracted from the whole codestream, which gives

UTEE 2K + EXT(JTH".J2K, #,LR). (4.11)

m m
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10.

The output corresponds to the whole compressed image at low-resolution.
The step is further explained in Subsection

. The compressed image is sent through the lossless communication channel to

the ground station.

. At the reception, the whole codestream is decompressed, which allows to

recover the low-resolution image 1%,
UTE « 2K (| TLR.J2K). (4.12)

. The image is provided to the Fine-Tuned Deep Learning Annotator block

which uses the model trained to detect objects of interest. The network
is specialized for each specific resolution level, allowing high-performance
despite the poor resolution. Further details are available in Subsection [4.2.3]
As for the baseline, it outputs BBp;, and CSpy, as

BBpr,CSpr, < DL(JTL", # ,LR). (4.13)

. The Tile Indezer block selects the tiles that require human intervention based

on the output of the fine-tuned deep learning model. The block operation is
developed in Subsection [4.2.4] The indices are given by

</V(—IND(BBDL,OSDL,|</V|> (414)

. The indices of the tiles selected 4" are sent back to the UAV through the

lossless channel.

The tiles to annotate are extracted from the compressed codestream, by
keeping only the parts corresponding to the selected tiles. This time, the tiles
are in high-resolution,

UTHE. 2K + EXT(JTHR.J2K, A, HR). (4.15)

n m

27



CHAPTER 4. HYBRID ANNOTATION FRAMEWORKS

11. The compressed high-resolution tiles are sent back to the ground station for
annotation.

12. The received codestream is then decompressed to recover the high-resolution
tiles,
UTHR «— 2Kk (JTFE.J2K, N). (4.16)

n n

13. The Human Annotator corrects the predictions on the tiles supplied to him,

BBy, CSuum < HUM(JTHR, A). (4.17)

n

14. Finally, the decision is taken based on the predictions from the fine-tuned
deep learning model corrected by the human annotator,

Decision < BBHUM,CSHUM,BBDL,CSDL. (418)

4.2.1 Budget Calculator

The Budget Calculator is the first block called in the routine. It takes as inputs
the scenario-specific constraints to determine the highest resolution level (LR) at
which the entire compressed image can be sent to the ground station for neural
network annotation. Algorithm [I] describes the functioning of the block.

To determine the outputs, it uses the constraints imposed by the channel condition,
the data rate available data_rate and the needs of the application, the transmission
time limit ¢7pzimie. The transmission time limit is defined as the time interval from
the acquisition to the human annotation, when all data has been transmitted.

Based on these two constraints, the bandwidth budget can be calculated, and is
given by
BW = data__rate [kbit/s] - trrimit [s], (4.19)

quantifying the amount of data that can be transmitted.
Then, the Budget Calculator, starting from the highest resolution and working

down to the lowest, checks each time whether the entire image can be sent at the
considered resolution. The condition checked is

size(1") < BW, (4.20)
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where size(I?) is the size of the image at a given resolution R. The resolution that
respects this condition is then denoted LR.

If the condition is respected, the block computes the number of tiles that can
be sent at the highest resolution H R for human annotation with the remaining
bandwidth budget available. This number is calculated as

| AN = (BW — size(I"))/size(T?H), (4.21)
where size(THE) is the size of a tile at high-resolution.

When the lowest resolution LR has been found and the annotator budget has been
calculated, the process ends. But if the condition is never respected, that means
that the constraints are too restrictive and transmission respecting the limitation
is not possible, even at low-resolution.

Algorithm 1 Budget calculator

Require: 7% size(THR) data_rate,trrimi, Rlvls
LR+ —1
(AN | A 0
BW <« data_rate.trriimit
HR <+ max(Rlvls)
for R< HR to 1 do
if size(I™) < BW then
LR <+ R
| AN | < (BW — size(I?))/size(THE)
break
end if
end for
if LR = —1 then
Insufficient BW budget, must relax constraints
end if
| M| + size(ITR)/size(THE)
return LR, HR, |V |, |.#|

Being in good transmission condition allows to send the whole image at higher
resolution facilitating the model’s work and thus gives better results, which implies
that experts are less asked to correct the bad predictions.

29



CHAPTER 4. HYBRID ANNOTATION FRAMEWORKS

In contrary, having a deteriorate channel does not allow to transmit the image at
useful resolution, reducing the model performance. Then, the human annotators
have to be more requested to correct the predictions but it is not possible due to
the low remaining bandwidth budget. This can delay the decision-making or even
lead to missed detection.

4.2.2 JPEG 2000 Extractor

The J2K Eaxtractor block is responsible for extracting a part of the JPEG 2000
codestream corresponding to desired characteristics. Algorithm [2| shows the block’s
behavior.

Initially, it extracts the part of the codestream corresponding to the entire low-
resolution compressed image. Then, based on the output of the Tile Indexer
block, it extracts the part of the codestream corresponding to the selected tiles in
high-resolution.

It takes as input a JPEG 2000 compressed image |, THE.J2K, the list of tiles to
be extracted %, and the resolution to be extracted R. The block outputs the set
of desired tiles at the specified resolution |, TyR.J 2K.

To do that, it takes advantage of the progressive and hierarchical arrangement
of the JPEG 2000 codestream, and based on header information, it reaches the
desired parts without having to decompress the whole codestream, saving both
time and computing resources.

Algorithm 2 J2K Extractor
Require: U, THE J2K, % R
for each y € % do
Extract T from U, T}'®.J2K at resolution R

end for
return U, T, J2K

Within the proposed framework, the block is situated on the UAV side, reducing
the amount of data transmitted, since only the effectively useful parts are sent.

4.2.3 Fine-Tuned Deep Learning Annotator

The Fine-Tuned Deep Learning Annotator block is responsible for detecting objects
on input tiles U,, T=%, which are in low-resolution.

m m )
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As compression can significantly impact image quality [12]. The performance of the
DL-based model can be also impacted since it has not been trained on poor-quality
instances.

To overcome this problem, five models are trained, each responsible for a specific
resolution level. The model in charge of the highest resolution is initialized with
the pre-trained weights. These weights are trained on COCO dataset [30], a huge
dataset composed of 80 classes including planes and helicopters.

The lower levels are initialized with the weights from training at the higher level
and then specialize through training for the resolution level. In other words, the
resolution 4 model starts with the weights from the training of the model respon-
sible for resolution 5 and so on, until the model handling resolution 1 images
is initialized with the weights from resolution 2. Figure [4.3] shows the cascade
fine-tuning approach considered.

COCO
weights

Initialization

Training Resolution 4

weights

Initialization

Training | Resolution 3

weights

Initialization

Training | Resolution 2

weights

Initialization

Training | Resolution 1

weights

Figure 4.3: Cascade fine-tuning approach with 5 resolution levels.

Fine-tuning the deep learning models on low-resolution images allows to maintain
optimal detection performance. The aim of fine-tuning is therefore to specialize
the model in object detection at lower resolutions, allowing the model to adapt to
compression artifacts.
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4.2.4 Tile Indexer

The Tile Indexer block is responsible for selecting the tiles which will be sent to
experts for annotation, based on a chosen criterion. It has been chosen to select
the tiles based on the prediction uncertainty of the model [51].

At inference time, only the predictions with a high enough confidence score are
kept and output by the model. The threshold that determines which predictions
are kept is a hyper-parameter of YOLOv8 models. In this work, the confidence
score threshold is set low, C'Sypreshoia = 0.25, allowing non-certain predictions to be
output, increasing the false positive rate. The model thus tends to predict much
more objects. This choice has been taken to be sure to maximize the number of
predictions, which hopefully reduces the number of missed objects. On the other
hand, keeping uncertain predictions reduces the performance of the model but since
predictions are refined by experts, it is expected that the overall performance is
not as much impacted.

This block plays an essential role in the overall performance of the system. If
tiles are not well selected, the human annotators will not be able to improve the
performance by correcting errors. On the contrary, having an efficient Tile Indexer
can help the system to improve the predictions of the DL-based model.

The block starts by sorting the bounding boxes in ascending order according to
their confidence scores. Then, the tiles containing the bounding boxes with the
lowest confidence scores are selected to be annotated by the experts. The number of
selected tiles is determined by the budget calculator block that takes into account
the physical constraints imposed by the environment. Algorithm [3| shows the
pseudo-code of the block.

Algorithm 3 Tile Indexer
Require: BB,CS, |¥|

Sort BB w.r.t. C'S values in ascending order
| Z],i+ 0,0
while i < |%/| do
Z .append(BBJi])
1 1+1
end while

AW X

return %
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Even if the CSyp, eshoa is set low and the model outputs uncertain predictions, it
happens that there is not enough tiles with predicted bounding boxes, meaning
that the annotator budget is large enough to select more tiles. The block can be
left as it is, thereby reducing the number of queries to annotators, who annotate
less than they offer.

Alternatively, the block can be modified to use all the available budget |.4"|. There-
fore, two extensions of the Tile Indexer have been considered.

Random Approach

The first version corresponds to a naive approach where the tiles are randomly
selected. It assumes that the detection made by the DL-based model is good,
and almost no tile containing objects will be missed. Since, CSipresnora iS set
very low, large-scale detection is favored. But if the available budget allows more
tiles to be annotated than those already selected, the Tile Indexer block randomly
selects from all the others, hoping to find a tile that has not been correctly predicted.

Majority Voting-Based Approach

The second version selects additional tiles based on a majority voting approach
among the adjacent tiles. To determine the order of selection, the idea is to
construct a list of adjacent tiles ordered according to a majority voting approach.
A tile adjacent to several tiles in which predictions have been made has a greater
chance of also containing objects, and these are therefore placed first in the list.

In Figure |4.4] an hypothetical example of the extension based on majority voting is
presented. First, one can observe that 4 tiles have been selected for verification
by human annotators because the DL model had predicted uncertain objects in
these tiles. Then, the Tile Indexer extension takes all adjacent tiles and attributes
a number to each one, corresponding to the number of already selected neighbors.
Finally, the most voted tiles are chosen to be annotated, which led to the recovery
of an additional instance.

4.3 Active Hybrid Annotation Framework

The proposed hybrid annotation framework assumes having at its disposal enough
training samples to adapt to compression artifacts. But the problem is that at the
start of a mission, the model may not have enough training images to ensure a
desired level of performance. However, in emergency situations, it is inconceivable
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Majority voting-based
approach

- Already selected tile

[] candidate tile

- Highly voted tile

I:I Missed object

Figure 4.4: Tile Indexer based on a majority voting approach.

to delay the mission. To meet this need, a third approach is envisaged.

Figure presents the hybrid annotation framework adapted for active learning.
It allows on-the-job reinforcement. The framework can adapt itself to compression
artifacts at the beginning of its use.

The active hybrid annotation framework extends the proposed framework essentially
by adding a routing stream between the Human Annotator block and the Deep
Learning Annotator. As well as, a Labeled pool block responsible for storing the
tiles annotated by human annotators.

One can observe that the Tile Indexer supplies to the J2K Decoder the indices
of tiles to be annotated. It is important to note that the block does not have to
re-decode the codestream, it can simply retrieve the tiles it decoded earlier in the
routine, reducing computational cost.

Query Strategy

The AL query strategy used corresponds to the strategy of the Tile Indexer. So, in
this case, it is an uncertainty-based approach. The annotated samples correspond
to those with which the model has struggled.
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Figure 4.5: Block diagram of the active hybrid annotation framework.

It also uses the majority voting extension to select additional tiles in the prediction
area if it is needed, which is often the case at the beginning of missions since the
model has not been trained enough. It predicts with less confidence and in smaller
quantities.

Labeled Pool

The Labeled pool block stores the annotations made by the human annotators
and the corresponding tiles at low resolution LR. In fact, it does not store the
high-resolution tiles that have been annotated by human experts, as the model
must be trained with the low-resolution tiles to adapt to compression. It does not
keep all the tiles, it only store the |.4"| tiles selected to be annotated.

It does not directly provide the poorly-trained DL model with samples for re-
training. Instead, the block waits until it has received several annotated images or
tiles before supplying the model. This prevents training too often. The training

phase is time and resource consuming, so it has to be done as rarely as possible.

On the other hand, having frequent training allows to adapt to compression artifacts
faster, the model quickly converges towards its optimum performance.

Thus, a trade-off must be made to ensure rapid adaptation while reducing resource
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consumption.

4.4 Chapter Conclusion

In this chapter, a basic hybrid annotation workflow has been enhanced to obtain a
framework designed for emergency situations. The improvements made were:

Adding a Budget Calculator to take into account channel and user constraints;

Taking advantage of JPEG 2000 codec to extract desired tiles at specified
resolution R;

Fine-tuning a YOLOv8 model to adapt to compression artifacts;

Transmitting the whole image at low-resolution and only uncertain tiles at
high-resolution for human annotation.

Finally, an active learning extension was presented, offering on-the-job reinforce-

ment.
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Chapter 5

Experiments

This chapter starts with a description of the data considered in this work to assess
the framework, the Pléiades dataset. Then, the evaluation metrics are developed,
providing their expressions and the justification for their use. Two experimental
setups are then presented, which give the conditions under which the proposed
framework is evaluated and what is expected to be observed. Finally, another
experimental setup for testing the active learning functioning is presented.

5.1 Dataset

The dataset used in this work is the Pléiades ondll It consists of satellite views
of airports from different locations throughout the world. There are two different
classes of objects in the images: airplanes and helicopters. However, not all instances
within a class are necessarily identical, as there exist distinct models (subclasses).
Therefore, within the same class, objects can vary in dimension, color, and shape.

Pléiades Data

Specifically, the dataset comprises of 90 synthetic images and 48 real images. The
real images are satellite views of airports, on which real objects are present, while
the synthetic images are real satellite views of airports on which instances of each
class, helicopters and planes, have been added digitally, in addition to the few real
ones already present.

IThe Pléiades images were downloaded from the Pléiades 4 Belgium platform, through an
agreement with BELSPO (Belgian Science Policy Office). The images were labeled by the Institut
Scientifique de Service Public (ISSeP).
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Synthetic objects are added to the scene, taking into account real images metadata
such as the position of the sun, to generate shadows and reflections. The instances
are added by modifying orientation, location, exposure, etc., offering to the model
more object diversity. So, using these synthetic images acts like data augmenta-
tion. It allows to have at disposal more samples to train, validate, and test the
model, which is rather interesting, as images of airports with lots of airplanes and
helicopters are rare.

The Pléiades images are very large, generally composed of several million pixels and
their dimensions (height and width) are not constant. They vary greatly within
the dataset, the smallest images being around 40 million pixels, while the largest
exceed 170 million pixels.

However, the spatial resolution does not change between image acquisitions from
different airports. The spatial resolution corresponds to the level of detail or
granularity at which satellite sensors can distinguish objects on the Earth’s surface,
and it is measured in meters per pixel. For example, a spatial resolution of 1 meter
per pixel means that one pixel within an image corresponds to a square ground
surface of 1 meter by 1 meter in size. In this way, high-resolution enables the
capture of greater details of objects on the surface. For Pléiades images, the spatial
resolution of panchromatic sensors is about 0.5 meters per pixel. Naturally, the 3D
airplane and helicopter models added to synthetic images are adapted to match
the spatial resolution of the images.

JPEG 2000 Compression

In order to reduce the bandwidth consumed during transmission, only a part of the
codestream is retained and transmitted. This as a negative impact on the spatial
resolution of the images.

The decrease in spatial resolution is due to the downsampling operation applied
during the DWT decomposition, as shown in Figure 2.3

Normally, during reconstruction, an upsampling operation is performed to restore
original resolution, but when lower resolution levels are considered, this operation
is not realized. Thus, spatial resolution varies from one resolution level to another.

The spatial resolution ratios regarding the original resolution are given by:
o Resolution 5 corresponds to a ratio of 1:1.

o Resolution 4 corresponds to a ratio of 2:1.
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» Resolution 3 corresponds to a ratio of 4:1.
» Resolution 2 corresponds to a ratio of 8:1.
o Resolution 1 corresponds to a ratio of 16:1.

Thus, an image with a dimension of 14863 x 11624 at resolution 5, is of size 929 x 727
at resolution 1, height and width are divided by a factor 16. The operation has
the effect of reducing the image granularity, so objects lose details, and their
characteristic features become more blurred.

It was decided to work with these resolutions, as going any lower compression levels
would have made the network prediction almost impossible. Indeed, having higher
ratios can cause instances to disappear. As the number of pixels representing an
object becomes too small. An example is shown in Figure 5.1 It can be noticed
that airplanes and helicopters disappear from the image as they are represented by
so few pixels.

(a) Tile in resolution level 5. (b) Tile in resolution level 1 (not at scale).

Figure 5.1: Comparison between a cell in its original resolution and highly com-
pressed (16:1).

Pre-Processing

For simulation, each image is sliced into patches because training and predicting
on the whole image requires many computing resources. It has been chosen to cut
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the images into tiles of size 1024 x 1024 at their original resolution.

But in order to keep a consistent division, the sizes of the tiles change with the
considered resolution level. As it has been explained, lower resolution levels are
not composed of the same number of pixels, this number is divided by a factor 2
at each lower resolution level. Thus, a tile in resolution 4 has a size of 512 x 512,
and each time with smaller sizes until resolution 1, where tiles are of size 64 x 64.
Thereby, tiles cover the same land surface area, and objects found at one resolution
remain on the same tile, whatever the resolution level. This facilitates the work of
the Tile Indexer. When the fine-tuned model makes an unreliable prediction at a
given resolution about a certain tile, it is selected by the Tile Indexer. The block
just has to store the identification number of the tile selected since it remains the
same at the highest resolution level.

In addition, as the dimensions of the images in the dataset vary, it has been assumed
that the test images are made up of 80 tiles. It allows to fairly compare the images,
which was necessary to calculate the average performance during experiments.
Therefore test images have fictitious size of 10240 x 8192.

Train/Val/Test Split

The whole dataset is splitted into two smaller sets, the training set and the test
set. This model validation procedure allows to observe how the model performs
on unseen data. It has been chosen that the test set is exclusively composed of
real images, in order to observe the performance on real instances simulating the
acquisition by an UAV. It is important to make sure that no images are included in
both train set and test set, as it would induce a bias in performance, which would
no longer simulate the results obtained on new data.

Typically, the training set is further splitted into the training set and the validation
set. The validation set is used during the training phase to assess the performance
of the model and adapt model parameters. Almost all real images are in the test
set, the few that remain are mixed with the synthetic images and then randomly
distributed between the train and validation sets.

Generally, the split ratios are about 70/10/20 for the train, validation, and test sets,
respectively. For the Pléiades dataset, it has been chosen to work with ratios of
80/5/15, which corresponds to the ratios used with the COCO dataset to pre-train
the weights of YOLO models, finally giving 108/7/21 images in the train, validation,
and test sets, respectively. This gives approximately 25000 airplane instances and
almost 10000 helicopters for training.
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5.2 Evaluation Metrics

This section aims at presenting the evaluation metrics used to assess the performance
of the model.

5.2.1 Intersection Over Union

Intersection over Union (IoU), also called Jaccard index, is a popular evaluation
metric used for object detection tasks. It measures the similarities between the
predicted bounding box and a ground truth. The prediction is obtained at the
output of the neural network at inference time while, the ground truth bounding
box is known and it results from the manual annotation of the image by human
experts.

Figure 5.2: Example of 2D predicted and ground truth bounding boxes.

Intersection over Union is computed using the intersection area [ and the union
area U between the prediction and the ground truth. So, it is given by
Il _|ANB|

ToU = =L —
V=101 = jauB)

(5.1)

where A is the predicted box and B is the ground truth.
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When the bounding boxes have no overlap, meaning they do not share any area, the
intersection is zero and thus, the IToU is 0 as well. Conversely, the more the boxes
overlap, the closer the IoU is to 1. Figure |5.3| shows three examples of Intersection
over Union ratio.

IoU=10.0 IoU =0.49 IoU=1.0

[ Predicted bounding box

[ Ground truth bounding box

Figure 5.3: Intersection over Union cases.

At the output of the YOLOvV8 model, a prediction gives the  and y-coordinates of
the center, the height and the width of the bounding box. The same information is
available for the ground truth, allowing to compute the intersection and the union
areas between them.

But a problem occurs when testing a tile or an entire image because bounding boxes
from the output of the neural network and the ground truth boxes do not present
direct correspondences. In other words, there is no straight way of identifying
which prediction belongs to which ground truth within a tile during the evaluation
phase.

To overcome this problem, a matrix between the labels and the predictions is
computed, expressing the values of the ToU between each label and all predicted
boxes. Then, predictions are assigned to the ground truth that has the highest
IoU. A predicted bounding box that does not overlap any ground truths stays
unassigned and is automatically identified as false. Only one prediction can be
assigned to each human annotated box, the one with the most overlap area.
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5.2.2 True Positive, False Positive, And False Negative

First of all, in order to evaluate the system’s performance, it is important to be
able to distinguish which predictions are correct. To do this, three quantities are
used: the True Positive (T'P) rate, False Positive (F'P) rate, and False Negative
(F'N) rates.

The true positive rate expresses the number of instances correctly predicted. A pre-
diction is defined as correct when it satisfies two conditions. First, the Intersection
over Union between a prediction and its assigned ground truth has to be greater
than a chosen IoU threshold fixed at IoUjpreshoia = 0.5 to prevent missing TP at
low-resolution, objects being represented by only few pixels. Then, the predicted
class associated to the bounding box has to correspond to the ground truth label.

Afterwards, two types of errors are considered. Firstly, the neural network may
miss objects while not predicting the actual position of an object. This number of
missed instances corresponds to the false negative rate. It is computed by looking
at the number of ground truths not assigned to a prediction or those assigned
but missclassified. Secondly, the false positive rate expresses the number of wrong
predictions. It is computed by counting the number of predictions that were made
but where no objects were present.

In the context of search and rescue missions, the latter error is less punitive. It is
better to overestimate the number of people to be saved than to underestimate
and miss persons. For that reason, the model’s confidence score threshold and the
10U threshold, two hyper-parameters of YOLOVS, are set at a lower level. The
confidence score threshold expresses the limit above which a model prediction is
considered. Setting it low allows to increase the number of false positives. The
IoU threshold ensures that not too much predicted boxes overlap. Again, when
this parameter is set low, more predictions are made in a limited area. As a result,
the deep learning model’s performance is not as good at first. But this is not a
problem, since the predictions are then corrected by the human expert.

5.2.3 Metrics

To evaluate the hybrid annotation frameworks’ performance, precision and recall
scores are considered as well as the combination of both, the F-score. Generally,
these two metrics are not used independently since, it exists a relationship between
precision and recall.
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Precision

The precision expresses the number of relevant instances among all retrieved
predictions and is defined as

TP

—_— 2
TP+ FP (52)

precision =

Recall

On the other hand, the recall show the fraction of relevant predictions that were
retrieved and is defined as
TP

recall = TPLEN (5.3)
These two metrics are related. For example, if the object detector parameters
are set such that the model tends to detect more objects than there really are,
the recall will increase and the precision will reduce. Conversely, the model could
only predict something when it is really sure of itself. This functioning improves
the precision but decreases the recall. In other words, having a greater recall
increases the chances of not missing instances but surely increases the number of
wrong predictions while, a greater precision decreases the chances of making wrong
predictions but decreases the number of retrieve objects.

F,-Score

A good way to synthesize both metrics is the use of the Fi-score which is the
harmonic mean of the precision and recall. Having a prefect precision and recall
gives the highest value possible, 1.0 while the score is equal to 0.0 when either the
precision or the recall are zero. The metric is given by

o 2precision X recall 2TP
"7 precision + recall ~ 2TP+ FP+ FN'

(5.4)

Response Time

In order to compare both frameworks, the response time is also considered. It
is defined as the time at which the decision is taken. It corresponds to the time
interval between the acquisition of the image and the end of the system, when the
model’s predictions and the expert’s corrections are done. The response time tgg
is defined as

trs = trr +tuum, (5.5)
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where t7g is the transmission time and ¢y 18 the human annotator time.

The transmission time corresponds to the time needed for the data to be trans-
mitted through the channel which differs depending on the framework considered.
Indeed, the data exchanged are not identical.

The transmission time for the baseline framework is defined as

size(U,, THE. J2K)
data_rate

brg = (5.6)

where the numerator corresponds to the size of all tiles in high-resolution and
data__rate is the channel data rate available.

The proposed framework transmission time is defined as

size(Uy, TEE.J2K) + size(U, THE.J2K)
data rate

trr = ) (5.7)
where the numerator corresponds to the sum of size of all tiles at low-resolution and
the size of transmitted tiles at high-resolution, and data_ rate is the channel data
rate available. The numerator is composed of two terms because the channel is used
to transmit the entire image at low-resolution and then, the selected high-resolution
tiles. As a reminder, the low-resolution level LR is adapted based on the data_ rate
and the transmission time limit t7gmic-

It should be noted that, in both frameworks, any metadata transmitted through
the channel is neglected. Indeed, it is considered that the size of metadata files
is small regarding to an image size and therefore has a negligible impact on the
total data volume. Indeed, it can be considered that the metadata file transmitted
are text files, and they are typically of size of few bytes. While, on average, a
compressed tile of dimension 64 x 64 (i.e. in resolution 1) has a size of 7600 bytes.
Table |5.1{ shows the size of compressed tiles on average at each resolution level. It is
therefore clear that a few bytes are negligible compared to the size of a compressed
tile.

Finally, the human annotator time ¢ g3, corresponds to the time needed for experts
to annotate the tiles of uncertainty, that means the tiles selected by the Tile Indexer.
This time is defined as

tuum = paom X | A, (5.8)

where gy is the time required to annotate a single tile and |.47| is the number
of tiles to annotate.
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Resolution 1 | Resolution 2 | Resolution 3 | Resolution 4 | Resolution 5

Tile dimension 64 x 64 128 x 128 9256 x 256 512 x 512 1024 x 1024
[in pixels]

Tile size on average 7.58 29.32 110.66 411.34 1440.34
[in kilobytes]

Table 5.1: JPEG2000 compressed tile size on average at each resolution level
measured on all tiles from the dataset.

Comparison Metrics

In short, the two metrics used to compare the baseline with the proposed approach
are the Fi-score and response time trg. To highlight clearly the difference, the
response time ratio is used and defined as

trs(Baseline)
t ratio — s 5.
RS_rat trs(Proposed) (5.9)
together with the F; difference defined as
Fy_dif f = Fi(trs(Baseline)) — Fy(trs(Proposed)). (5.10)

5.3 Experimental Setups

In order to assess the performance of the proposed hybrid annotation framework,
multiple scenarios are considered. It has been chosen to adapt two parameters to
constraint the system, the data rate data_rate and the transmission time limit
LT Riimit-

Experimental Setup 1: Basic Approach

First, there are three transmission time limits fixed at 3 minutes, 10 minutes, and
30 minutes. These limits represent three levels of emergency. Then, there are
three values for the data rate that are considered: 22, 88, and 176 kbps. The
minimum-to-median range available for the Iridium Certus satellite network?is used
to choose these rates. This network corresponds to the standard for low-bandwidth
UAV communications.

Higher rates were not considered since it would be equivalent to the baseline. By
constraining the data rate to these values, the goal is to emulate an imperfect
network, which is often the case in search and rescue missions, where infrastruc-
tures are generally damaged or where the network coverage is not sufficient. But

Zhttps://www.iridium.com/iridiumcertus/
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it is assumed that the transmission between the UAV and the ground station is
perfect, meaning that the transmitted data is not affected by losses or other kind
of errors. So, the transmitted codestream arrives to the ground station as it was sent.

It is considered that the time needed for annotator experts to check a tile is
ppuy = 1 minute/tile. Tt is also assumed that the experts perfectly annotate tiles.
To simulate the human annotation, predictions made by the fine-tuned model are
replaced by ground truths. In real use cases, the time needed to annotate a tile
may vary and the human may occasionally do errors, impacting the performance
improvements of the overall system.

In addition, the human experts are only available 10 minutes for annotating tiles,
then they can only correct a maximum of 10 tiles when the channel allows trans-
mission of a large number of tiles in high-resolution.

Table gives the results obtained by the Budget Calculator block depending the
scenarios studied and considering the average number of tiles of 80 and the tile

sizes from Table 5.1]

Data rate 22 kbps 88 kbps 176 kbps
Transmission time | 3 min | 10 min | 30 min | 3 min 10 min | 30 min 3 min 10 min 30 min

Bandwidth 495.0 | 1,650.0 | 4,950.0 | 1,980.0 | 6,600.0 | 19,800.0 | 3,960.0 | 13,200.0 | 39,600.0
available [in kB]

Low-resolution -1 1 2 1 2 3 2 3 4
Budget annotator | N/A | 0 1 0 2 7 1 3 4

Table 5.2: Results obtained with the Budget Calculator block for the 9 scenarios
considered for images composed of 80 tiles.

In this case, the budget allocated to image correction, to send tiles to the annotators,
is often very low, or even non-existent. As a result, predictions are mostly based on
the output of the fine-tuned object detection model, taking almost no advantage of
the hybrid approach, and human experts predictions.

Experimental Setup 2: Human Correction Oriented Ap-
proach

The objective of this second experiment is to observe the performance of the pro-
posed framework when human annotators are more requested. Indeed, it has been

observed that the remaining budget for sending high-resolution tiles is very often
limited. In some cases, it is even zero.

47



CHAPTER 5. EXPERIMENTS

This is why, the Budget Calculator block is slightly modified to favor human anno-
tation. Now, it intentionally reduces the resolution LR by 1 if the annotator budget
is not higher than what they offer. Obviously, unless it is already at minimum
resolution level.

After all, it may be preferable to have slightly poorer results with the neural
network model at initial prediction, and then have more budget available for human
correction.

For the other constraints, the same transmission time limits and data rates are
considered. In addition, identical human annotator constraints are used, meaning
that pugya = 1 minute/tile and they can review a maximum of 10 tiles. By doing

so, Table [5.3]is obtained.

Data rate 22 kbps 88 kbps 176 kbps
Transmission time | 3 min | 10 min | 30 min | 3 min 10 min | 30 min | 3 min 10 min | 30 min
Bandwidth 495.0 | 1,650.0 | 4,950.0 | 1,980.0 | 6,600.0 | 19,800.0 | 3,960.0 | 13,200.0 | 39,600.0
available [in kB| ’ ’ ’
Low-resolution -1 1 1 1 1 2 1 2 3
Budget annotator | N/A | 0 3 0 4 12 2 7 21

Table 5.3: Results obtained with the Budget Calculator block for the 9 scenarios
considered reducing the low-resolution by 1 when the annotator budget is not fully
used.

Experimental Setup 3: Active Learning Framework

The last experiment aims at observing the performance evolution of the proposed
framework in an active learning context. So, the primary objective is to study the
improvement of the DL model during training iterations.

In this case, transmission time limits and data rates are not really used. In this
third experiment, the detection is performed at resolution 1, corresponding to a
very low-bandwidth scenario. It has been chosen to work at resolution 1 to observe
the evolution of the system behavior in the most limited scenario.

Then, to simulate the AL loop, synthetic and real images are gathered in a single
dataset, and constitute the unlabeled pool of data. At every AL iteration, 10 images
are randomly selected from the pool, considered as acquired by the UAV. These still
images are annotated by the DL model. For each of the 10 automatically annotated
images, the 5 least confident tiles predicted are corrected by the annotators at
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resolution 5.

In practice, repeating model training for every new image annotated is not feasible.
For that reason, it has been decided to retrain the model on a bunch of new samples,
every 10 images annotated, and thus every 50 tiles annotated.

In addition, the number of training epochs is fixed to 15. Again, in practice, the
model has to adapt quickly, so the number of epochs has to be small to avoid long
training phase.

5.4 Chapter Conclusion

In this chapter, two comparison metrics were developed: the F| diff and the
trs ratio- Lhey are used to highlight the performance difference and the time gain
between the proposed hybrid annotation framework and the baseline one.

Three ways of testing the proposed framework were explained.
o The basic approach highlights normal system functioning.

It was noted that the annotation budget was not fully exploited. Therefore, the
second approach tests the system by giving more tiles for human annotation.
To do this, it reduces LR by 1, giving more budget for sending high-resolution
tiles.

o The active learning experience studies the evolution of the proposed framework
at the beginning of a mission when labeled samples were not available to
prepare the model.
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Results And Discussion

In this chapter, the results obtained by emulating the emergency scenarios are
presented and then discussed. The Pléiades dataset has been used to assess the
proposed hybrid annotation framework and its active learning alternative.

6.1 Experience 1: Basic Approach

Firstly, the proposed framework is tested according to the constraint values from
Table [5.2] obtained by the Budget Calculator for the nine scenarios.

By using these results, Figure is obtained, plotting the Fi-score of the proposed
framework and the baseline respect to the time.

Data Rate Of 176 Kbps

The results for the least constrained scenario, with a data rate of 176 kbps, can be
observed in Figure [6.Th. Table [6.1] gives the numerical values for the two testing
metrics.

| trRiimi || 3 min [ 10 min | 30 min |
F, diff ] 0.245 |0.052 |0.027
tRS ratio || 24.250 | 7.462 | 2.853

Table 6.1: Comparison metrics obtained for the basic approach with a data rate of

176 kbps.

A first observation that can be made is that it exists a trade-off between the
achievable performance and the response time when comparing the baseline with
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Figure 6.1: Fy-score versus time plot for the baseline and the proposed framework
for high-resolution images from the test set under a data rate limit of (a) 176 kbps,
(b) 88 kbps, and (c) 22 kbps, with a human annotator time of 10 minutes and
considering scenarios with a transmission time limit of 3, 10, and 30 minutes.

the proposed approach.

Indeed, when the response time tgg is shorter, the observed Fi-score is lower.
Conversely, having more time available leaves room to the proposed framework for
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improvements, resulting in higher performance.

Favor one or the other depends on the application, the right balance between
speeding up the response time and maintaining adequate detection capability has
to be chosen by users. In emergency situations, the response time is extremely
important. But preserving high performance to ensure not missing objects of
interest is just as essential.

One can observe that, with a transmission time limit of 30 minutes, the proposed
framework divides the response time by 3 while achieving almost identical perfor-
mance. Indeed, the performance is only reduced by 0.027.

For the other transmission time limits, the response time is greatly reduced while
maintaining an acceptable Fi-score. In the most urgent case, the obtained F;-score
is about 0.749 on average even though the constraints allow to correct only 1 tile.
The human annotation results in a 9% performance gain.

The baseline gives an almost perfect Fi-score of 0.992 on average, but takes 87
minutes to transmit the 80 tiles forming the image at the highest resolution HR = 5.
Clearly, the baseline is not suited for emergency situations.

In this case, it is better to use the proposed framework instead of the baseline since
almost the same performance is achieved in 30 minutes. Experts are less requested
and the system enables faster decision-making.

However, it should be noticed that it is the most favorable scenario, so it will not
be always possible to send the whole image at such a high-resolution and with so
many tiles to the annotator for correction.

Data Rate Of 88 Kbps

The results for the intermediate scenario, with a data rate of 88 kbps, are plotted
in Figure [6.Ip. The values of the evaluation metrics are given in Table [6.2]

| trRiims || 3 min [ 10 min | 30 min |
Fy_diff ]| 0578 [0.137 | 0.008
trs_ratio || 61.333 [ 15.333 | 4.973

Table 6.2: Results obtained for the basic approach with a data rate of 88 kbps.
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First of all, it can be noted that a data rate of 83 kbps is more restrictive for the
system. For each transmission time limit t7gimi, the highest resolution for full
transmission LR is reduced by 1 level.

For the case with the transmission time limit restricted to 30 minutes, one can
observe that the resolution for the model is reduced to LR = 3 but the budget
available for experts is larger, allowing up to 7 tiles for annotators. As a result, more
corrections are made and the final performance is better, gaining from 0.965 to 0.985.

This result is encouraging for the next experimental setup in which the system
voluntarily reduces the resolution to be able to correct more tiles.

When t7griimic = 10 minutes, the proposed framework allows to reduce the response
time by a factor 15 while losing approximately 10% performance.

Finally, when the emergency situation allows 3 minutes of transmission time limit,
the image can only be sent at the lowest resolution and without being able to use
the annotator, giving a lower result. The obtained F;-score is 0.415 on average
with a standard deviation of 0.287.

Without taking into account this last case, the proposed framework enables to
greatly reduce response time compared to the baseline, without compromising
performance.

Data Rate Of 22 Kbps

The most restrictive scenario, with a data rate of 22 kbps, is shown in Figure [6.1f.
Table [6.3| summarizes the performance obtained. This scenario allows to test the
limit of the proposed approach.

’ tTRIimit H 3 min ‘ 10 min ‘ 30 min ‘
Fy_dif f \ 0.578 0.245
LRS ratio \ 70.800 | 22.839

Table 6.3: Results obtained for the basic approach with a data rate of 22 kbps.

A first observation is that with only 22 kbps, the available bandwidth is very low.
For the less urgent case, the initial model annotation is performed on LR = 2
images with only 1 tile to be annotated. The decrease in performance is greater
than for the two previous cases, with a F;_diff decrease of 0.245 compared to
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decreases of less than 0.050 before.

Then, for the 10 minutes case, only the image at LR = 1 can be sent for model
annotation, giving low performance. No tile can be human corrected.

Finally, one can observe that with the transmission time limit of 3 minutes, the
budget available does not even allow transmitting the whole image at low resolution,
the constraints are too restrictive. Indeed, with a data_rate = 22 kbps and a
trrimic = 3 minutes, the available bandwidth budget is 495 kB. But for a compressed
image composed of 80 tiles at resolution LR = 1, the size is approximately 606 kB,
which is far superior to what is allowed by the channel.

Inconsistent Predictions

By looking on Figure [6.1] one can observe that lower is the resolution considered,
greater is the standard deviation.

The high standard deviation reflects a wide variation in performance between test
samples. This is due to the fact that some images or tiles are very poorly predicted,
while for others the prediction is relatively good. Figure [6.2] shows four predictions
obtained on two tiles of the test set, for the airports of Severomorsk (a,b) and
Lattaquie (c,d), at resolution levels 5 (a,c) and 1 (b,d).

Firstly, on Figure [6.2h, the model correctly predicts all the present entities in the
image. The predicted bounding boxes are perfectly aligned with ground truth boxes
while, in Figure [6.2c, not every airplanes within the tile are detected, certainly due
to their size.

Despite the fact that both tiles are in resolution 5, the sizes of the airplanes do not
remain the same, there are different aircraft models. Fortunately, thanks to the
high-resolution of the image, the fine-tuned model predictions are satisfactory, so
that performance is not significantly compromised.

But the observation is not so encouraging at the lowest resolution LR = 1. Indeed,
when looking at Figure [6.2l, one can see that only one prediction has been made,
and happily it is correct.

While in Figure [6.2b, despite the reduction in resolution, predictions remain good,
the model predicts a false positive and misses a part of an aircraft.
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Model predicted bounding box
=== Ground truth

Figure 6.2: Fine-tuned DL model predictions for two different locations and
resolutions.

Within the dataset, there are different models of airplanes and helicopters with
different dimensions, some of which are significantly smaller. The problem is
that, at low-resolution, these tend to lose all their distinctive features, becoming
undetectable to the model, resulting in poor performance.

Tile Indexer Strategies

In Subsection [£.2.4] it has been suggested to use different Tile Indexer approaches
that select additional tiles either randomly or based on a majority voting approach,
but this did not yield conclusive results.

Indeed, generally, when an image is divided into tiles, the number of tiles with
objects does not exceed 10, corresponding to the number of tiles to be annotated.
Object appearances are usually concentrated on a few tiles. As a result, whatever
the approach considered, the extra tiles selected contain no instances and make no
difference to the overall performance.
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This result highlights the fact that it is not worth using the proposed extensions
for the Pléiades dataset. At least, for datasets with objects concentrated mainly in
one area, the proposed framework is efficient. The system allows to restrict the
human user’s field of view to areas containing objects.

If instead of using 1024 x 1024 tiles, smaller ones were considered, the approaches
could have a greater impact on framework performance.

6.2 Experience 2: Human Correction Oriented
Approach

The proposed framework seems to be useful even in conditions where the entire
image is sent at very low-resolution. However, it can be seen that if no corrections
are made, the general performance is impacted.

This is why the resolution LR of the whole image sent for initial annotation by the
fine-tuned model has been voluntary reduced, when the annotator was not fully
used. Based on the values from Table [5.3] Figure is obtained.

Data Rate Of 176 Kbps

Firstly, for a data rate of 176 kbps, one can observe that all annotator budgets
have changed. The new metric values are given in Table [6.4]

’ tT Rlimit H 3 min ‘ 10 min ‘ 30 min ‘
Fy_diff ] 0.307 | 0.019 0.001
tRS ratio || 19.400 | 5.706 2.425

Table 6.4: Modified results considering the human correction oriented approach
with a data rate of 176 kbps.

There is an improvement in the Fi-score compared to the basic approach, for the
transmission time limits of 10 and 30 minutes. But this comes at the expense of
a slight increase in response time. Indeed, as more budget is available to annota-
tors, they take longer to complete their task, reducing the speed of the whole system.
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Figure 6.3: Fi-score versus time plot by intentionally reducing the resolution level
by 1, allowing more budget for annotator experts.

But for the t7giimie = 3 minutes, the Fi-score is decreased and the response time is

larger. The gain in annotator budget does not compensate for the loss in prediction
capability on very low-resolution image.
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CHAPTER 6. RESULTS AND DISCUSSION

Data Rate Of 88 Kbps

For the 88 kbps case, the modifications are given in Table[6.5] The observations that
can be made are identical to those for the 176 kbps case. There is an improvement
in the Fi-score but with an increase in response time.

| trRiimi || 10 min | 30 min |
Fy_diff ] 0.105 [0.003
tRS ratio || 13.143 | 4.600

Table 6.5: Modified results considering the human correction oriented approach
with a data rate of 88 kbps.

Data Rate Of 22 Kbps

For the case with a data rate of 22 kbps, one can see that only one budget has
changed, Table highlights this modification.

Once again, reducing the resolution LR has a positive impact on final performance.
The decision is taken later, as the annotator experts have to correct 3 tiles instead
of 1, but it gives a slightly better Fi-score.

| trrimae || 30 min |
. diff | 0.197
tRS_ratio 21.454

Table 6.6: Modified results considering the human correction oriented approach
with a data rate of 22 kbps.

During the second experiment, the resolution available for the fine-tuned model
was reduced by 1 to favor the annotator budget. In most cases, this has improved
performance. However, response time is longer, as the annotator has more work to

do.

6.3 Experience 3: Active Learning Framework

The objective of the third experiment is to assess the performance evolution of the
proposed framework at the beginning of a mission.
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Figure shows the results obtained for the active learning framework. Each loop
iteration corresponds to a re-training of the model on the previously annotated
tiles

e
0.4 / /- /

0.3 4

F1 score [-]

0.1+

0 1 2 3 4 5 6 7
AL loop iteration [-]

Figure 6.4: Fi-score vs AL loop iteration plot. Fine-tuning of DL-based model for
resolution level 1 images in a context of AL.

Firstly, when the model did not have the opportunity to train on resolution 1
images, it has not learned low-resolution features that are different from higher-
resolution images. The iteration 0 shows that the model is thus incapable of
correctly predicting. The weights used were pre-trained on the COCO dataset, so
they were already capable of detecting planes and helicopters, but still not able to
detect the instances at resolution 1.

Fortunately, thanks to expert corrections, an Fi-score of 0.072 was achieved. A
few predictions were made on the tiles, allowing them to be selected. But clearly,
the model cannot stay untrained because performance is really too low.

Once the first training session has taken place, with the first 50 tiles corrected, one
can already see that the model adapting to compression artifacts. The model only
needed around 1000 airplane instances and 200 helicopter instances to reach its

near-top performance for resolution 1.

Thereafter, a slight improvement over the iterations has been observed, to finally
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reach the best performance after annotator correction at iteration 6, with an F;-
score of 0.459.

However, it can observed that at some iterations, the model’s initial performance
is not as good. This is probably due to the problem highlighted in Inconsistent
Predictions, where some images are made up of smaller class instances, making low
resolution prediction difficult.

In conclusion, from this application with very few examples, chosen on the basis of
model uncertainties, it is possible for the model to adapt quickly to compression
artifacts.

6.4 Chapter Conclusion

In this chapter, the results for the three experiences were presented. These have
shown that it is possible to reduce response time with the proposed framework
compared to the baseline but it exists a trade-off between response time and
performance. So reducing time too much has a significant impact on performance.

It has been also shown that the human annotation approach provides better results
but takes more response time. So annotators are more disturbed, wasting more of
their valuable time.

Finally, it has been observed that the system does not require a large amount of

data to already provide satisfactory performance. It adapts rapidly to compression
artifacts.
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Chapter 7

Conclusion

In this thesis, the objective was to improve the way high-resolution images are
transmitted from UAVs to ground stations in emergency situations with limited
bandwidth and transmission time.

Therefore, a hybrid annotation framework designed for bandwidth-restricted UAV
object detection has been presented. The framework takes advantage of the JPEG
2000 compression algorithm to reduce the bandwidth-consumption. It relies on a
fine-tuned deep learning model to predict initial bounding boxes on low-resolution
images. Then, hybrid annotation is used to refine the initial predictions and improve
overall performance.

More precisely, the transmission scheme was improved by integrating four blocks:
a Budget Calculator that allows to take into account scenario constraints, a JPEG
2000 Eztractor which extracts parts of interest within the JPEG 2000 codestream,
a Fine-Tuned Deep Learning Annotator that maintains satisfactory detection capa-
bility at low-resolution, and the Tile Indezer that selects areas of images requiring
human annotation based on model uncertainty.

The proposed hybrid annotation framework has shown faster response times while
maintaining high Fi-scores. When the response time is divided by a factor of 15,
there is only a performance loss of 10%. It has been also demonstrated that the
framework does not require a large set of samples to adapt to the compression
artifacts of very low-resolution images.

Further Research Directions

The study also highlighted areas for further explorations.

o During framework testing, only one dataset was considered. Thus, in order
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CHAPTER 7. CONCLUSION

to attest its robustness, it would be interesting to consider other datasets,
potentially with more classes.

o It was observed that the different Tile Indexer approaches did not bring any
major performance improvements given the distribution of instances across
the images. But for other datasets, studying other approaches would make it
possible to improve performance.

o In this work, only five DW'T decomposition levels have been considered, it
might be worthwhile to explore compression with larger ratios.

o The advantage of the proposed framework is that it can be adapted to different
applications. In the future, imposing other constraints on the system is a path
that needs exploring (constraining computational resources, for example). Or
even, other deep learning models could also be incorporated, depending on
the computer vision task.

Publication

A paper has been written as part of this master thesis [25]. Its content is approx-
imately the same as that of the master’s thesis, but in a synthesized form and
without addressing the active learning part.
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Appendix

A.1 Introduction to Machine Learning and Com-
puter vision

Over the past few years, Artificial Intelligence (AI) has become more and more
present in various domain and many articles about the subject are published ev-
eryday [7, [43]. However, it remains a misunderstanding about the similarities and
differences that exist between AI, Machine Learning (ML) [2], and Deep Learning
(DL) [11], three inextricably linked but tightly related concepts.

Nowadays, Al-based technologies are becoming increasingly widespread since they
are applied in various sectors such as robotic, education, finance, medication, and
many more. But concisely, the aim of Al is to automate tasks ordinarily performed
by human (e.g. writing, creating art, translating, managing data, ...) using a
programmable machine. Whereas, ML and DL are two sub-fields of AI, where
tasks are automated but involving the concept of learning. Indeed, an AI machine
not necessarily learns how to complete an intellectual task, the machine operation
can be exactly defined by the designer, describing to the machine how to interpret
its environment and what to do about it. For example, Al system might be used
to filter incoming emails; analyzing the context, and interpreting the content, to
decide whether it is reliable or spam. In ML and DL, the approach would involve a
model learning to differentiate between the two, which can be done by using spam
and non-spam labeled emails as examples. The model then learns patterns, finding
the characteristics that differentiate legitimate emails from spam.

One of the most commonly used machine learning algorithm to carry out these in-
tellectual tasks is the Artificial Neural Network (ANN) [33] 42] which is inspired by
the neural architecture of the brain. Such models are composed of nodes (inspired
by neurons) communicating through links (representing the synapses). Figure
illustrates the analogy between the biological cell and its artificial correspondence.
A node receives input signals on which it apply some non-linear function, called



activation function, to generate the output signal. Each link between two nodes is
weighted in order to reinforce or attenuate the signal, these weights are determined
and adjusted during the training phase.

S| f Yi

(a) (b)

Figure 7.1: Illustration of neural networks’ constitutive element. Analogy between
(a) a biological neuron and (b) an artificial neuron.

In Figure [7.1b, an artificial neuron is represented. It takes as input the signals
x = {x1, 29, ..., x,} weighted by w = {wy, ws, ..., w,} plus a certain bias b;. The
output signal y; results from the application of a non-linear activation function f
on the sum of inputs. Mathematically, the output of the i-th neuron is given by:

Jj=1

To simplify the notation, the equation can be rewrite as,
yi = F(Q_ wiy), (7.2)
=0

with wy = b; and xg = 1. Thanks to the activation function f, non-linear transfor-
mations are introduced within the network, enabling to model and approximate
non-linear relationships in the data. There are a multitude of different functions,
all with their advantages and disadvantages, but the most commonly used are
Sigmoid, Rectified Linear Unit (ReLU), or even Softmax activation functions.

Generally, a node is not used alone, several nodes are aggregated to constitute a
layer. Then, neural networks are built using a succession of layers; an input layer,
multiple intermediate layers (called hidden layers), and an output layer. Figure
[7.2] shows a generic representation of a shallow neural network taking two inputs



and outputting a single result. It is composed of three layers, each composed of
artificial neurons. Every neuron from one layer are connected to every neuron in
adjacent layers, it is said that the network is fully-connected. The size of these
dense models is growing rapidly with the number of layers, since there are weighted
connections between all neurons. Typically, when a network has more than two
hidden layers, it is considered as a deep neural network.

Input Hidden Output

Figure 7.2: Fully-connected shallow neural network composed of three layers.

Afterwards, in order to have a machine learning algorithm able to accomplish a
desired task (e.g. classification, segmentation, object detection, etc.), the network’s
parameters are optimized through a learning phase. In most cases, the learning is
performed by minimizing a loss function that measures the error made between the
model’s predicted output and a known expected output, this approach is known as
supervised learning [32]. If the predicted output postpones from what is expected,
the network is adapted. The weights are iteratively updated given several training
samples until the model reaches satisfactory performance. Learning the parameters
in this way allows to then generalize to unseen data, by applying the operations
learned to new data.

Supervised learning approach requires having at disposal a set of training samples
{(z1,%), (x2,92), ..., (xn,yn)}, where N is the number of samples available, z; is
a feature vector, and y; is the associated label (the expected output). The set of
labeled examples is provided by human annotators that take of their time to review
each input (feature vector) and specify the result that the model must provide.

During training, the model has to learn a function g : X — Y that enables it to
provide the correct output from an input. To do so, the model operations are



applied on a training samples to predict an output, g(x;) = ¥;.

Then, a loss function is used to measure the dissimilarities between the predicted
value and the expected label, so the loss of a given sample (z;,y;) is written as
L(9i,v:). The gradient of the loss function with respect to each weight is calculated
to be then back-propagated through the network, adjusting the weights, which
minimizes the error [40)].

Finally, for object detection tasks, the ANN inputs are the pixels constituting the
image on which objects are to be detected. The problem is, with such models,
spatial information is lost and ANNs struggle manipulating image data due to their
computational complexity. Actually, when dealing with images, pixel locations
constitute a meaningful resource. Pixels close to each other within an image are
much more likely to be correlated than pixels on opposite sides. This issue is
overcome using Convolutional Neural Network (CNN) [II, 34] which preserves the
spatial relationship of pixels within the image.

Rather than treating each input independently, multiple nodes are grouped to form
convolutional filters, which are able to extract features more suited for image-based
tasks. For example, the specific features extracted can be horizontal or vertical
lines, image color, corners, ... but also not human interpretable features. Figure
shows the convolution operation used in CNN. The convolutional filter applies
a dot product between the kernel and the values comprise in a moving window
that passes through the entire image, to generate the output, called a feature map.

The Figure [7.3] shows that the generated value is influenced by 9 values of pixels in
the image, allowing spatial information to be taken into account. In this example,
the kernel has an arbitrary size of 3 x 3, which can be changed depending the
network application. Thus, increasing its size enables the model to capture more
global context, but also increases the computational cost.

The deeper is the convolutional network, the more abstract the features extracted
become, leaving a latent representation of the image. As for ANN, the parameters
constituting the filters are learned during the training phase. Layers composed of
convolutional filters are interesting because they are composed of fewer parameters
than standard fully-connected layers, significantly reducing model complexity and
thus facilitating training, and allowing to have a deeper architecture without
increasing the number of parameters. Making this type of architecture one of the
most widely used for computer vision tasks [48].
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Figure 7.3: Convolution filter operation. Kernel of size 3 x 3.
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