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Abstract

Global data consumption has surged 100-fold over the past 15 years, align-
ing with the rise of deep learning and driving a massive shift in big data
analysis. This growth has significantly impacted fields such as medical
imaging, video surveillance, and remote sensing. However, it has also
challenged existing data management infrastructures, necessitating a bal-
ance between data constraints and analysis constraints. This balancing
act translates to a trade-off between data compression efficiency and deep
learning task performance.

This thesis investigates strategies to better utilize data management infras-
tructures, aiming to minimize trade-offs between model performance and
data compression. We explore this challenge through three distinct use
cases: (1) improving deep learning segmentation robustness against image
compression in medical imaging, (2) utilizing residual frames for object
detection and tracking in video surveillance, and (3) developing a hybrid
framework for bandwidth-constrained object detection in remote sensing.

Our work reveals that fine-tuning deep learning segmentation and detec-
tion models on compressed data can be highly effective in both learning
and filtering out compression artifacts. Additionally, our work demon-
strates that models trained on compressed data can be easily integrated
into existing frameworks for medical imaging, video surveillance, and re-
mote sensing, reducing storage and bandwidth demands while maintain-
ing high model accuracy.
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1 | Introduction

1.1 Thesis Motivation

We are living in the era of big data. Since 2010, global data consumption
has seen a 100-fold surge, rising from 1.7 Zettabytes to an estimated 175
Zettabytes by 2025 [10]. This huge surge coincides with the rise of deep
learning, driven by enhanced computational power and access to larger
datasets. The rise of deep learning has brought artificial intelligence out of
its second winter and has resulted in the emergence of all major large-scale
models that shape the current research landscape [11–22]. Figure 1.1 shows
the timeline alignment between the increase in data consumption and the
release dates of popular deep learning models over the past 15 years.
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Fig. 1.1 Timeline showing (a) the increase in global data consumption
and (b) the release dates of the most popular deep learning models.
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This explosion of data and improved analysis capabilities has profoundly
impacted various sectors. In healthcare, data-driven approaches have en-
hanced diagnostics and personalized medicine [23, 24]. Video surveillance
has benefited from automated detection capabilities, enhancing security
and monitoring [25,26]. Progress in remote sensing has improved Earth ob-
servation, aiding environmental monitoring and disaster response [27,28].
These advancements highlight the power of big data analysis across vari-
ous fields.

However, these advancements in big data analysis require a trade-off
between two constraints:

(1) Data Constraints (2) Analysis Constraints

(1) To handle the Data Constraints, the use of Data Compression becomes
essential. It allows us to minimize storage costs and enables quick data
transfer for real-time applications. These applications require substan-
tial bandwidth, with real-time analytics accounting for up to 30% of
global data consumption [10]. Additionally, as data volumes increase,
storage becomes increasingly costly. Maintaining data centers requires
significant energy for cooling and operations, which contributes to no-
table carbon emissions. For instance, data centers accounted for over
1% of global electricity use in 2018 [29].

(2) To effectively manage Analysis Constraints, deploying Deep Learning
models is essential. These models excel in automating tasks such as
classification, detection, and segmentation with high accuracy. This al-
lows systems to operate with minimal oversight, reducing the need for
human intervention. However, training deep learning models typically
require large volumes of high-quality data. This can lead to challenges
when systems are also faced with Data Constraints.

The trade-off between Data Constraints and Analysis Constraints
becomes a balancing act between Data Compression efficiency and
Deep Learning task performance.
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1.2 Thesis Positioning

To handle the data compression and deep learning trade-off, the image
processing community has divided itself into two research groups:

Group 1: Exploring ways to adapt data compression algorithms for
machine vision in order to improve deep learning analysis.

Group 2: Exploring ways to train deep learning models on classical human
vision-oriented compressed data to improve model performance.

Group 1 consists of researchers from both the image and video com-
pression communities. The Joint Photographic Experts Group (JPEG) stan-
dardization committee is developing JPEG AI to optimize machine vision
while maintaining quality for human vision [30]. This standard empha-
sizes efficient processing in the compressed domain with features like hard-
ware and software efficiency and progressive decoding. Similarly, the Mov-
ing Picture Experts Group (MPEG) standardization committee has pro-
posed Video Coding for Machines (VCM) to combine feature coding for
machine vision with video coding for human vision [31]. However, while
JPEG AI and MPEG VCM have shown promising results in compressing
data for both human and machine vision [32,33], their widespread deploy-
ment remains quite challenging. Classical codecs are still deeply embed-
ded in fields such as medical imaging, video surveillance, and remote sens-
ing [34,35]. Since these new standards were launched in the late 2020s, they
are still in early stages. Replacing the current data compression infras-
tructure requires significant effort from both standardization committees
as well as hardware and software development companies.

Group 2 researchers on the other hand utilize existing data manage-
ment infrastructure to fine-tune deep learning models to enhance their ro-
bustness to compression artifacts. Fine-tuning models on compressed data
has shown promising results in improving robustness for various deep
learning tasks such as classification, detection, and segmentation [36–41].
These works are based on the hypothesis that classical compression can
serve as an effective feature extractor for both human and computer vision.
While the acceptable trade-off between model performance and compres-
sion ratio is highly use case dependent, minimizing this trade-off opens
up wide opportunities for the deployment of these fine-tuned models in
resource-constrained fields that require both efficient data analysis and
data compression [42–45].
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In this thesis, we position our work alongside Group 2 and put forward
the following Central Research Question:

Central Research Question

Can we better utilize the existing data
management infrastructure to improve

model performance on compressed data?

1.3 Thesis Contributions

To address the Central Research Question, we explore the trade-off be-
tween model performance and data compression in three distinct use cases
within three different research fields:

Use Case 1: Improved robustness of deep learning segmentation
against image compression in medical imaging

Use Case 2: Utilizing residual frames for deep learning-based object
detection and tracking in video surveillance

Use Case 3: Hybrid framework using scalable codestream for
bandwidth-restricted object detection in remote sensing

The respective Research Question of each individual Use Case and their
subsequent Contributions are introduced hereafter.

Note: Thesis Color Code

To facilitate reading, the rest of the thesis will follow a color code to
distinguish each of the three use cases. The color code is as follows:

Use Case 1
Medical Imaging

↪→ Blue

Use Case 2
Video Surveillance

↪→ Orange

Use Case 3
Remote Sensing

↪→ Green
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1.3.1 Use Case 1: Improved robustness of deep learning segmen-
tation against image compression in medical imaging
Accurate segmentation of medical images is crucial for correct patient diag-
nostics. Nevertheless, manual segmentation is a labor-intensive and time-
consuming process. Consequently, there has been a significant shift to-
wards utilizing deep learning techniques for automation of this process
[46–48]. However, training deep learning models requires large datasets,
highlighting the importance of efficient data management. Image com-
pression is valuable in this context, as it significantly reduces storage needs
and facilitates faster data transfer. This has led to the integration of various
compression formats into medical imaging standards, notably JPEG 2000
into the DICOM standard [34]. Although compression effectively reduces
file size, it can compromise image quality, potentially impacting segmenta-
tion accuracy. Encouraging results on natural images indicate that training
models with compressed data can enhance semantic segmentation perfor-
mance [37–39]. This leads us to ask Research Question 1:

Research Question 1

Can the robustness of deep learning-based segmentation
to image compression be extended to medical imaging?

By fine-tuning the segmentation model, we show that:

Contribution A

A 3D segmentation model can learn and filter out data compression
artifacts in medical imaging, even at very high compression ratios.

Contribution B

Data compression can be effectively deployed in medical data
management systems with only a marginal drop in performance.
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1.3.2 Use Case 2: Utilizing residual frames for deep learning-based
object detection and tracking in video surveillance
Video surveillance systems are made up of extensive networks of edge-
cameras deployed in urban areas. These systems utilize lightweight mod-
els on edge cameras for efficient onboard object detection and tracking,
with detection results sent directly to a central server for analysis by decision-
making units. Although effective, these edge models often perform below
par compared to larger models that can be deployed on the server-side.
These surveillance systems do not fully utilize other edge device assets on-
board such as inter-frame encoders [49–51]. These encoders compress the
video stream, producing motion vectors and residual frames that provide
semantic information of the visual scene. Leveraging this information can
improve video surveillance efficiency, maintain low bandwidth for scal-
ability, and provide a privacy-friendly by-product. This leads us to ask
Research Question 2:

Research Question 2

Can residual frames be utilized to improve
detection accuracy in video surveillance systems?

By proposing an alternative framework that extracts compressed domain
residual frames at the edge camera and sends them to a central server for
inference using larger detection and tracking models, we show that:

Contribution C

A high-complexity network trained and tested on residual frames
can outperform a low-complexity network trained and tested on

raw frames in simple scenes.

Contribution D

A high-complexity network working with residual frames can
compete with a low-complexity network trained and tested on raw

frames, even in complex scenes.
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1.3.3 Use Case 3: Hybrid framework using scalable codestream
for bandwidth-restricted object detection in remote sensing
Hybrid detection is a time-gaining two-step process where deep learning
models provide preliminary labeling of a given scene, followed by human
experts refining those labels for reliability. This process is particularly use-
ful in emergency scenarios where human annotators need to take quick
and reliable decisions. However, in these emergency situations data trans-
mission can create a bottleneck for hybrid detection frameworks due to the
bandwidth restrictions. Additionally, physical barriers or infrastructure
damage may disrupt communication lines even further. To tackle these
challenges, utilizing existing scalable compression algorithms like JPEG
2000 can be highly effective [52–54]. In bandwidth-restricted scenarios,
JPEG 2000’s scalability facilitates efficient data transmission by allowing
multi-resolution access to specific areas of interest. This streamlines data
transmission and enhances the decision-making capabilities of first respon-
ders. This leads us to ask Research Question 3:

Research Question 3

Can we exploit the flexibility of the compression
codestream to streamline a hybrid detection process?

By using the scalability of the JPEG 2000 codestream to address bandwidth
issues and employing a fine-tuned deep learning model for initial detection
at lower resolution, we show that:

Contribution E

Fine-tuning a deep learning network for object detection on
low-resolution images remains effective while providing fast

information access.

Contribution F

By utilizing scenario-specific constraints and the scalable
codestream, the proposed hybrid framework can significantly

reduce emergency response time.
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1.4 Thesis Outline

A brief overview of each chapter is provided hereafter. The thesis structure
follows the recommended reading flow chart shown in Figure 1.2.

• Chapter 2: Basic Principles (optional)

Readers familiar with the basics of data compression and deep learning-
based object detection and segmentation can feel free to skip this chapter.

This chapter briefly reviews the working principles of compression
and analysis algorithms used in the thesis. It provides a quick overview
of the two main families of data compression algorithms: intra-frame
and inter-frame codecs, focusing on JPEG 2000 and residual frame
extraction from hybrid video compression codec. The chapter also
introduces the two deep learning algorithms used for analysis, fo-
cusing on YOLO for object detection and U-Net for segmentation.

• Chapter 3: Improved Robustness of Deep Learning Segmentation
Against Image compression in Medical Imaging

In this chapter, we explore Use Case 1 of this thesis, focusing on the
challenges of data compression and analysis in medical imaging. Our
work centers on fine-tuning deep learning segmentation models on
JPEG 2000 compressed medical images. We demonstrate that seg-
mentation models can effectively learn to filter out compression ar-
tifacts, even at high compression ratios. Additionally, we show that
data compression can be implemented in medical data management
systems with minimal performance impact.

• Chapter 4: Utilizing Residual Frames for Deep Learning-based Ob-
ject Detection and Tracking in Video Surveillance

In this chapter, we explore Use Case 2 of this thesis, focusing on the
challenges of data compression and analysis in video surveillance.
Specifically, we examine the potential of utilizing compressed do-
main residual frames for deep learning object detection and tracking.
We show that a network trained and tested on residual frames can
outperform one trained and tested on raw frames in simple scenes
and remains competitive in complex scenes, all while providing a
privacy-friendly by-product.

| 29



1 | Introduction

• Chapter 5: Hybrid Framework using Scalable Codestream for Band-
width Restricted Object Detection in Remote Sensing

In this chapter, we explore Use Case 3 of this thesis, focusing on
the challenges of data compression and analysis in remote sensing.
Specifically, we explore using the scalability of the JPEG 2000 code-
stream to address bandwidth limitations. This approach streamlines
a hybrid detection process: a low-resolution mega-image is labeled
by a deep learning model, while selected high-resolution tiles are
refined by a human annotator. We show that by utilizing scenario-
specific constraints and the scalable codestream, the proposed hybrid
framework can significantly reduce emergency response time.

• Chapter 6: Conclusion

In this chapter, we summarize the contributions of the thesis. We
then address the Central Research Question and thesis perspectives.
We conclude with the thesis’ key take-home messages

Chapter 1: Introduction

• Thesis Motivation
• Thesis Positioning
• Thesis Contributions

Chapter 3: Use Case 1
Medical Imaging

• Research Question 1
• Contributions A & B
• Methodology
• Experimental Validation

Chapter 5: Use Case 3
Remote Sensing

Chapter 4: Use Case 2
Video Surveillance

• Research Question 2
• Contributions C & D
• Methodology
• Experimental Validation

• Research Question 3
• Contributions E & F
• Methodology
• Experimental Validation

Chapter 6: Conclusion

• Contributions Summary
• Perspectives
• Take Home Messages

Chapter 2: Basic Principles
(optional)

Compression Models
• JPEG 2000 Compression
• Hybrid Video Compression

Deep Learning Models
• U-Net Segmentation
• YOLO Object Detection

Fig. 1.2 Thesis recommended reading flow chart.
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Preliminary Note:

This chapter will briefly introduce the working principles of the
compression algorithms and deep learning models used in this
thesis.

Readers familiar with the following basic principles can feel free to skip this
chapter:

• JPEG 2000 compression

• Hybrid video compression

• U-Net segmentation

• YOLO object detection
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Basic Principles | Table Of Content

2.1 Data Compression Algorithms

2.1.1 JPEG 2000 Compression ••
2.1.2 Hybrid Video Compression •

2.2 Deep Learning Models

2.2.1 U-Net Segmentation •
2.2.2 YOLO Object Detection ••

2.1 Data Compression Algorithms

2.1.1 JPEG 2000 Compression

In this work, JPEG 2000 is used in Use Case 1 due to its integra-
tion with the DICOM standard. It is also used in Use Case 3 for its
scalable codestream and progressive decoding capabilities.

Quick Overview
JPEG 2000 falls within the intra-frame compression family as it exploits
spatial redundancy within an individual frame for its compression. Even
though this standard dates back to the turn of the century, it is still embed-
ded in a variety of applications and industries such as medical imaging,
remote sensing and digital cinema [34, 52]. JPEG 2000’s widespread use
today is not only due to its efficiency, but also its scalability, as it allows
for progressive decoding of its codestream which is particularly useful to
improve data storage and data transmission constraints [53, 54].

Algorithm Procedure
The JPEG 2000 algorithm, as shown in Figure 2.1, involves both an encod-
ing and a decoding phase. In the encoding process, the original image un-
dergoes: (1) image tiling (2) a discrete wavelet transform, (3) quantization,
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and (4) entropy coding. The resulting codestream is structured to simplify
decoding, featuring a main header at the start that details the codestream
structure and its encoding parameters. This header is essential for locating,
extracting, decoding, and reconstructing the image according to specified
criteria, such as the number of decomposition levels (i.e. custom resolution
selection) and regions of interest (i.e. custom tiles selection). In the decod-
ing process, the codestream is subjected to all the inverse operations of the
encoder: (5) entropy decoding, (6) de-quantization, and (7) an inverse dis-
crete wavelet transform and (8) tile restructuring.

Image
Tiling

Discrete
Wavelet
Transform

Quantization
Entropy
Coding

Tiling
Restructuring

Inverse
Wavelet
Transform

De-
Quantization

Entropy
Decoding

Codestream

Original
Image

Reconstructed
Image

Fig. 2.1 Block diagram showing the JPEG 2000 algorithm procedure.

Scalability and Progressive Decoding
The JPEG 2000 codestream scalability and progressive decoding capabili-
ties are due to the use of the Discrete Wavelet Transform as well as the Image
Tiling approach employed [55].

JPEG 2000 compression utilizes the 2D Discrete Wavelet Transform to achieve
a multi-resolution representation of the image. The original image is pro-
cessed with high-pass and low-pass filters, resulting in three detail sub-
bands (LH, HL, and HH) and one approximation sub-band (LL). These
sub-bands contain coefficients that represent the image’s vertical and hori-
zontal frequency components. Figure 2.2 illustrates a single level of wavelet
decomposition. The LL sub-band serves as the new base image and can be
decomposed further, depending on the desired number of levels. For mul-
tiple decomposition levels, the process shown in Figure 2.2a is reapplied to
the LL sub-band, further subdividing the LL block depicted in Figure 2.2b.
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Fig. 2.2 Discrete wavelet transform: (a) block diagram showing single
level of 2D wavelet decomposition into the different sub-bands and (b) the
arrangement of sub-band on a single image.

In JPEG 2000, Image Tiling is the process of dividing the image into sepa-
rate non-overlapping tiles, with each tile being compressed separately. The
JPEG 2000 tiling scheme is illustrated in Figure 2.3. Figure 2.3a shows the
image organization in the wavelet domain when considering 2 wavelet de-
composition levels and dividing the image into 4 tiles. Figure 2.3b shows
how the tiles are rearranged to form the complete wavelet representation
of the image. This process is equivalent to applying the wavelet transform
on the whole image.

2HL

2LH 2HH

2LL

(a) (b)

1HL

1LH 1HH

Fig. 2.3 JPEG 2000 tiling scheme: (a) image organization in the wavelet
domain with two wavelet decomposition levels (b) tile rearrangement to
form the complete wavelet representation of the image

⇒ Combining the Discrete Wavelet Transform and the Image Tiling features
in JPEG 2000 allows for images to be encoded at various resolution levels
with the ability to decode any tiles at any desired resolution level.
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2.1.2 Hybrid Video Compression

In this work, hybrid video compression is used in Use Case 2 be-
cause of its extensive deployment in edge cameras within video
surveillance systems. It also provides semantic information con-
tained within its codestream in the shape of residual frames and
motion vectors.

Quick Overview
Unlike still image compression, hybrid video compression extends the intra-
frame compression algorithms by analyzing not only the spatial redun-
dancy within individual frames but also the temporal redundancy between
consecutive frames. This process is known as inter-frame compression.
Video frames are organized into structures called Groups of Pictures, which
consist of a reference frame (I-frame) followed by several predicted frames
(P or B frames). P-frames contain information such as motion vectors and
residual frames (also known as the prediction error) to reconstruct the
frame based on the reference I-frame. The P-frames are less costly to store
than I-frames given that they only contain semantic information on the
changes between two consecutive frames. This is particularly interesting
at high frame rates where consecutive frames are considered very similar.
Exploiting this similarity is key for efficient data compression.

Motion Vectors and Residual Frames
Hybrid compression formats such as HEVC, VVC, and VP9 [49–51] employ
a common approach to inter-frame compression. Given that in our work
(Use Case 2) we focused on extracting residual frames, we will limit our
context to a simplified generic hybrid video compression encoding proce-
dure and not go into details of the HEVC, VVC, or VP9 implementations.

Residual frames generation can be divided in a three step process:
Motion Estimation, Motion Compensation and Residual Frame Generation.

The step by step procedure to obtain the compressed domain residual frames
is detailed hereafter and is depicted in Figure 2.4. It should be noted that
reference frames are stored using classical intra-frame compression.
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Fig. 2.4 Block diagram depicting the procedure to obtain the residual
frames within a generic hybrid video compression encoder.

Step 1: Motion Estimation (via Block Matching)
The initial step in generating residual frames is motion estimation. This
involves comparing the reference frame with the subsequent input frame
to create a motion vector map. The process divides the reference frame
into non-overlapping blocks and analyzes the position of each block in the
reference frame against its position in the next frame. This is known as
block matching and results in a set of motion vectors associated to each
block that quantify the movement of each block between the two frames.

Step 2: Motion Compensation
The second step, known as motion compensation, involves applying the
motion vectors to the reference frame. Each block in the reference frame is
transformed according to these vectors, generating a predicted frame. This
frame is called the predicted frame because it predicts the next input frame
based on the motion vectors and the stored reference frame.

Step 3: Residual Frame Generation
The third step is residual frame generation. This involves subtracting the
predicted frame from the next input frame to obtain residual frames, also
known as the prediction errors. These frames highlight the differences be-
tween the actual input frame and the prediction, which is based on the mo-
tion estimation and compensation relative to the stored reference frame.

Note: Adaptive Block Matching

In our work (Use Case 2, Section 4.3.3), we used a custom adaptive
block matching algorithm based on a hierarchical tree structure, sim-
ilar to that of the other hybrid compression formats [49–51]. This
helps us view finer details within the foreground in residual frames.
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2.2 Deep Learning Algorithms

2.2.1 U-Net Segmentation

In this work, the U-Net model was utilized in Use Case 1 because of
its popularity in medical imaging segmentation. Specifically, the 3D
U-Net model was chosen to segment 3D CT, CBCT, and MRI scans.

Quick Overview
U-Net is a convolutional neural network architecture commonly used for
image segmentation. It has an encoder-decoder structure with skip connec-
tions. The encoder extracts features from the input image through down-
sampling, while the decoder upsamples intermediate features to produce
the final segmentation mask. The architecture is called "U-Net" due to the
symmetrical shape of the encoder-decoder structure. The skip connections
help preserve spatial information by directly linking corresponding layers
in the encoder and decoder.

Input
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16   16

32   64   64

64   128   128

128   256   256

256    512   512

256   256   256

128   128   128
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128+

256+

64+

32+

16+

3x3x3 convolution
Copy (via Skip Connection)

2x2x2 Downsampling

2x2x2 Upsampling
3x3x3 convolution

1x1x1 convolution

Output

160x160x128

80x80x64

20x20x16

10x10x8

5x5x4

Fig. 2.5 3D U-Net Architecture with six-level depth.

U-Net Architecture
Referring to Figure 2.5, the blue rectangles represent the results of convo-
lution operations, with the number of feature maps specified above them.
White rectangles indicate feature maps that are transferred via skip con-
nections from the encoder to the decoder, where they are concatenated. In
the final layer, a 1×1×1 convolution reduces the number of output channels
to correspond with the number of labels.
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2.2.2 YOLO Object Detection

In this work, the You Only Look Once (YOLO) object detection
model is utilized in Use Case 2 due to its various model architec-
tures and its suitability for real-time video surveillance scenarios. It
is also applied in Use Case 3 for its quick inference performance as
well as its strong fine-tuning potential. It should be noted that the
most recent YOLO iteration available at the time of the work was
used. This led to the use of YOLOv4 and TinyYOLOv4 in Use Case
2 and YOLOv8 in Use Case 3.

Quick Overview
YOLO is an open-source framework that uses a single pass through a con-
volutional neural network to process the entire image. It divides the image
into a grid, and each grid cell predicts a set number of bounding boxes,
along with confidence scores and class probabilities for each box. The con-
fidence scores reflect the accuracy of the bounding box containing an ob-
ject, while the class probabilities indicate which class the object belongs
to. This unified approach allows YOLO to quickly and accurately detect
multiple objects within an image, making it highly efficient for tasks that
require real-time detection.

YOLO Models Family
The YOLO family of models has evolved significantly over the past eight
years, progressing up to YOLOv10, which was released this past year [56].
Essentially, the model efficiency has increased with every new release [57].
Starting from YOLOv4, a scaled-down version of the YOLO framework
was proposed [58]. Named TinyYOLOv4, it was designed for low-end
GPUs and resource-constrained devices such as edge cameras in video
surveillance systems. The trade-off in complexity and performance be-
tween YOLOv4 and tinyYOLOv4 evaluated on the COCO dataset [59] is
shown in Table 2.1.

Table 2.1 Performance evaluation of YOLOv4 and TinyYOLOv4 on the
COCO dataset tested on an NVIDIA RTX 1080Ti GPU.

Model Average Precision (%) Frames per Second

YOLOv4 65.8 45
Tiny YOLOv4 40.2 375
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Improved Robustness of

Deep Learning
Segmentation Against
Image Compression in

Medical Imaging

Preliminary Note:

This chapter expands on conference proceedings [4, 5] and a journal
publication [1], studying the impact of JPEG 2000 compression on
U-Net segmentation in medical imaging.

Before starting the chapter, readers are encouraged to familiarize
themselves with the following basic principles in Section 2: JPEG
2000 compression (2.1.1) and U-Net segmentation (2.2.1).
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3.1 Introduction

3.1.1 Motivation

Accurate segmentation of medical images is essential for diagnosing and
predicting the progression of various conditions [60,61]. It plays a key role
in applications like radiotherapy—where it prevents irradiating healthy
tissue—and in detecting tiny cortical lesions in the brain for multiple scle-
rosis diagnosis [62, 63].

Traditionally, this process has been performed manually, which is both
labor-intensive and time-consuming. Consequently, there has been a sig-
nificant shift towards employing deep learning techniques to automate
segmentation tasks [46–48]. Nonetheless, these advanced methods require
access to large volumes of data, prioritizing efficient data transfer and stor-
age. Moreover, hospitals are legally obliged to retain medical data for ex-
tended periods to meet regulatory standards and ensure long-term patient
care, making effective data management crucial.

Image compression is a valuable tool in this context, as it can significantly
reduce storage requirements and facilitate faster data transfer. This has led
to the integration of many compression formats into medical imaging stan-
dards: the most notable being the integration of JPEG 2000 into the DICOM
standard [34]. It is worth noting that compressing medical images is per-
mitted by governing bodies in North America, the European Union and
Australia provided they do not affect the diagnostic capabilities of medical
practitioners. However, while compression effectively decreases file size,
it can compromise image quality, potentially affecting the accuracy of deep
learning models used for medical image analysis. [64].

3.1.2 Research Positioning

Assessing the diagnostic capabilities of physicians on compressed images
is challenging due to the subjective nature of evaluations and variability
based on different tasks. Several studies have proposed varying compres-
sion ratio limits tailored to specific medical imaging classification scenarios.
Compression ratios higher than 32:1 have been shown to affect patholo-
gists’ ability to differentiate breast cancer development stages [65]. Con-
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versely, a 200:1 compression ratio was acceptable for measuring the HER2
score in breast carcinoma images [66]. Research involving ten datasets of
pathological images, primarily carcinomas and adenocarcinomas, evalu-
ated the impact of data compression on telepathology, showing 95% accu-
racy with 10 medical practitioners using both uncompressed and 90:1 JPEG
compressed images [67]. Additionally, a compression ratio of 20:1 was
deemed adequate for detecting Helicobacter pylori gastritis from histopatho-
logical images [64]. Researchers have also pushed JPEG 2000 compression
ratios up to 50:1 while maintaining a classification accuracy of 97% on can-
cerous CT liver images [68].

However, these studies often depend on physicians’ subjective evaluations,
which, although valid, can be costly and impractical for large datasets and
complex deep learning tasks due to the limited availability of medical ex-
perts. As deep learning becomes more prevalent in medical imaging, there
is a need for updated evaluation criteria specific to tasks such as classifica-
tion and segmentation. Deep learning networks have demonstrated signif-
icant resilience to distortions from image compression for deep learning-
based classification. For example, convolutional neural networks used for
classifying metastases in breast lymph nodes with histopathological whole-
slide images have shown effectiveness even when trained on JPEG 2000
compressed data. Training the network on uncompressed images and test-
ing with compressed ones showed strong performance up to a 24:1 com-
pression ratio, while training with images compressed at 48:1 maintained
accurate detection for ratios of 48:1 and below [42].

While encouraging results from the image processing community have
shown that training semantic segmentation neural networks with compressed
natural images can maintain robust performances compared to neural net-
works trained on uncompressed natural image [37–39], the specific impact
of image compression on deep learning-based segmentation of medical im-
ages has not been thoroughly investigated. This intriguing gap leads us to
ask the compelling "Research Question 1":

Research Question 1

Can the robustness of deep learning-based segmentation
to image compression be extended to medical imaging?

| 41



3 | Improved Robustness of Deep Learning Segmentation
Against Image Compression in Medical Imaging

3.1.3 Contribution
This chapter examines the impact of image compression on deep learning-
based segmentation in medical imaging. It specifically focuses on enhanc-
ing the robustness of JPEG 2000 compression for 3D U-Net segmentation
in two medical imaging scenarios:

• Scenario 1: Male Pelvic Organ Segmentation [1, 5]

• Scenario 2: Multiple Sclerosis Lesion Segmentation [4]

By adopting an iterative fine-tuning approach inspired from similar meth-
ods used in natural image processing [38–40], we show that:

Contribution A

A 3D U-Net can effectively learn and filter out data compression
artifacts in medical imaging, even at very high compression ratios.

Contribution B

Data compression can be effectively deployed in medical data
management systems with only a marginal drop in performance.

Quantitatively we show that:

• We can increase the robustness of the 3D U-Net to handle compres-
sion ratios of up to 48:1 in the case of male pelvic organ segmentation.

• We can extend this observation to multiple sclerosis lesion segmen-
tation, maintaining a robustness to compress artifacts up to 64:1.
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3.1.4 Chapter Organization
The chapter is structured as follows. We start by describing the materi-
als used, including the dataset, data compression algorithm, deep learning
segmentation model and the evaluation metrics. We put forward the itera-
tive fine-tuning approach employed and we present two main experiments
of our work. Next, we validate the results of the proposed method, high-
lighting the two key contributions: the model’s robustness to compression
artifacts and the potential of the fine-tuned model in practical applications.
Following this, we address the limitations of the proposed work. Finally,
we conclude by answering "Research Question 1" and discussing future
work.
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3.2 Materials

Materials | Table Of Content

3.2.1 Datasets:

• Sc. 1: CHU-Namur & CHU-Charleroi private dataset

• Sc. 2: CHU-Saint-Luc private dataset

3.2.2 Data Compression:

• JPEG 2000 (DICOM standard)

3.2.3 3D Segmentation Base Model:

• Sc. 1: Fully convolutional 3D U-Net

• Sc. 2: Patch-based 3D U-Net

3.2.4 Evaluation Metrics:

• Sc. 1: Dice Similarity Coefficient (DSC)

• Sc. 2: DSC & Symmetric Mean Boundary Distance (SMBD)

3.2.1 Datasets

Scenario 1: Male Pelvic Organ Segmentation

The dataset is composed of 74 patients and handles two medical imaging
modalities: computed tomography (CT) and cone beam computed tomog-
raphy (CBCT). 74 CT and 56 CBCT scans were collected from CHU-Namur
and CHU-Charleroi in Belgium. CHU-Charleroi contributed 56 CBCT and
22 CT volumes, while CHU-Namur provided 52 CT volumes. Initially
stored in DICOM format [34], the 2D CT slices were combined to create
volumes. All resampled volumes and binary mask volumes were cropped
to 160 × 160 × 128 voxels containing the bladder and the rectum, ensur-
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ing consistent size and scale across CT and CBCT volumes. These matrices
utilized a grayscale range with integer values from 0 to 255. Each patient’s
data includes manually annotated masks by a trained expert for two male
pelvic organs: the bladder and the rectum. Sample slices of CBCT scans of
the bladder and the rectum, alongside their respective target segmentation
mask, are shown in Figure 3.1. The dataset was divided into a training
set with 60 CTs and 45 CBCTs and a test set with 14 CTs and 11 CBCTs,
maintaining an 80:20 ratio for both CTs and CBCTs.

Fig. 3.1 Samples slices of CBCT scans of the bladder and the rectum
alongside their respective target segmentation mask for Scenario 1.

Scenario 2: Multiple Sclerosis Lesion Segmentation

The dataset includes 63 Magnetic Resonance Imaging (MRI) scans from
multiple sclerosis patients aged 22 to 66 years, with brain scans captured
using a 3T Signa Premier MRI scanner at CHU-Saint-Luc in Brussels. All
volumes were pre-processed using BMAT [69], binary mask volumes were
cropped to 196 × 260 × 216 voxels. Manual lesion annotation was per-
formed by two experts using 3D-FLAIR images, identifying 1104 lesions,
with 221 classified as confluent lesions [70]. A sample slice of MRI scans,
showing several multiple sclerosis lesions and their respective target seg-
mentation mask, is shown in Figure 3.2. We divided the dataset into 47
subjects for training, 13 for validation, and 13 for testing, ensuring bal-
anced lesion characteristics.
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Fig. 3.2 A sample slice of MRI scans showing multiple sclerosis lesions
and their corresponding target segmentation mask for Scenario 2.

Note: Additional Dataset Information

Both datasets for Scenario 1 and Scenario 2 are private and were ob-
tained through collaborations with UCLouvain partners. The Sce-
nario 1 dataset, developed with CHU-Namur and CHU-Charleroi,
and the Scenario 2 dataset, acquired with CHU-Saint-Luc, has been
used in the development of several other research contributions at
UCLouvain [48, 70–74]

3.2.2 Data Compression
In both scenarios, we utilize the JPEG 2000 compression algorithm, noted
for its high compression efficiency and compatibility with the DICOM stan-
dard in medical imaging [34, 52], to achieve visually lossless image com-
pression. The 3D volumes (CT and CBCT scans for scenario 1 and MRI
scans for scenario 2) were compressed as individual 2D slices which were
reassembled into 3D volumes. This approach helps the 3D segmentation
model to mitigate compression artifacts across slices, enhancing its ability
to accurately identify and reconstruct anatomical structures. The Open-
JPEG library1 was used to process all 3D volumes.

1https://github.com/uclouvain/openjpeg
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Due to the nature of male pelvic organs being much larger in size and much
easier to segment than multiple sclerosis lesions, we opted to use a higher
compression ratio for Scenario 1 compared to Scenario 2. Seven compres-
sion ratios, {1, 24, 32, 48, 64, 96, 128}:1, were used for Scenario 1 compared
to seven compression ratios, {1, 8, 24, 32, 48, 56, 64}:1, for Scenario 2. In
medical imaging, the use of high compression ratios is uncommon due to
the potential loss of critical diagnostic information. This work investigates
the limits of image compression by identifying the maximum compression
ratio at which optimal performance can still be achieved.

3.2.3 3D Segmentation Base Model

Scenario 1: Male Pelvic Organ Segmentation
The base model for deep learning segmentation used in Scenario 1 is the
fully convolutional 3D U-Net [15, 75] based on the previous work in auto-
mated male pelvic organ segmentation [1, 5, 48, 76] 2.

The 3D input was processed through a contracting path for context and
an expanding path for precise localization. The final layer used a soft-
max function to determine the probability of each voxel belonging to the
bladder, rectum, or neither. Each voxel was assigned the class with the
highest probability to create a binary mask for each organ, resulting in sin-
gle connected regions without disjointed areas. Fully convolutional neural
networks provide the benefit of making predictions at the same resolution
as the input, with each organ having its own output channel. The network
used the Adam optimizer during training with a learning rate of 10−4. Hy-
perparameters were consistent with prior research3 [48, 76] and effective
for this data. Two data augmentations techniques were used during train-
ing: shifts (ranging from -5 to +5 pixels) and rotations (ranging from -5 to
+5 degrees). The batch size was set to two, the maximum that a 12 GB GPU
can accommodate.

The loss functionL1 for Scenario 1 is defined in Eq. 3.1 and uses a weighted
sum of Dice Similarity Coefficient (DSC) for each organ proportional to
their size difference (λ = 3 in the case bladder versus rectum):

L1 = (1− DSC0) + λ · (1− DSC1) (3.1)
2A note in the Supplementary Materials (3.7.2) explains our choice of 3D over 2D U-Net
3https://github.com/eliottbrion/pelvis_segmentation
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The DSC formulation is defined as follows:

DSCi =
2 · |Pi ∩ Ti|
|Pi|+ |Ti|

(3.2)

DSCi =

2 · ∑
x,y,z

pi,(x,y,z) · ti,(x,y,z)

∑
x,y,z

(pi,(x,y,z) + ti,(x,y,z))
(3.3)

Where the target and predicted masks are denoted as Ti and Pi, respec-
tively, and the voxel values as ti,(x,y,z) and pi,(x,y,z). The target is the area
segmented by a medical specialist, while the prediction is the network out-
put. The index i represents the segmentation class (0 = bladder, 1 = rectum).

Scenario 2: Multiple Sclerosis Lesion Segmentation
The base model for deep learning segmentation used in Scenario 2 is a
patch-based 3D U-Net architecture for semantic segmentation of white mat-
ter lesion [77] and is based on previous work in automated multiple scle-
rosis lesion segmentation [4, 70].

The reduction from four resolution levels to three significantly cut the num-
ber of trainable parameters from 18.3 million to 3.8 million, lowering the
likelihood of overfitting. Skip connections are included as in the original
3D U-Net design [15]. The model processes 3D patches sized 96×96×96
voxels, which are randomly sampled during training using a sliding win-
dow approach with Gaussian weighting. Training utilized the Adam opti-
mizer, with a learning rate of 10−5. Hyperparameters were aligned with
previous studies 4 [70]. Data augmentation was not employed during
training because it did not significantly enhance segmentation performance
and increased training time.

The loss function L2 for Scenario 2 is defined in Eq. 3.4, using a weighted
sum between the DSC and Focal Loss (FL) adapting them to high class
imbalance [78, 79] :

L2 = L1 + LFL (3.4)

where (λ = 0 in L1 given that we only consider one organ to segment in
Scenario 2)

4https://github.com/maxencewynen/ConfLUNet
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3.2.4 Evaluation Metrics
In both scenarios, we use the DSC, defined in Eq. 3.2 to evaluate segmen-
tation quality by comparing the overlap of the target mask and prediction
mask with their combined volume.

For Scenario 1, we observed an additional evaluation metric: the Symmet-
ric Mean Boundary Distance (SMBD). SMBD, defined in Eq. 3.7 measures
the agreement between the surfaces (borders) of two segmented volumes,
rather than their entire volumes. This is particularly useful for assessing
segmentation quality in cases where volume overlap metrics like the Dice
Similarity Coefficient can be misleading. In large volumes like the bladder,
even small errors in segmentation can result in a high DSC due to the large
overlap of the overall volume. SMBD provides a more nuanced view by
focusing on the boundary accuracy, which is crucial for evaluating the pre-
cision of the segmentation5.

We consider the distance from a predicted border point pi,b to the target
border Ti,b:

d(pi,b, Ti,b) = min
t∈Ti,b

∥s⊙ (pi,b − t)∥2 (3.5)

Here, ∥.∥2 denotes the Euclidean norm, and s = (1.2, 1.2, 1.5) represents
pixel spacing in mm. The mean boundary distance is:

D(Pi,b, Ti,b) =
1
n ∑

pi,b

d(pi,b, Ti,b) (3.6)

Since this metric is asymmetric (D(Pi,b, Ti,b) ̸= D(Ti,b, Pi,b)), we use the
symmetric mean boundary distance:

SMBD =
D(Pi,b, Ti,b) + D(Ti,b, Pi,b)

2
(3.7)

5We use the SMBD solely for bladder segmentation, as the rectum’s irregular shape renders
the SMBD an unsuitable metric.
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3.3 Methods

Methods | Table Of Content

3.3.1 Proposed Methodology:

• Iterative Fine-Tuning

3.3.2 Experiments:

• Exp. 1: Model Robustness to Compression Artifacts

• Exp. 2: Model Deployment with Minimal Performance Drop

3.3.1 Proposed Iterative Fine-Tuning Methodology
In previous works, it has been demonstrated that training models on datasets
with a specific compression ratio can enhance robustness against artifacts
at that ratio [38, 40]. However, other researchers argue that fine-tuning
pre-trained models, initially trained on uncompressed data, using com-
pressed datasets is more beneficial [39]. Fine-tuning, rather than directly
training on compressed data, is also utilized in related research on deep
learning-based classification of medical images [42]. This approach high-
lights the importance of understanding fundamental patterns before ad-
dressing compression artifacts, which is crucial for improving the robust-
ness of deep learning-based segmentation models.

Building on this hypothesis, we proposed an iterative fine-tuning on a 3D
U-Net to enhance resilience across various compression levels. This strat-
egy enables the model to effectively learn and mitigate compression arti-
facts at higher levels, thereby improving its generalization capabilities. The
methodology consists of two primary steps: initially training a base model
on uncompressed data to capture essential patterns, followed by iterative
fine-tuning to specifically target and address compression artifacts. The
step-by-step training procedure for the proposed iterative fine-tuning ap-
proach is outlined in Algorithm 1. Further details on base model for both
Scenario 1 and Scenario 2 are provided in Subsection 3.2.3.
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Algorithm 1 Iterative Fine-Tuning Training Procedure

Definitions:
1: Trcr: Training set compressed at a compression ratio of cr:1
2: W: Model weights
3: CR: List of compression ratios used for training
4: BMepc: Number of training epochs on base model
5: IFTepc: Number of training epochs during each fine-tuning iteration

Functions:
6: J2Kcr(): Apply JPEG 2000 at a compression ratio of cr:1

Procedure:
// Initialize compression ratio list

7: Initialize CR
// Initialize model weights

8: Initialize W
// Set base model and iterative fine-tuning epochs

9: Initialize BMepc, IFTepc
// Train 3D U-Net base model on uncompressed data

10: Train W for BMepc epochs on Tr1
// Store Base Model weights

11: WBM = W
// Store Iterative Fine-Tuning model starting weights

12: WIFT = W
13: for each cr ∈ CRs do

// Iterative fine-tuning procedure
14: Trcr = J2Kcr(Tr1)
15: Train WIFT for IFTepc epochs on Trcr
16: Update WIFT
17: end for

Parameter Initialization Settings
• W is initialized with random weights.

• J2K set to default parameters of OpenJPEG implementation v.2.5.0.

• BMepc = 300 epochs

• FTepc = 15 epochs

• CR =

{
[1, 24, 32, 48, 64, 96, 128] for Scenario 1

[1, 8, 24, 32, 48, 56, 64] for Scenario 2
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3.3.2 Experiments
Two experiments are used to support the two contributions of this chapter.

Experiment 1: Model Robustness to Compression Artifacts

Contribution A
A 3D U-Net can effectively learn and filter out data compression

artifacts in medical imaging, even at very high compression ratios.

To validate Contribution A, we compare the performance of the base model
with our proposed iteratively fine-tuned model on various increasing com-
pression ratios. Testing on compressed data will help us determine whether
the iterative fine-tuning enables the model to learn the basic patterns of the
target organs while adequately filtering out compression noise.

It should be noted that for a fair comparison, the iteratively fine-tuned
model is tested after each iteration on a test set compressed at the last com-
pression ratio used in that iteration. The detailed evaluation procedure for
Experiment 1 is described in Algorithm 2 which integrate the evaluation in
the iterative fine-tuning training procedure detailed in subsection 3.3.1.

Algorithm 2 Evaluation Procedure for Experiment 1 built atop of the It-
erative Fine-Tuning Training Procedure in 1

Additional Definition:
1: Tscr: Test set compressed at a compression ratio of cr:1

Procedure:
2: Initialize CR, W, BMepc, IFTepc
3: Train W for BMepc epochs on Tr1
4: WBM = W
5: WIFT = W
6: for each cr ∈ CRs do
7: Trcr = J2Kcr(Tr1)
8: Train WIFT for IFTepc epochs on Trcr
9: Update WIFT

10: Tscr = J2Kcr(Ts1)

11: Evaluate WIFT and WBM on Tscr∗
12: end for

* Refer to Subsection 3.2.4 for evaluation metrics used for Scenario 1 and Scenario 2
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Experiment 2: Model Deployment with Minimal Performance Drop

Contribution B

Data compression can be effectively deployed in medical data
management systems with only a marginal drop in performance.

To validate Contribution B, we evaluate the performance of the base model
and the iteratively fine-tuned model on an uncompressed test set. This ap-
proach simulates deploying a model trained on a hospital’s compressed
database, which is then evaluated daily on new uncompressed data dur-
ing clinical practice.

We follow a similar setup to Experiment 1 but test exclusively on uncom-
pressed data. The detailed evaluation procedure for Experiment 2 is de-
scribed in Algorithm 3, integrating the evaluation with the training proce-
dure outlined in subsection 3.3.1.

Algorithm 3 Evaluation Procedure for Experiment 2 built atop of the It-
erative Fine-Tuning Training Procedure in 1

Additional Definition:
1: Tscr: Test set compressed at a compression ratio of cr:1

Procedure:
2: Initialize CR, W, BMepc, IFTepc
3: Train W for BMepc epochs on Tr1
4: WBM = W
5: WIFT = W
6: for each cr ∈ CRs do
7: Trcr = J2Kcr(Tr1)
8: Train WIFT for IFTepc epochs on Trcr
9: Update WIFT

10: Tscr = Ts1

11: Evaluate WIFT and WBM on Tscr∗
12: end for

* Refer to Subsection 3.2.4 for evaluation metrics used for Scenario 1 and Scenario 2
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3.4 Results and Discussion

3.4.1 Experiment 1: Model robustness to compression artifacts
Experiment 1 was conducted on both Scenario 1 and Scenario 2, evaluat-
ing deep learning-based segmentation on three target organs (bladder, rec-
tum, and multiple sclerosis lesions) using three medical imaging modali-
ties (CT, CBCT, and MRI).

Scenario 1: Male Pelvic Organ Segmentation
In this scenario, we focus on segmenting the bladder and rectum in male
pelvic CT and CBCT scans using a 3D U-Net model. We evaluate the
model’s performance both before and after iterative fine-tuning using two
evaluation metrics: the DSC and SMBD. We set an empirical DSC cut-off
threshold of 0.7 for both organs6.

First, we examine bladder segmentation, which is comparatively easier
than rectum segmentation. The DSC results are illustrated in Figures 3.3
and 3.4 for CT and CBCT scans, respectively7. The SMBD results are shown
in Table 3.1.

We notice enhanced DSC performance across all compression ratios when
evaluated using the iteratively fine-tuned model. The base model main-
tains satisfactory segmentation performance up to compression ratios of
96:1 for CT scans and 64:1 for CBCT scans with a mean DSC threshold of
0.7. In contrast, iterative fine-tuning enables compression up to 128:1 for
CT scans and 96:1 for CBCT scans, demonstrating a 1.5-fold increase in ro-
bustness while preserving bladder segmentation quality.

When observing the SMBD performance, we also notice this improvement.
We obtain a two-fold increase in the case of both CT and CBCT scans at
very high compression ratios of 128:1.

6Refer to Subsection 3.5 for further explanations on the threshold selection
7Detailed DSC results for bladder segmentation are noted in Supplementary Material 3.7.1
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Fig. 3.3 Mean DSC performances before and after iterative fine-tuning
tested at high compression ratios for bladder segmentation on CT scans.
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Fig. 3.4 Mean DSC performances before and after iterative fine-tuning
tested at high compression ratios for bladder segmentation on CBCT
scans.

Table 3.1 SMBD performance boost using iterative fine-tuning tested at
high compression ratios for bladder segmentation on CT and CBCT scans.

Compression Ratio

Model 1:1 24:1 32:1 48:1 64:1 96:1 128:1

C
T 3D U-Net 1.45±0.58 1.55±0.62 1.83±0.81 2.08±1.12 2.46±1.36 3.90±2.00 8.21±4.19

+ Fine-Tuning 1.45±0.58 1.53±0.55 1.75±1.09 1.90±0.94 2.17±1.40 2.68±1.33 4.70±3.03

C
B

C
T 3D U-Net 2.58±1.96 2.70±2.03 2.96±2.17 3.36±2.36 3.86±2.37 4.90±1.92 7.81±2.15

+ Fine-Tuning 2.58±1.96 2.19±1.55 2.53±1.78 2.54±1.60 2.97±1.98 3.57±1.58 4.79±1.81
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Second, we examine rectum segmentation, which presents more challenges
than bladder segmentation. The DSC performance are illustrated in Fig-
ures 3.5 and 3.6 for CT and CBCT scans, respectively8. We observe an im-
proved DSC performance with the iteratively fine-tuned model across all
compression ratios. The base model performs adequately up to compres-
sion ratios of 48:1 for both CT and CBCT scans, maintaining a mean DSC
threshold of 0.7. Conversely, iterative fine-tuning supports compression
ratios up to 64:1, achieving a 1.5-fold increase in robustness while main-
taining rectum segmentation quality.
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Fig. 3.5 Mean DSC performances before and after iterative fine-tuning
tested at high compression ratios for rectum segmentation on CT scans.
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Fig. 3.6 Mean DSC performances before and after iterative fine-tuning
tested at high compression ratios for rectum segmentation on CBCT scans.

8Detailed DSC results for rectum segmentation are noted in Supplementary Materials 3.7.1
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Scenario 2: Multiple Sclerosis Lesion Segmentation

In this scenario, we focus on segmenting multiple sclerosis lesions in brain
MRI scans using a 3D U-Net model. We assess the model’s performance
before and after iterative fine-tuning. For this scenario, we set an DSC cut-
off threshold of 0.5, given the smaller size of multiple sclerosis lesions9.

Multiple sclerosis lesion segmentation is more challenging due to their
smaller size than the male pelvic organs considered in Scenario 1. Figure
3.7 illustrates the DSC results10. They clearly show enhanced DSC perfor-
mance with the iteratively fine-tuned model across all compression ratios.
The base model maintains satisfactory segmentation performance up to a
compression ratio of 32:1 with a mean DSC threshold of 0.5. In contrast, it-
erative fine-tuning supports compression up to 64:1, demonstrating a two-
fold increase in robustness while preserving lesion segmentation quality.
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Fig. 3.7 Mean DSC performances before and after iterative fine-tuning
tested at high compression ratios for multiple sclerosis lesion segmenta-
tion on MRI scans.

9Refer to Subsection 3.5 for further explanations on the threshold selection
10Detailed DSC results for lesion segmentation are noted in Supplementary Materials (3.7.1)
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3.4.2 Experiment 2: Model Deployment with Minimal Performance
Drop
Building on the consistent results from Experiment 1, Experiment 2 nar-
rows the focus to Scenario 1, examining the segmentation of the bladder
and rectum with CT scans. We evaluate the model’s performance exclu-
sively on uncompressed data using the DSC as evaluation metric. Simi-
larly to Experiment 1, we set an empirical DSC cut-off threshold of 0.7 for
both organs11. The DSC performance for bladder and rectum segmenta-
tion are illustrated in Figures 3.8 and 3.9 respectively.

The model shows less than a 5% performance decrease for bladder segmen-
tation for the fine-tuned model, even when trained on compression ratios
of up to 48:1. Even with a more extreme compression ratio of 128:1, the
performance drop stays below 10%. Although the overall performance for
rectum segmentation is generally lower than that of the bladder, which is
understandable given the difficulty of segmenting this organ, it still main-
tains high accuracy. The performance drop for rectum segmentation is un-
der 5% as well at a 48:1 and only reaches 10% at 128:1.

Crucially, all results surpass the 0.7 DSC acceptable threshold, confirming
the model’s reliability in accurately segmenting the bladder, thus ensuring
dependable outcomes suitable for clinical deployment. This makes it a vi-
able option for integration into medical data management systems. The
minimal performance decline, alongside the consistent DSC scores, under-
scores the potential for deploying this model in real-world clinical envi-
ronments, where data compression is often necessary for efficient storage
and handling.

Note: Base Model Performance

The base model’s performance evidently remains consistent at the
1:1 compression ratio DSC, as it was never fine-tuned on compressed
data and was only trained on uncompressed data.

11Refer to Subsection 3.5 for further explanations on the threshold selection
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Fig. 3.8 Mean DSC performance of iterative fine-tuning when tested on
uncompressed data for bladder segmentation on CT scans.
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Fig. 3.9 Mean DSC performance of iterative fine-tuning when tested on
uncompressed data for rectum segmentation on CT scans.
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3.5 Limitations

3.5.1 Acceptable Segmentation Threshold
The primary challenge we encountered was establishing suitable evalua-
tion criteria for assessing our results. While the DSC is a mathematical
metric, it can sometimes yield the same score for two images of the same
organ, yet result in different clinical evaluations by medical professionals.
For Scenario 1, we set an empirical minimum DSC threshold of 0.7, focus-
ing on male pelvic organ segmentation. This threshold was validated by
both our research team and the original annotation experts after review-
ing several visual outcomes of U-Net organ segmentation on our dataset.
Related works also adopted a 0.7 DSC threshold in their study of organ
segmentation in the male pelvic region [80]. Their quantitative assessment,
involving 15 physicians who contoured the penile bulb on CT scans of 10
patients with urinary toxicity post-radiotherapy for prostate cancer, found
0.7 to be an acceptable threshold. Although DSC thresholds may vary be-
tween organs for accurate segmentation, the similarity in our research fo-
cus on CT scans in the male pelvic area reassures us of the validity of our
threshold. For the MS lesion segmentation in Scenario 2, we chose a 0.5
DSC as an acceptable threshold. This decision aligns with related works,
corresponding to a peak performance drop of 13% [42].

3.5.2 Reproducibility
To enhance the validation of our proposed work, we plan to test the itera-
tive fine-tuning approach on additional public 3D segmentation datasets.
Positive results have already been observed across a range of medical imag-
ing modalities and challenging organ segmentation tasks. Utilizing diverse
datasets will further assess the model’s adaptability across various sce-
narios. There exists a plethora of 3D medical imaging challenges, with
dozens added each year in medical imaging conference challenges and
workshops12. Our code for iterative fine-tuning, applied to multiple scle-
rosis lesion, is publicly available on GitHub13 and can be used as a base to
apply it to other 3D medical data.

12https://github.com/openmedlab/Awesome-Medical-Dataset
13https://github.com/maxencewynen/compressed_WMLS
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3.6 Conclusion

3.6.1 Summary
This work highlights significant improvements in the robustness of deep
learning-based segmentation models applied to compressed medical imag-
ing data. By adopting an iterative fine-tuning approach inspired by natural
image processing methods, we demonstrate two key contributions:

Contribution A

A 3D U-Net can effectively learn and filter out data compression
artifacts in medical imaging, even at very high compression ratios.

Contribution B

Data compression can be effectively deployed in medical data
management systems with only a marginal drop in performance.

Focusing on JPEG 2000 compression, we show that a 3D U-Net model can
adapt through iterative fine-tuning. Initially training the model on uncom-
pressed data captures essential patterns for effective segmentation. This
foundational training is followed by iterative fine-tuning on datasets with
progressively higher compression ratios, allowing the model to maintain
accuracy at compression levels up to 48:1 for male pelvic organ segmenta-
tion and 64:1 for multiple sclerosis lesion segmentation.

The findings suggest that high levels of data compression can facilitate ef-
ficient storage and faster data transfer without significant segmentation
performance drop, providing a practical framework for enhancing deep
learning models in real-world applications. The successful integration of
training on compressed and testing on uncompressed data with minimal
performance drop underscores the potential for widespread adoption in
clinical settings.
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3.6.2 Perspectives
Future work should broaden this research to address various applications
in medical imaging that rely on 3D U-Net segmentation of organs. This
includes, but is not limited to, segmentation of lung nodules for detect-
ing lung carcinoma [81], kidney segmentation for treating renal cell car-
cinoma [82], and whole-heart segmentation to aid early detection of criti-
cal cardiovascular diseases [83]. By expanding the scope of this research,
we can continue to support the use of image compression in medical data
management and demonstrate its effective deployment with minimal per-
formance loss.

Furthermore, while this research indicates that data compression can be
integrated into medical systems with minimal performance impact, some
doctors may have concerns about its effect on diagnostic accuracy. It is
helpful to note that the noise introduced by compression is negligible com-
pared to noise from various sensors in medical imaging, such as beam
hardening in CT [84, 85], ring artifacts in CBCT [86, 87], and gradient noise
in MRI [88]. The outcome of our research should help in addressing con-
cerns and building trust in the clinical application of compressed data.

The findings of this work indicate a positive direction towards answering
Research Question 1. However, we have barely unlocked the potential of
data compression in medical imaging. Although we explored segmenta-
tion in three medical imaging tasks (bladder, rectum, and lesion segmenta-
tion) using three medical imaging modalities (CT, CBCT, and MRI), the
challenges of medical imaging segmentation extend beyond these tasks
and modalities. This work should be seen as a positive result that further
encourages the use of data compression in medical imaging.
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3.7 Chapter Supplementary Materials

3.7.1 Detailed Results for Experiment 1 (Section 3.4.1)

Table 3.2 DSC performance boost using iterative fine-tuning tested at
high compression ratios for bladder segmentation on CT and CBCT scans.

Compression Ratio

Model 1:1 24:1 32:1 48:1 64:1 96:1 128:1

C
T Base Model 0.92±0.03 0.91±0.03 0.90±0.04 0.89±0.06 0.86±0.08 0.76±0.12 0.41±0.29

+ Fine-Tuning 0.92±0.03 0.90±0.04 0.89±0.06 0.89±0.05 0.87±0.07 0.83±0.07 0.70±0.16

C
B

C
T Base Model 0.83±0.12 0.83±0.12 0.81±0.13 0.78±0.14 0.74±0.14 0.65±0.12 0.45±0.13

+ Fine-Tuning 0.83±0.12 0.83±0.10 0.84±0.10 0.84±0.09 0.80±0.11 0.74±0.10 0.65±0.12

Table 3.3 DSC performance boost using iterative fine-tuning tested at
high compression ratios for rectum segmentation on CT and CBCT scans.

Compression Ratio

Model 1:1 24:1 32:1 48:1 64:1 96:1 128:1

C
T Base Model 0.77±0.07 0.77±0.07 0.77±0.06 0.75±0.06 0.70±0.06 0.62±0.09 0.37±0.19

+ Fine-Tuning 0.77±0.07 0.76±0.08 0.76±0.07 0.74±0.08 0.73±0.07 0.67±0.07 0.52±0.16

C
B

C
T Base Model 0.77±0.07 0.77±0.07 0.75±0.08 0.71±0.10 0.65±0.12 0.47±0.11 0.27±0.14

+ Fine-Tuning 0.77±0.07 0.78±0.08 0.76±0.09 0.76±0.08 0.73±0.10 0.65±0.11 0.57±0.13

Table 3.4 DSC performance boost using iterative fine-tuning tested at
high compression ratios for multiple sclerosis lesion segmentation on
MRI scans.

Compression Ratio

Model 1:1 8:1 24:1 32:1 48:1 56:1 64:1

M
R

I 3D U-Net 0.61±0.16 0.58±0.16 0.53±0.18 0.52±0.18 0.47±0.18 0.45±0.17 0.43±0.18

+ Fine-Tuning 0.61±0.16 0.60±0.16 0.55±0.17 0.57±0.15 0.56±0.15 0.52±0.17 0.52±0.16
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3.7.2 Discussion on 2D VS 3D U-Net Robustness to Compression
We further evaluated the decision to use a 3D U-Net over a 2D U-Net,
despite employing a 2D slice-based approach for data compression. We
conducted experiments for a comparison between the 3D U-Net and a ba-
sic 2D-Net model, without Iterative Fine-Tuning. Our focus was on male
pelvic organ segmentation in Scenario 1. We also only considered CT scans
for this experiment. The detailed detailed experimental results are pro-
vided in Tables 3.5 and 3.6 and illustrated in Figures 3.10 and 3.11. The 3D
U-Net model shows enhanced DSC performance across all compression
ratios for both organs. The 2D U-Net model maintains satisfactory perfor-
mance up to compression ratios of 64:1, with a mean DSC threshold of 0.7.
However, the 3D U-Net model’s robustness is up to 96:1, demonstrating a
1.5-fold improvement. Similarly, for rectum segmentation, the 2D U-Net
model performs adequately up to 32:1, while the 3D U-Net model handles
up to 48:1, also achieving a 1.5-fold increase.

The primary reason for opting for a 3D U-Net lies in its ability to leverage
spatial context across slices. A possible explanation for these observations
can be found by analyzing the distortion caused by JPEG 2000 artifacts in
both 2D and 3D compression scenarios. When performing 2D compres-
sion, we compress the 3D volume slice by slice. The distortion introduced
by JPEG 2000 is independent for each slice, leading to varying results be-
tween adjacent slices. Conversely, in 3D compression by slice, the 3D U-
Net can effectively average out the noise across slices, helping to recognize
the original shape of the organ.

Table 3.5 DSC performances for 2D and 3D U-Net without fine-tuning
tested at high compression ratios for bladder segmentation on CT scans.

Compression Ratio

Model 1:1 24:1 32:1 48:1 64:1 96:1 128:1

C
T 2D U-Net 0.92±0.04 0.91±0.04 0.90±0.04 0.87±0.07 0.81±0.09 0.58±0.18 0.30±0.26

3D U-Net 0.92±0.03 0.91±0.03 0.90±0.04 0.89±0.06 0.86±0.08 0.76±0.12 0.41±0.29

Table 3.6 DSC performances for 2D and 3D U-Net without fine-tuning
tested at high compression ratios for rectum segmentation on CT scans.

Compression Ratio

Model 1:1 24:1 32:1 48:1 64:1 96:1 128:1

C
T 2D U-Net 0.75±0.09 0.76±0.09 0.73±0.09 0.67±0.11 0.58±0.16 0.37±0.16 0.14±0.09

3D U-Net 0.77±0.07 0.77±0.07 0.77±0.06 0.75±0.06 0.71±0.06 0.62±0.09 0.37±0.19
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Fig. 3.10 Mean DSC performances for 2D and 3D U-Net without fine-
tuning tested at high compression ratios for bladder segmentation on CT
scans.
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Fig. 3.11 Mean DSC performances for 2D and 3D U-Net without fine-
tuning tested at high compression ratios for rectum segmentation on CT
scans.
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4
Utilizing Residual Frames for
Deep Learning-based Object

Detection and Tracking in
Video Surveillance

Preliminary Note:

This chapter expands on a journal publication [2], studying the
potential of deep learning-based object tracking using compressed
domain residual frames.

Before starting the chapter, readers are encouraged to familiarize
themselves with the following basic principles in Section 2: Hybrid
video compression (2.1.2) and YOLO object detection (2.2.2).
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4.1 Introduction

4.1.1 Motivation

Video surveillance systems deploy extensive networks of cameras strategi-
cally placed throughout urban landscapes. These surveillance systems em-
ploy lightweight models on edge cameras to efficiently perform onboard
object detection and tracking. These detection results are then transmitted
to a central server, where they undergo analysis by decision-making units.
While effective, these edge models are often subpar in performance com-
pared to larger models that can be deployed on the server side.

These surveillance systems, however, do not fully exploit other potential
assets on edge devices. These devices usually employ onboard inter-frame
encoders [49–51] to compress the incoming video stream. Motion vectors
and residual frames are byproducts of these encoders, providing semantic
information about the observed scene. Leveraging this semantic informa-
tion provides an opportunity to enhance the efficiency of video surveil-
lance while maintaining low-bandwidth consumption to ensure system
scalability. Representations such as compressed domain residual frames
can also offer privacy-friendly benefits. Specifically, they retain only essen-
tial motion information in a frame while discarding key re-identification
features such as vehicle shapes, colors, number plates, and the location of
the observed scene. This motivates the use of a surveillance framework
where only compressed domain residual frames are made public, while
the rest of the encoded bitstream is encrypted.

4.1.2 Related Works

The integration of video compression and deep learning-based tasks has
recently attracted interest from the image processing community. The Mov-
ing Picture Experts Group (MPEG) has taken significant steps by establish-
ing a group dedicated to the standardization of Video Coding for Machines
(VCM). This initiative emerged from the realization that traditional video
codecs are not optimized for deep learning feature extraction. The VCM
group aims to develop a codec specifically for machine vision, achieving
higher detection accuracy at lower bit rates compared to other inter-frame
codes, while also improving the visual quality of raw videos [31].
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Additionally, several frameworks have been developed that integrate deep
learning-based object detection with traditional background subtraction
techniques. These frameworks generally follow a two-step process: first,
identifying regions of interest using background subtraction, and then ap-
plying a deep learning-based detector to these regions [89–93]. While they
achieve notable object detection performance, they require extra computa-
tional resources for background extraction.

Moreover, using compressed domain motion vectors has been proposed
to enhance the efficiency of deep learning networks. By integrating deep
learning-based detectors with these motion vectors, researcher have sig-
nificantly reduced power consumption and improved detection efficiency,
even surpassing several multi-object tracking benchmarks trained on raw
frames in some cases [94, 95].

These advancements highlight the potential of using existing video com-
pression data to enhance computer vision applications. This leads us to
ask "Research Question 2":

Research Question 2

Can residual frames be utilized to improve
detection accuracy in video surveillance systems?

4.1.3 Contribution
This chapter explores how residual frames can enhance detection accuracy
in video surveillance systems. We propose an alternative framework that
extracts compressed domain residual frames at the edge camera and sends
them to a central server for inference using larger detection and track-
ing models. By maintaining low-bandwidth consumption, the proposed
framework ensures system scalability while achieving higher task perfor-
mance. By introducing the proposed framework to existing automated
video surveillance systems, we demonstrate that:
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Contribution C

A high-complexity network trained and tested on residual frames
can outperform a low-complexity network trained and tested on

raw frames in simple scenes.

Contribution D

A high-complexity network working with residual frames can
compete with a low-complexity network trained and tested on raw

frames, even in complex scenes.

Quantitatively, as shown in Figure 4.1, we demonstrate that:

• The proposed framework achieves a tracking accuracy up to 8% higher
than the baseline framework in simple scenes.

• The proposed framework maintains a competitive advantage in highly
complex scenes, with less than a 3% performance drop compared to
the baseline framework.

4.1.4 Chapter Organization
The chapter is organized as follows. We begin by outlining the methods
employed, including both the baseline and proposed frameworks and the
experiments used for validation. Next, we describe the materials used,
covering the object detectors and trackers, the data compression algorithm,
the evaluation metrics, and the video surveillance dataset for multi-object
tracking. We then present and discuss our results, including a stress test
to ensure robustness of the proposed framework. Afterward, we address
the limitations of the proposed work as well as the potential privacy bene-
fits of using compressed domain residual frames. Finally, we conclude by
answering "Research Question 2" and discussing future work.
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Fig. 4.1 Combined detection and tracking results highlighting the ad-
vantages of using residual frames in simple scenes and showing the slight
limitation of residual frames in more complex scenes

| 71



4 | Utilizing Residual Frames for Deep Learning-based Object
Detection and Tracking in Video Surveillance

4.2 Methods

Methods | Table Of Content

4.2.1 Experimental Frameworks:

• Baseline Framework

• Proposed Framework

4.2.2 Experiments:

• Exp. 1: Simple Traffic Monitoring Scene Analysis

• Exp. 2: Complex Traffic Monitoring Scene Analysis

4.2.1 Experimental Frameworks
In this work, we consider two experimental frameworks for automated
deep learning object detection in camera surveillance systems, as illus-
trated in Figure 4.2.

• The baseline framework involves deploying low-complexity detec-
tion and tracking models on the edge camera. Here, object detection
is performed directly on the raw video frames, with only the detec-
tion labels being transmitted to the central server.

• The proposed framework encodes the video stream on the edge de-
vice and extracts compressed domain residual frames, encrypts the
rest of the encoded stream and sends them to the central server. A
high-complexity detection and tracking models trained on residual
frames processes these frames for analysis on the server side.
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4.2.2 Experiments
We set up two experiments on each of two frameworks to show that an
object tracker trained and tested on residual frames can be just as effective
as an object tracker trained and tested on raw frames.

Experiment 1: Simple Traffic Monitoring Scene Analysis

Contribution C

A high-complexity network trained and tested on residual frames
can outperform a low-complexity network trained and tested on

raw frames in simple scenes.

The scene for Experiment 1 is shown in Figure 4.3(A). One camera ob-
served a double-lane two-way street with uninterrupted traffic flow. This
scene is used for vehicle counting and wrong-way driving violation detec-
tion. The constant traffic flow allows the block matching algorithm to gen-
erate motion vectors, and their consequent residual frames, consistently.
This would lead to uninterrupted and clearer residual frames in return.

Experiment 2: Complex Traffic Monitoring Scene Analysis

Contribution D

A high-complexity network working with residual frames can
compete with a low-complexity network trained and tested on raw

frames, even in complex scenes.

The scene for Experiment 2 is shown in Figure 4.3(B). Three cameras ob-
served the same intersection between a double-lane two-way street and a
single-lane two-way street. This scene is indeed very complex, with over-
lapping number of vehicles, and can be used for various video surveillance
tasks such as traffic light violation detection, vehicle counting, and traffic
jam monitoring. The overlapping vehicules, stop signs and traffic lights
are a more challenging setup for the block matching algorithm to generate
motion vectors, and their consequent residual frames, consistently.
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(A) (B)

Fig. 4.3 Visualization of the two experimental scenes. Experiment 1 (A)
shows a simple scene of a two-way street viewed by 1 camera. Experiment
2 (B) shows a complex scene of an intersection viewed by 3 cameras.

4.3 Materials

Materials | Table Of Content

4.3.1 Object Detectors:

• High-complexity model: YOLOv4

• Low-complexity model: Tiny YOLOv4

4.3.2 Object Trackers:

• High-complexity model: SORT

• Low-complexity model: KIOU

4.3.3 Data Compression Algorithm:

• HEVC-based Adaptive Block Matching

4.3.4 Evaluation Metrics:

• Higher Order Tracking Accuracy (HOTA)

4.3.5 Dataset:

• MIO-TCD [96] and AI City Challenge 2021
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4.3.1 Object Detectors
In this work, we utilized two object detectors: YOLOv4 [19] and Tiny
YOLOv4 [58]. YOLOv4 is denoted as the high-complexity object detec-
tor and Tiny YOLOv4 as the low-complexity counter part. At the time of
this work, YOLOv4 was the latest iteration in the "You Only Look Once"
series available on the Ultralytics open-source library1.

You Only Look Once (YOLO) has been a state-of-the-art single-stage detec-
tor [97]. As its name implies, the entire frame is analyzed in a single eval-
uation, enabling faster inference and real-time performance. The Tiny ver-
sion follows the same principles but with a significantly reduced network
size. It scales down the number of convolutional layers in the backbone
and reduces the number of anchor boxes, resulting in quicker inference
but generally lower accuracy.

4.3.2 Object Trackers
In this work, we utilized two object trackers: Kalman intersection-over-
union (KIOU) [98] and Simple Online and Realtime Tracking (SORT) [99].
KIOU is denoted as the low-complexity object tracker and SORT as the
high-complexity counter part.

The role of an object tracker is to associate the object detections with the
same identities over successive frames. We first considered IOU tracker
[98], a very simple algorithm that relies on the assumption that detections
of an object highly overlap on successive frames, resulting in a high In-
tersection Over Union (IOU) score. Although this is true for high refresh-
rate video sequences, this is less the case for videos from traffic surveil-
lance cameras, which run at lower refresh-rates and where vehicles travel
a larger distance between two frames. To address this constraint, we chose
the Kalman-IOU tracker (KIOU) instead, where a Kalman filter is added to
better estimate object location and speed. This filter also lets you retain a
history of the objects and re-identify them in case of missing detections. It
was slightly adapted in order to work in an online tracking context, i.e., to
work simultaneously with the detector.

1https://github.com/ultralytics/ultralytics
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We then considered Simple Online and Realtime Tracking (SORT) [99].
This algorithm also includes a Kalman filter to predict existing targets’ lo-
cations. It computes an assignment cost matrix between those predictions
and the provided detections on the current frame using the IOU distance
and then solves it optimally using the Hungarian algorithm. Both trackers
are localization-based trackers as they use a fast statistical approach based
on localization of bounding boxes.

4.3.3 Data Compression Algorithm
For this work we developed our own open-source generic adaptive block
matching algorithm2 inspired by the works of [100, 101]. Our algorithm is
a simplified version of the block matching techniques used in widespread
inter-frame compression formats such as HEVC, VVC and VP9 [49–51].
The simplified adaptive block matching algorithm used is shown in Algo-
rithm 4.

The algorithm operates on two consecutive images, denoted as It and im-
age It+1. It requires three key parameters: the maximum block size, the
minimum block size, and a sensitivity threshold.

Initially, motion vectors are computed for the largest possible blocks. A
motion vector represents the movement of a block of pixels from one frame
to another, indicating the direction and distance the block has shifted. The
algorithm processes each motion vector sequentially from left to right and
top to bottom, evaluating the neighboring blocks. If the absolute difference
between a motion vector and the average of its neighbors exceeds the sen-
sitivity threshold, the block undergoes splitting. This involves dividing the
block into four smaller blocks, and the process continues recursively until
the smallest block size is achieved. If the difference does not exceed the
threshold, the motion vector is accepted as final. These finalized motion
vectors are employed to perform motion compensation on image It, gen-
erating a prediction I′t+1. The predicted image I′t+1 is then subtracted from
the actual image It+1, resulting in the prediction error, i.e. residual frame.

A sample of the adaptive block matching map and residual frames, gener-
ated from two consecutive raw frames, are shown in Figure 4.4.

2https://github.com/JonathanSamelson/ResidualsTracking
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Algorithm 4 Simplified Adaptive Block Matching Algorithm

Definitions:
1: Bmax: Maximum block size
2: Bmin: Minimum block size
3: τ: Calibrated sensitivity threshold
4: It: Image at time t
5: I′t : Predicted image at time t
6: v(b): Motion vector associated with block b
7: V: Set of all motion vectors
8: RSt: Residual frames between t and t + 1

Procedure:
// Initialize block sizes and sensitivity threshold

9: Initialize Bmax, Bmin and τ
// Compute block count

10: Compute block_count by dividing It into blocks of size Bmax
// Process each block

11: for each block b in block_count do
// Compute V by adaptive block matching

12: Compare b in It and It+1 to compute v(b)
13: Compute average vavg of neighboring blocks
14: if |v(b)− vavg| > τ and size(b) > Bmin then
15: Split b into 4 sub-blocks {b1, b2, b3, b4}
16: Recursively process each sub-block bi with the same criteria
17: else
18: Confirm v(b)
19: Store v(b) in V
20: end if
21: end for

// Apply motion compensation and generate residual frames
22: Generate I′t+1 by applying V to It
23: RSt = I′t+1 - It+1

Parameter Initialization Settings
• Bmax = 128x128

• Bmin = 8x8

• τ is calibrated per camera in each experiment
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(C)

(D)

(A)

(B)

Fig. 4.4 Samples of two consecutive raw frames at time t (A) and t+ 1 (B),
along with the adaptive block matching map (C) and the resulting residual
frames (D).

4.3.4 Evaluation Metrics

In this work, we use the Higher Order Tracking Accuracy (HOTA) as our
evaluation metric [102]. This metric was used to assess the performance
of our detector/tracker combinations on the multi-object tracking task.
HOTA allows to measure the performance of the both object detection and
object tracking in a single metric. The HOTA metric was preferred to the
classic Multiple Object Tracking Accuracy (MOTA) [103] metric because
the latter is biased towards detection performance.
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The HOTA score is computed by means of two sub-metrics that can also
be used for deeper analysis. The matching is done at the detection level in
each frame based on the similarity score. It divides the task of evaluating
tracking into two main subtasks: Detection and Association.

Detection

Detection measures alignment between predicted and ground-truth detec-
tions using Intersection over Union. A localization threshold (e.g., IoU
> 0.5) determines overlap. The Hungarian algorithm assigns one-to-one
matches, identifying True Positives (TP). Unmatched predictions are False
Positives (FP), and unmatched ground truths are False Negatives (FN). We
can measure the overall Detection Accuracy (DetA) by calculating the Det-
IoU using the count of TPs, FNs, and FPs over the whole dataset:

DetA = Det-IoU =
|TP|

|TP|+ |FN|+ |FP| (4.1)

Additionally, Detection Recall and Detection Precision are useful for anal-
ysis. Detection Recall indicates how many true positives were correctly
identified, while Detection Precision shows how many of the true positives
were correct.

DetRe =
|TP|

|TP|+ |FN| (4.2)

DetPr =
|TP|

|TP|+ |FP| (4.3)

Association

Association evaluates how effectively a tracker connects detections across
time into consistent identities, based on a set of ground-truth identity links.
This is measured by comparing a predicted detection with its ground-truth
counterpart, using Hungarian matching. The alignment between the pre-
dicted and ground-truth tracks is expressed as an IoU. The overlap be-
tween two tracks is defined by the number of True Positive Associations
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(TPA). Detections in the predicted track that don’t match the ground-truth
are False Positive Associations (FPA), and unmatched detections in the
ground-truth track are False Negative Associations (FNA). The Associa-
tion IoU (Ass-IoU) is calculated as follows:

Ass-IoU =
|TPA|

|TPA|+ |FNA|+ |FPA| (4.4)

Overall Association Accuracy (AssA) is determined by averaging the Ass-
IoU across all matched detection pairs in the dataset.

AssA =
1
|TP| ∑

c∈TP

|TPA(c)|
|TPA(c)|+ |FNA(c)|+ |FPA(c)| (4.5)

Additionally, Association Recall and Association Precision are useful for
analysis. Association Recall indicates how many true positive associations
were correctly identified, while Association Precision shows how many of
the identified associations were correct.

AssRe =
1
|TPA| ∑

c∈TP

|TPA(c)|
|TPA(c)|+ |FPA(c)| (4.6)

AssPr =
1
|TP| ∑

c∈TP

|TPA(c)|
|TPA(c)|+ |FNA(c)| (4.7)

HOTA

The final HOTA score can be computed the geometric mean of the detec-
tion and the association scores. The use of the geometric mean for combin-
ing detection and association ensures that both are evenly weighted in the
final score:

HOTA =
√

DetA ·AssA (4.8)
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4.3.5 Datasets
For the raw frames, the MIO-TCD Localization dataset [96] was used to
train the detectors for raw frames. This public dataset acquired 140,000
annotated images captured at different times of the day and periods of the
year by 8,000 traffic cameras deployed over North America. We then fine-
tuned the detection models on AICity Challenge 2021 Track1 [104, 105]. In
this work, all predictions were grouped into a single mobile object class to
match the residual frames’ annotations.

We then applied our compression algorithm on video sequences from AIC-
ity Challenge 2021 Track 1 [104, 105] to obtain the residual frames dataset.
We then trained our detection models this dataset. For this purpose, we
manually annotated 14,000 residual frames from six different points of
view to make it appropriate for training. Indeed, there are some visibility
discrepancies between raw and residual frames so all annotation needed to
be adjusted. The latter representation relies on movement in the observed
scene, leading to stationary vehicles often not being visible. The model
weight are made publicly available 3.

For the test set, we used AICity Challenge 2021 Track 3 [104, 106]. We se-
lected two full HD video sequences (recorded at 10 frames per second), re-
sulting in a total of 10,000 frames to test the performance of the two frame-
works. All ground-truths with vehicle IDs are provided.

Note: Additional Dataset Information

The AICity Challenge 2021 targets multi-camera tracking. There-
fore, only objects that travel across at least two cameras were anno-
tated. Also, vehicles whose bounding boxes were smaller than 1,000
square pixels (smaller than 0.05% of the native resolution) were not
annotated. To keep a fair comparison, predictions smaller than this
threshold were also removed. Otherwise, detectors would have been
wrongly penalized, since they are capable of detecting further objects
resulting in false positives.

3https://github.com/JonathanSamelson/ResidualsTracking
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4.4 Results

4.4.1 Experiment 1: Simple Traffic Monitoring Scene Analysis

The objective of Experiment 1 was to demonstrate the advantages of using
residual frames in traffic monitoring. We evaluated both the baseline and
proposed frameworks using footage from the street shown in Figure 4.5.
The dataset consisted of 4,000 frames captured at 10 frames per second.
We assessed the performance using the HOTA metric and its sub-metrics.
The detailed results are presented in Table 4.1.

In terms of the HOTA metric, the proposed framework achieved a score
of 38.97%, compared to 31.13% for the baseline. For the DetA sub-metric,
the score was 37.87% with residual frames, versus 27.85% with raw frames.
Regarding the AssA sub-metric, residual frames yielded a score of 40.33%,
while raw frames resulted in 34.95%.

Overall, the HOTA score improved by over 7.5% with residual frames. This
improvement is mainly due to the DetA sub-metric, which showed a differ-
ence of more than 10%. The enhancement is attributed to higher detection
recall (DetRe), as the movement of vehicles makes them more visible in
residual frames, and improved precision (DetPr) due to fewer false pos-
itives. Additionally, the association accuracy (AssA) was over 5% better
with residual frames. The camera’s proximity to the ground made it chal-
lenging to distinguish distant vehicles, which explains the generally lower
scores for the tracking performances.

Table 4.1 Results of Experiment 1 (simple scene) for proposed versus
baseline frameworks evaluated with HOTA metric and sub-metrics. Bold
values highlight the overall HOTA scores and the underlined values show
the best scores for each metric between the two frameworks.

Evaluation Metric

Framework Detector/Tracker HOTA DetA DetRe DetPr AssA AssRe AssPr

Baseline TinyYOLOv4/KIOU 31.13 27.85 44.93 32.85 34.95 41.76 49.12
Proposed YOLOv4/SORT 38.97 37.87 50.67 46.86 40.33 50.25 55.18

∆ / +7.84 +10.02 +5.74 +14.01 +5.38 +8.49 +6.06
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4.4.2 Experiment 2: Complex Traffic Monitoring Scene Analysis
The aim of Experiment 2 is to demonstrate that a network trained and
tested on residual frames can perform comparably to a network using raw
frames, even in complex scenes. Both frameworks were evaluated using
footage of an intersection, as depicted in Figure 4.6. The dataset consisted
of 6,000 frames captured by three cameras at 10 frames per second. We
assessed the performance using the HOTA metric and its sub-metrics. The
results are detailed in Table 4.2.

The HOTA score was 37.47% for residual frames, compared to 40.35% for
raw frames. Specifically, for the DetA sub-metric, residual frames scored
32.96% versus 34% for raw frames. The AssA sub-metric showed a score
of 44.79% for residual frames, while raw frames achieved 49.75%.

Overall, the HOTA score was nearly 3% higher with raw frames. This dis-
crepancy primarily arises from the AssA sub-metric, which showed a 5%
difference, largely due to the association recall (AssRe). AssRe measures
how object tracks are split into multiple tracks, which is affected by traffic
light stop lines. In residual frames, stationary vehicles temporarily dis-
appear because these frames rely on motion vectors from block matching.
Consequently, vehicles are assigned new IDs when they move again. In
contrast, the DetA sub-score showed only a 1% difference. The detection
recall (DetRe) is impacted by stop lines, affecting the completeness of de-
tections. However, this is offset by higher detection precision (DetPr) in
residual frames, resulting in fewer false positives due to effective back-
ground suppression.

Table 4.2 Results of Experiment 2 (complex scene) for proposed versus
baseline frameworks evaluated with HOTA metric and sub-metrics. Bold
values highlight the overall HOTA scores and the underlined values show
the best scores for each metric between the two frameworks.

Evaluation Metric

Framework Detector/Tracker HOTA DetA DetRe DetPr AssA AssRe AssPr

Baseline TinyYOLOv4/KIOU 40.35 34.00 62.77 36.22 49.75 63.93 60.78
Proposed YOLOv4/SORT 37.47 32.96 42.37 47.43 44.79 57.14 61.30

∆ / -2.88 -1.04 -20.40 +11.21 -4.96 -6.79 +0.52
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(B)(A)

Fig. 4.5 Visual results on residual frames (A) versus raw frames (B) in
Experiment 1. White bounding boxes represent the ground truth annota-
tions, colored boxes represent the detections together with their respective
IDs and confidence score.

(B)(A)

Fig. 4.6 Visual results on residual frames (A) versus raw frames (B) in
Experiment 2. White bounding boxes represent the ground truth annota-
tions, colored boxes represent the detections together with their respective
IDs and confidence score.
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4.5 Discussion

4.5.1 Raw frames versus Residual Frames
We tested different sequence snippets from the AI City Challenge 2021
to analyze discrepancies in object detection performance between resid-
ual and raw frames. This analysis helped identify scenarios where using
residual frames might be beneficial or not recommended for deployment.

The first observation is illustrated in Figure 4.7, highlighting both advan-
tages and disadvantages of using residual frames. Residual frames can
cause detection mergers due to uniform color distribution. However, they
also provide image smoothing, which helps reduce false positives that
deep learning models might predict due to confusing shapes or colors. Ad-
ditionally, residual frames can enhance the clarity of moving objects by re-
ducing background noise.

Furthermore, Figure 4.8 demonstrates another advantage of residual frame
representation. It effectively handles backgrounds with detectable but ir-
relevant objects, like a full parking lot. This capability is particularly bene-
ficial in dynamic environments where static objects are not of interest.

Another observation is depicted in Figure 4.9. In scenarios with continu-
ously interrupted traffic flow due to traffic lights, compression codecs rely
on movement to create residual frames, causing stationary objects to not
appear. Nonetheless, residual frames still allow for counting vehicles en-
tering or exiting intersections for statistical purposes.

In summary, in complex scenes, the frequent interruption of targets re-
duces the advantages of residual frames’ background subtraction. Con-
versely, in simpler scenes with uninterrupted traffic flow, the drawbacks
of residual frames are minimized, enhancing the benefits of background
subtraction. Therefore, for object tracking, the choice of image represen-
tation should be based on the complexity of the scene under evaluation.
Ultimately, understanding the specific needs of the application can guide
the decision on whether residual frames are appropriate.
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(B)(A)

Fig. 4.7 Visual results on residual frames (A) versus raw frames (B)
showing false positives in the background and foreground of the raw
frame and detection mergers in the residual frame.

(B)(A)

Fig. 4.8 Visual results on residual frames (A) versus raw frames (B)
showing a parking with irrelevant cars in the background.

(B)(A)

Fig. 4.9 Visual results on residual frames (A) versus raw frames (B)
showing false negatives in residual frames when cars are stopped.
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4.5.2 Impact of Object Tracker
In terms of framework complexity, the difference between the object detec-
tors (YOLOv4 and Tiny YOLO) is significantly greater than the difference
between the two trackers (KIOU and SORT). The complexity gap between
these detectors is substantial due to the difference in architecture depth.
YOLOv4 has around 64 million parameters, making it a complex model
designed for high accuracy and detailed object detection. In contrast, Tiny
YOLO, with about 6 million parameters, is optimized for speed to be de-
ployed on lightweight micro-controllers. On the other hand, KIOU and
SORT can both be considered lightweight tracking algorithms in their re-
spect. We conducted additional experiments by swapping the tracking al-
gorithms between the frameworks. The goal was to analyze the impact of
different object trackers and observe any variations compared to the results
from Experiments 1 and 2. Given their minimal difference in complexity,
this could be a feasible option for deployment.

The results for Experiment 1 and Experiment 2 with the swapped trackers
are shown in Tables 4.3 and 4.4, respectively. We observe that the trends re-
main consistent with previous experiments: residual frames perform better
in simple scenarios, while complex scenarios still favor raw frames. How-
ever, the advantage of residual frames has diminished, as illustrated in
Figure 4.10. The HOTA metric decreased from 7.84% in favor of residual
frames to just 3.34% in Experiment 1. In Experiment 2, it shifted from a
2.88% advantage for raw frames to 5.01%. The main difference in HOTA
scores before and after tracker swapping is due to the impact on Associa-
tion scores, with performance drops of around 9% in both experiments.

Table 4.3 Results of Experiment 1 (simple scene) for proposed versus
baseline frameworks when swapping the tracking algorithm, evaluated
with HOTA metric and sub-metrics. Bold values highlight the overall
HOTA scores and the underlined values show the best scores for each met-
ric between the two frameworks.

Evaluation Metric

Framework Detector/Tracker HOTA DetA DetRe DetPr AssA AssRe AssPr

Baseline TinyYOLOv4/SORT 32.23 27.69 44.09 32.93 37.69 45.29 48.78
Proposed YOLOv4/KIOU 35.57 37.96 51.11 46.60 33.60 41.15 54.92

∆ / +3.34 +10.27 +7.02 +13.67 -4.09 -4.14 +6.14
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Table 4.4 Results of Experiment 2 (complex scene) for proposed ver-
sus baseline frameworks when swapping the tracking algorithm, evalu-
ated with HOTA metric and sub-metrics. Bold values highlight the overall
HOTA scores and the underlined values show the best scores for each met-
ric between the two frameworks.

Evaluation Metric

Framework Detector/Tracker HOTA DetA DetRe DetPr AssA AssRe AssPr

Baseline TinyYOLOv4/SORT 41.29 33.38 61.06 35.92 52.95 66.86 60.49
Proposed YOLOv4/KIOU 36.28 34.04 44.24 47.83 39.95 51.11 60.89

∆ / -5.01 +0.66 -16.82 +11.91 -13.00 -15.75 +0.40
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Experiment 1
 (simple scene)

Unswapped Tracker
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Baseline Framework Proposed Framework
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Experiment 2
 (complex scene)

Fig. 4.10 Results on both frameworks for both experiments when swap-
ping the tracking algorithms.
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4.6 Limitations

4.6.1 Parameter Choices
We opted to use the same parameters for all video sequences for the detec-
tors and trackers. We decided to set parameters that worked well for all
sequences because optimizing parameters for each one would have been
arbitrary and could lead to biased results. We used consistent initialization
parameters for the adaptive block matching algorithm across all training
and test sequences. However, the sensitivity threshold τ was calibrated
for each sequence based on camera placement to account for variations in
motion vector norms.

4.6.2 Model Training
Our detector for raw frames was trained using two datasets: MIO-TCD
and the AI City Challenge. Despite being trained on these datasets, the
detectors demonstrated strong generalization capabilities on other video
sequences. Even though the detectors for residual frames were trained on
AICity footage alone, there is less need for variety in the observed scene to
obtain a generic model given the simple appearance of the moving objects
in the residual representation.

4.6.3 Dataset Annotations
An important external factor that impacted our results was the AICity an-
notations. The fact that vehicles have to travel across at least two cam-
eras to be annotated results in missing ground truths for vehicles passing
in front of a single camera. Moreover, to ensure full coverage of the ve-
hicles, these ground truths were annotated larger than normal. Further-
more, only annotations larger than two-thirds of the visible vehicle bodies
were kept [104, 106]. These factors affected the HOTA scores across all se-
quences, but since they applied consistently to both types of detectors, they
did not affect our comparative analysis.
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4.7 Conclusion

4.7.1 Summary
This work introduces a new framework for managing video surveillance
systems. By using compressed domain residuals and analyzing them with
larger models on the server side, instead of processing raw frames on edge
devices with lightweight models, we enhance object detection and tracking
performance while maintaining system scalability. This work presents two
key contributions:

Contribution C

A high-complexity network trained and tested on residual frames
can outperform a low-complexity network trained and tested on

raw frames in simple scenes.

Contribution D

A high-complexity network working with residual frames can
compete with a low-complexity network trained and tested on raw

frames, even in complex scenes.

The proposed framework improves detection accuracy by nearly 8% over
the baseline in simple scenes when using a combined detection and track-
ing evaluation metric. It remains competitive in complex scenes with less
than a 3% performance decrease.

These results quantitatively demonstrate that the proposed framework is
suitable for deployment in basic urban surveillance tasks. These tasks,
such as vehicle counting and identifying wrong-way driving violations,
are indeed easily detectable in simple environments. It should be worth
noting as well that this is the first work to provide publicly available weights
for training and testing deep learning models using compressed domain
residual frames 4.

4https://github.com/JonathanSamelson/ResidualsTracking
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4.7.2 Perspectives
Several promising directions for future work could enhance the validation
and applicability of our current results. The migration of the detection
model within our proposed framework to a computationally robust cen-
tral server opens avenues for further exploration with larger and more so-
phisticated object detection models and trackers. By integrating these ad-
vanced models, we anticipate a substantial increase HOTA performance,
thereby widening the performance gap from the baseline framework.

Moreover, an intriguing research path involves the implementation of resid-
ual frames for object detection under night time conditions [107] as resid-
ual frames provide an increased resilience to variations in illumination and
color compared to raw frames. This intrinsic robustness could be piv-
otal in improving night-time surveillance accuracy, offering a more con-
sistent tracking performance despite challenging lighting conditions. Fur-
thermore, employing residual frames necessitates a comprehensive scala-
bility study to assess the bandwidth implications of processing multiple
streams concurrently, ensuring that the system remains efficient and cost-
effective [108–110].

Overall, while further work is needed to strengthen our claims of a more
efficient video surveillance model deployment system, this work affirma-
tively answers Research Question 2 and is to be seen as an encouraging
step towards using compressed domain representations in deep learning-
based video analysis.

92 |



Chapter Supplementary Materials | 4.8

4.8 Chapter Supplementary Materials

4.8.1 Discussion on Privacy-Friendliness of Residual Frames
Residual frames provide benefits beyond data compression and analysis;
they also have the potential to provide a certain level of data privacy.

Related work tackles the challenge of combining data compression and
data privacy. Researchers have attempted to simplify the problem by propos-
ing to exclude specific features from frames as a binary decision. A transform-
domain image scrambling method for privacy-friendly video surveillance
demonstrated that it is possible to scramble a frame’s region of interest
(ROI) to hide critical information in the observed scene [111]. Other works
have developed custom license plate and facial recognition software to en-
crypt specific ROIs before encoding and sending out the video sequence
[112]. While these works are interesting, they do not address the main
issues related to data privacy: "Defining a clear evaluation metric for mea-
suring data privacy is quite challenging". Additionally, every country has
different thresholds for the amount of information that may be leaked from
video surveillance footage. In the European Union, the General Data Pro-
tection Regulation (GDPR) ensures individuals’ right to access any infor-
mation held about them, including CCTV footage [113]. It is extremely
challenging to guarantee with 100% accuracy that an image, regardless of
its representation, does not reveal any private information about individu-
als in the visual scene.

All in all, although residual frames help filter information by removing
backgrounds and distorting foregrounds, guaranteeing complete privacy
is challenging. Our method does not ensure that no private information is
revealed. It provides a mean to ensure with high probability that a targeted
identification would be unsuccessful.
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5
Hybrid Framework using
Scalable Codestream for

Bandwidth-Restricted
Object Detection in

Remote Sensing

Preliminary Note:

This chapter expands on conference proceedings [3], studying the
integration of hybrid detection framework in bandwidth-restricted
UAV object detection.

Before starting the chapter, readers are encouraged to familiarize
themselves with the following basic principles in Section 2: JPEG
2000 compression (2.1.1) and YOLO object detection (2.2.2).
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5.1 Introduction

5.1.1 Motivation

Unmanned Aerial Vehicles (UAVs) have become an integral part of emer-
gency response operations. These devices offer crucial real-time visual in-
formation, which significantly enhances capabilities in disaster-stricken ar-
eas. UAVs are instrumental in conducting damage assessments, detecting
hazards, and facilitating search and rescue missions [114, 115]. By provid-
ing an aerial perspective, UAVs enable responders to quickly evaluate the
situation and allocate resources more efficiently.

A significant advancement in utilizing UAV data is the implementation of
hybrid detection methods. Hybrid detection enhances the accuracy and
reliability of data interpretation, which is vital in the complex and often
chaotic environments of emergency situations. This method combines au-
tomated deep learning-based object detection with human expertise. Ini-
tially, deep learning algorithms analyze data to identify objects and pat-
terns. Human annotators then review and refine these results, focusing on
areas where the automated system is uncertain or may have made errors.
This collaboration between machines and humans aims to streamline the
annotation process, achieving two critical objectives: (1) Allowing first re-
sponders to make fast and accurate decisions and (2) Saving human expert
annotators’ valuable time during emergencies.

Despite these advantages, the efficacy of hybrid detection frameworks is
heavily reliant on reliable data transmission. In emergency scenarios, sev-
eral factors can impede this transmission. Limited bandwidth, for exam-
ple, can constrain the amount of data that can be sent from UAVs to ground
stations. Additionally, physical obstacles or damage to infrastructure can
disrupt the line of sight necessary for communication, leading to delays in
data reception and processing.

To address these challenges, employing a scalable compression algorithm
such JPEG 2000 can be highly effective. In bandwidth constrained scenar-
ios, JPEG 2000’s scalability allows for efficient data transmission by en-
abling multiresolution access to specific regions of interest [52–54]. This
capability ensures the streamlining of the transmission process, enhancing
the overall decision making ability of first responders.
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This has prompted us to raise "Research Question 3":

Research Question 3

Can we exploit the flexibility of the compression
codestream to streamline a hybrid detection process?

5.1.2 Contribution
In this work, we present a streamlined hybrid detection framework for
UAV object detection in bandwidth-restricted environments. Our approach
integrates the JPEG 2000 compression algorithm within a hybrid detection
workflow.

Initially, a deep learning network, fine-tuned for low-resolution images, is
employed for an initial labeling step on the low-resolution mega-images,
minimizing computational demands while maintaining accuracy. For de-
tailed examination, the scalability of the JPEG 2000 codestream is utilized
to selectively enhance these regions at high resolution with the remaining
bandwidth budget. This subsequent step enables human experts to focus
on critical areas with high-resolution details.

By integrating deep learning for initial analysis with JPEG 2000 for selec-
tive enhancement, the framework enhances decision speed and detection
accuracy, making it suitable for complex image labeling tasks in emergency
response scenarios with limited computational resources. In this work we
show that:

Contribution E

Fine-tuning a deep learning network for object detection on
low-resolution images remains effective while providing fast

information access.

Contribution F

By utilizing scenario-specific constraints and the scalable
codestream, the proposed hybrid framework can significantly

reduce emergency response time.
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Quantitatively we observe that the proposed framework can reduce the
response time by a factor 1.5 up to 33 compared to a baseline approach
in time critical missions while maintain good detection recall. Sample re-
sults highlighting the benefits of the proposed framework under various
scenario-specific constraints are shown in Figure 5.1.
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Fig. 5.1 Sample results illustrating the benefits of the proposed stream-
lined framework under low-bandwidth constraints compared to a conven-
tional baseline. The mission transmission times are 3, 10, and 30 minutes,
with a data rate of 88 kbps using Iridium Certus 100.

5.1.3 Chapter Organization
The chapter is structured as follows: We first related work addressing sim-
ilar challenges. We then outline the methods, including the baseline and
proposed frameworks, and the experiments used for validation. Next, we
describe the materials used, covering the object detector, the data com-
pression algorithm, dataset and evaluation metrics. We then present and
discuss the results. Following this, we discuss the limitations of the pro-
posed hybrid framework. Finally, we conclude by addressing "Research
Question 3" and discussing perspectives.
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5.2 Related Works

In order to categorize the contribution of each of the related works, we
define the following four research challenges:

(I) High-resolution image compression

(II) Deep learning-based object detection

(III) Hybrid detection

(IV) Applicability to bandwidth-restricted UAV scenarios

We focus on contributions that address at least two of the four challenges.
To the best of our knowledge, the proposed streamlined hybrid detection
framework using scalable codestream for bandwidth-restricted UAV ob-
ject detection is the first contribution to offer a comprehensive solution to
all four challenges. Table 5.1 provides a summarized comparison of the
related works as per the aforementioned challenges.

5.2.1 Related works merging (I) and (IV):
Zhou et al. [35] present a comprehensive review of remote sensing im-
age compression algorithms. They highlight the JPEG 2000 codec’s abil-
ity to achieve high compression ratios without significant loss of image
quality which is crucial for efficient transmission of high-resolution im-
ages in limited bandwidth scenarios. Indradjad et al. [116] compare four
wavelet-based methods for compressing satellite imagery. They show that
JPEG 2000 delivers better image quality than other wavelet-based codecs
at lower bit rates. Descampe et al. [53] highlight the potential of the JPEG
2000 codestream for use in remote settings. Building on their previous
work on coarse-to-fine texture retrieval [54], they propose a feature ex-
tractor that enables effective classification using a traditional, non-deep
learning-based, cascaded classifier, avoiding the need for full decompres-
sion of the codestream.

5.2.2 Related works merging (I) and (II):
Ehrlich et al. [117] introduce a self-supervised artifact correction approach
that improves object detection accuracy on JPEG images. Ghazvinian Zan-
jani et al. [42] establish that deep learning models can accurately identify
metastatic cancer in JPEG 2000 compressed histopathological images. El

| 99



5 | Hybrid Framework using Scalable Codestream for
Bandwidth-Restricted Object Detection in Remote Sensing

Khoury et al. [1,4] show that fine-tuning a 3D U-Net improves its ability to
handle JPEG 2000 compression artifacts while maintaining precise organ
detection and segmentation on radiotherapy scans. Marie et al. [40] eval-
uate the impact of different image compression parameters on deep-based
semantic segmentation. They show that image resolution is the most criti-
cal parameter for an optimal compression rate-to-accuracy trade-off.

5.2.3 Related works merging (I), (II) and (IV):
Zhang et al. [43] develop a deep learning-based mechanism for UAV-aided
networks that compresses media data into constant-sized latent codes for
efficient real-time transmission, successfully maintaining the quality of vi-
sual data for small objects despite bandwidth constraints and compression
artifacts. However, their proposed system relies on having uninterrupted
line-of-sight communication which limits its applicability in obstructed en-
vironments. Preethy Byju et al. [44, 45] design a deep learning framework
for efficiently classifying scenes in JPEG 2000 compressed remote-sensing
images, which balances computational efficiency with detection accuracy.
Given that they work on UAV scenarios with large compressed data repos-
itories, their contribution is not tailored for real-time use. Both contribu-
tions do not work within a hybrid detection framework.

5.2.4 Related works merging (II), (III) and (IV):
Kellenberger et al. [118] present an active learning method that requires
limited labeled data from human annotators to improve animal detection
in UAV imagery. Yamani et al. [119] introduce a single-stage object de-
tection active learning framework for UAV imagery that minimizes anno-
tation expenses through an innovative uncertainty aggregation technique
while mitigating class imbalance. Both contributions do not consider the
image compression requirements imposed by low-bandwidth constraints.

Table 5.1 Comparison of related works considering four challenges: (I)
High-resolution compression, (II) Deep learning object detection, (III) Hy-
brid detection, (IV) Applicability to bandwidth restricted UAV scenarios.

[1] [4] [35] [40] [42] [43] [44] [45] [53] [54] [116] [117] [118] [119] Ours
(I) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
(II) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
(III) ✓ ✓ ✓
(IV) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
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5.3 Methods

Methods | Table Of Content

5.3.1 Baseline Hybrid Detection Framework

5.3.2 Proposed Hybrid Detection Framework
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Fig. 5.2 Block diagram of the baseline hybrid detection framework.

The baseline framework aims to emulate the standard hybrid detection ap-
proach used by UAVs in emergency situations. Figure 5.2 illustrates a block
diagram of the framework. A step-by-step pseudo-code of the baseline hy-
brid detection framework is presented in Algorithm 5.
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The basic working principles of the baseline framework are described as
follows. The framework takes as input a high-resolution still image (IHR),
a predefined high-resolution level (HR), the high-resolution tile size for
the JPEG 2000 encoding (SIZE(THR)), and a predetermined human anno-
tation budget (|N |), which represents how many tiles a human annotator
can afford to annotate in time-limited situations. The first step involves
calculating the total number of tiles (|M |) in IHR. The high-resolution tiles
(THR) from IHR are then encoded using JPEG 2000 and sent via a lossless
communication channel to the ground station.

The tiles are then decoded and processed by a deep learning model to pro-
duce preliminary labels. The indexer block, detailed in Algorithm 6, pro-
cesses the resultant labels, made up of the bounding boxes (BBDL) and their
confidence scores (CSDL). It identifies a set of tiles that require inspection
by a human expert annotator and stores their indices (N ). We employed a
simple Least Confidence tile selection strategy for human annotation within
the indexer block of both the baseline and the proposed framework.

The framework then calls the extractor block, detailed in Algorithm 7, to
process the JPEG 2000 scalable codestream and extracts the specific N

tiles in high resolution. The N selected tiles (THR
n ) are then annotated by

the human expert. The resultant bounding boxes (BBHUM) and confidence
scores (CSHUM) are sent out along with the deep learning labels (BBDL,
CSDL) to the decision-making unit where critical decisions are taken to re-
spond to emergency situations.

Essentially, the main limitation of the baseline framework is due to
its constant transmission of high-resolution tiles from the UAV to
the ground station, regardless of the scenario-specific constraints.
This becomes problematic when data rates and time demands
are low, thereby impeding the framework’s effectiveness in time-
sensitive situations.
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Baseline Framework Main Function

Algorithm 5 Baseline Framework Pseudocode

Definitions:
1: IHR: High-resolution still image
2: SIZE(THR): High-resolution tile size
3: N : Set of tile indices selected for human annotation
4: M : Set of all tile indices in the high-resolution image IHR.
5: BB, CS: Bounding Boxes, Confidence Scores

Functions:
6: J2K(): JPEG 2000 encoding
7: TR(): Lossless UAV-to-ground station transmission channel
8: DL(): Deep Learning Detector
9: HUM(): Human Annotator

10: EXT(): Tile extractor from JPEG 2000 codestream
11: IND(): Tile index selector from human annotation

Require: IHR, HR, SIZE(THR), |N |
Procedure:

// Get number of tiles
12: |M | ← SIZE(IHR)/SIZE(THR)

// Encode all tiles using JPEG 2000
13:

⋃
m

THR
m .J2K← J2K(IHR, M ) , where M = {1, ..., |M |}

// Send tiles via channel
14:

⋃
m

THR
m .J2K← TR(

⋃
m

THR
m .J2K)

// Decode all tiles using JPEG 2000
15:

⋃
m

THR
m ← J2K−1(

⋃
m

THR
m .J2K, M )

// Label high-resolution tiles using deep learning model
16: BBDL, CSDL ← DL(

⋃
m

THR
m , M , HR)

// Spot indices of tiles that need human annotation
17: N ← IND(BBDL, CSDL, |N |)

// Extract chosen tiles from JPEG 2000
18:

⋃
n

THR
n .J2K← EXT(

⋃
m

THR
m .J2K, N , HR)

// Decode chosen high-resolution tiles using JPEG 2000
19:

⋃
n

THR
n ← J2K−1(

⋃
n

THR
n .J2K, N )

// Annotate chosen tiles by human annotator
20: BBHUM, CSHUM ← HUM(

⋃
n

THR
n , N )

// Make decision based on hybrid labels
21: Decision← BBHUM, CSHUM, BBDL, CSDL
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Baseline Framework Sub-functions

Algorithm 6 Detailed Indexer Block

Additional Definitions:
1: X : Temporary set of tile indices selected for human annotation

Function: IND(BB, CS, |N |)
Sort BB with respect to CS values in ascending order*

2: i← 0
3: X ← ∅
4: while i < |N | do
5: X .append(BB[i])
6: i← i + 1
7: N ← X
8: return N

* Employ a Least Confident tile selection strategy where we prioritize the tile that contain
the objects where the deep learning detector provides the lowest confidence score.

Algorithm 7 Detailed Extractor Block

Function: EXT(
⋃
m

THR
m .J2K, N , R)

1: for each n ∈ N do
2: Extract TR

n from
⋃
m

THR
m .J2K at resolution R

3: return
⋃
n

TR
n .J2K

5.3.2 Proposed Streamlined Hybrid Detection Framework
The objective of the proposed framework is to ensure that the decision-
making process is rapid and reliable, meeting the critical needs of emer-
gency response operations. To achieve this objective, we propose to modify
the baseline framework by streamlining the hybrid detection process to re-
duce the overall bandwidth consumption of the system. Figure 5.3 presents
a block diagram of the proposed streamlined hybrid detection framework,
highlighting the main differences with the baseline framework. A step-by-
step pseudo-code of the proposed framework is shown in Algorithm 8.

The streamlining process is achieved by implementing four improvements
to the baseline framework:
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(1) We define a budget calculator block, detailed in Algorithm 9, that takes
into account two scenario-specific inputs, the transmission time limit
(tTRlimit) and available data rate (data_rate) from the UAV, as well as the
predetermined resolution levels (Rlvls) of the JPEG 2000 encoding. The
budget calculator block then determines the highest resolution available
(LR) at which we can send our images and sets the human annotation
budget (|N |) with the remaining bandwidth budget.

(2) We fine-tune a deep learning model on low-resolution images to main-
tain high detection performance at the initial labeling step.

(3) We exploit the JPEG 2000 scalable codestream by utilizing the tile ex-
traction process at the UAV level, instead of at the ground station level,
for both low-resolution and high-resolution tile extraction.

(4) We reroute the framework to ensure that only the tiles selected for hu-
man annotation are sent in high-resolution, effectively reducing the
overall bandwidth consumption of the framework.

Essentially, the proposed framework utilizes JPEG 2000’s scalable
codestream to reduce the overall bandwidth consumption by first
sending a low-resolution image for initial labeling via deep learning
network fine-tuned on that specific resolution and then only sends
the selected high-resolution tiles for human annotation.
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Fig. 5.3 Block diagram of the proposed hybrid detection framework.
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Proposed Framework Main Function

Algorithm 8 Proposed Framework Pseudocode

Additional Definitions:
1: data_rate: Scenario-specific available data rate
2: tTRlimit: Scenario-specific mission transmission time limit
3: Rlvls : Predetermined resolution levels for JPEG 2000 encoding

New Functions:
4: BC(): Budget Calculator

Require: IHR, SIZE(THR), data_rate, tTRlimit, Rlvls
Procedure:

// Get number of tiles and chosen low resolution
5: LR, HR, |N |, |M | ← BC(IHR, SIZE(THR), data_rate, tTRlimit, Rlvls)

// Encode all tiles using JPEG 2000
6:

⋃
m

THR
m .J2K← J2K(IHR, M ) , where M = {1, ..., |M |}

// Extract all tiles in low resolution from JPEG 2000
7:

⋃
m

TLR
m .J2K← EXT(

⋃
m

THR
m .J2K, M , LR)

// Send low-resolution tiles via channel
8:

⋃
m

TLR
m .J2K← TR(

⋃
m

TLR
m .J2K)

// Decode all low-resolution tiles using JPEG 2000
9:

⋃
m

TLR
m ← J2K−1(

⋃
m

TLR
m .J2K, M )

// Label low-resolution tiles using deep learning model
10: BBDL, CSDL ← DL(

⋃
m

TLR
m , M , LR)

// Spot indices of tiles that need human annotation
11: N ← IND(BBDL, CSDL, |N |)

// Send chosen tile indices via channel
12: N ← TR(N )

// Extract chosen tiles in high resolution from J2K
13:

⋃
n

THR
n .J2K← EXT(

⋃
m

THR
m .J2K, N , HR)

// Send chosen high-resolution tiles via channel
14:

⋃
n

THR
n .J2K← TR(

⋃
n

THR
n .J2K)

// Decode chosen high-resolution tiles using JPEG 2000
15:

⋃
n

THR
n ← J2K−1(

⋃
n

THR
n .J2K, N )

// Annotate chosen tiles by human annotator
16: BBHUM, CSHUM ← HUM(

⋃
n

THR
n , N )

// Make decision based on hybrid labels
17: Decision← BBHUM, CSHUM, BBDL, CSDL
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Proposed Framework Sub-functions

Algorithm 9 Detailed Budget Calculator Block

Function: BC(IHR, SIZE(THR), data_rate, tTRlimit, Rlvls)
1: LR← −1
2: |N | ← 0
3: |M | ← 0
4: BW ← data_rate · tTRlimit
5: HR← MAX(Rlvls)
6: for R← HR to 1 do
7: if SIZE(IR) ≤ BW then
8: LR← R
9: |N | ← (BW − SIZE(IR))/SIZE(THR)

10: break
11: end if
12: end for
13: if LR = −1 then
14: Insufficient BW Budget, must relax constraints
15: end if
16: |M | ← SIZE(IHR)/SIZE(THR)
17: return LR, HR, |N |, |M |
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5.4 Materials

Materials | Table Of Content

5.4.1 Dataset:

• Pleiade4Belgium augmented aircraft detection dataset

5.4.2 Data Compression Algorithm:

• JPEG 2000

5.4.3 Object Detectors:

• YOLOv8

5.4.4 Evaluation Metrics:

• Detection Recall

• Mission Response Time

5.4.5 Experiments:

• Exp. 1: Fine-tuned Object Detector Validation

• Exp. 2: Proposed Hybrid Detection Framework Validation

5.4.1 Datasets
The dataset used is private dataset [120] developed by the Institut Sci-
entifique de Service Public (ISSeP) in partnership with the Belgian Sci-
ence Policy Office (BELSPO). The dataset used is composed of 136 high-
resolution satellite still images from the Pleiades4Belgium1 database rep-
resenting five airports in different locations around the world. These im-
ages were enhanced using the Airbus aircraft detection2 dataset to include
multiple classes of airplanes and helicopters. The training and test set were
split as to contain an equal amount of images from each of the airports.

1https://www.pleiades4belgium.be/
2https://www.kaggle.com/datasets/airbusgeo/airbus-aircrafts-sample-dataset
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5.4.2 Image Compression Algorithm

In this work, we utilize the JPEG 2000 algorithm [52] from OpenJPEG3.
JPEG 2000’s scalable codestream efficiently manages image data by encod-
ing it into smaller tiles, which allows for both spatial and resolution scal-
ability while decoding. This enables access to specific regions of images
quickly at varying levels of resolutions, complying with the needs of both
the baseline and the proposed frameworks. For our implementation, we
used a tile size of 512x512 pixels and perform five levels of 2D wavelet de-
composition, resulting in five resolution levels (R5 to R1).

Note: Resolution Level Interpretation

The resolution levels correspond to the number of DWT decompo-
sition levels retained. For example, At resolution level 5, all decom-
position levels are preserved during decompression, providing the
highest resolution of the original image. At level 4, one decomposi-
tion level is discarded, removing mostly detailed coefficients. This
pattern continues, with each subsequent level discarding an addi-
tional decomposition level, until level 1, which retains only the coars-
est representation of the image.

5.4.3 Object Detector
We choose the YOLOv8 model as our object detector for the multi-class
aircraft detection task. At the time of this work, YOLOv8 was the latest
iteration in the "You Only Look Once" series available on the Ultralytics
open-source library4. YOLO has become the benchmark for object detec-
tion tasks and is particularly used in the remote sensing community [121].
A key advantage of YOLOv8 is its ability to maintain strong detection per-
formance across varying image resolutions [122]. YOLO has also been
shown to work well for fine-tuning in previous studies [123–126].

3https://github.com/uclouvain/openjpeg
4https://github.com/ultralytics/ultralytics
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5.4.4 Evaluation metrics
Two evaluation metrics are used to compare the baseline and the pro-
posed frameworks: response time ratio (tRS_ratio) and recall difference
(recall_di f f ).

Response time ratio
tRS_ratio is used to compare the response times between the proposed and
the baseline frameworks. For each framework, the response time (tRS), the
time at which the decision is taken, is defined as:

tRS = tTR + tHUM (5.1)

where tTR is the transmission time and tHUM is the human annotator time.

The transmission time (tTR) is the time needed for data to be transmitted
through the channel. We distinguish between the transmission times of the
two frameworks as follows.

The baseline framework transmission time is defined as:

tTR =
SIZE(

⋃
m

THR
m .J2K)

data_rate
(5.2)

where data_rate varies depending on the scenario at hand.

The proposed framework transmission time is defined as:

tTR =
SIZE(

⋃
m

TLR
m .J2K) + SIZE(

⋃
n

THR
n .J2K)

data_rate
(5.3)

where the framework adapts the tile resolution (LR) depending on the
data_rate and transmission time limit tTRlimit of the scenario at hand.

It should be noted that, for both frameworks, we consider that any addi-
tional transmitted metadata is minor in size compared to the image data
and therefore has a negligible impact on the total data size.
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The human annotator time (tHUM), the time required for human experts to
annotate uncertain areas of an image, is defined as:

tHUM = µtHUM · |N | (5.4)

where µtHUM is the average time a human expert needs to annotate a single
tile and |N | is the number of tiles requiring expert annotation.

The response time ratio (tRS_ratio) is thus defined as:

tRS_ratio =
tRS(Baseline)
tRS(Proposed)

(5.5)

Recall difference

recall_di f f quantifies the difference in object detection performance be-
tween the proposed and the baseline frameworks. We consider the recall
as the metric for detection accuracy because, in an emergency situation,
the priority is to ensure that we have as few false negatives as possible to
avoid missing objects of interest.

The recall is defined as:
recall =

TP
TP + FN

(5.6)

where TP is the number of true positive and FN is the number of false neg-
ative, a detection being considered as a TP if the intersection over union
with the ground truth is higher than 0.1 to prevent missing true positive at
low resolution, objects being represented by only few pixels.

The recall difference (recall_di f f ) is thus defined as:

recall_di f f = recall(tRS(Baseline))

− recall(tRS(Proposed)) (5.7)
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5.4.5 Experiments
Two experiments are used to validate the two contributions of this chapter.

Experiment 1: Fine-tuned Object Detector Validation

Contribution E

Fine-tuning a deep learning network for object detection on
low-resolution images remains effective while providing fast

information access.

The proposed framework is based on the premise that deep learning mod-
els can effectively detect objects in low-resolution images. To this end, we
propose to use an aggregated model consisting of several fine-tuned object
detectors as our deep learning detector. We conducted test on the aggre-
gated model and a base model (trained only on high-resolution images) at
each resolution level. The training and evaluation procedures to obtain all
these models are detailed in Algorithm 10.

Algorithm 10 Object Detectors Training and Evaluation Procedure

Definition:
1: TrR, TsR: Training and Test sets at resolution R
2: WBM: Base model weights.
3: WR

FT : Fine-tuned model weights trained at resolution R.
4: WFT : Aggregated fine-tuned model
5: Rlvls: List of resolution levels in descending order

Procedure:
// Initialize weights to YOLOv8 pre-trained weights on COCO [59]

6: Initialize WBM and WR
FT ∀R

// Base and fine-tuned model Training
7: for each R ∈ Rlvls do
8: Update TrR and TsR

9: if R = HR then
10: Train WBM for 150 epochs on TrHR and store model weights
11: end if
12: Train WR

FT for 150 epochs on TrR and store model weights
13: end for
14: Aggregate WR

FT ∀R into WFT

// Base and fine-tuned model Evaluation
15: Test WBM on TsHR and WFT on TsR ∀R
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Experiment 2: Proposed Framework Validation

Contribution F

By utilizing scenario-specific constraints and the scalable
codestream, the proposed hybrid framework can significantly

reduce emergency response time.

The proposed framework aims to reduce response times in emergency situ-
ations compared to traditional methods, while ensuring high-quality object
detection. In our case the object detection task is to identify aircraft in mul-
tiple airport settings. To achieve this, we configure JPEG 2000 compression
with five resolution levels and fine-tune the YOLOv8 models at these same
levels to obtain the aggregated model described in Experiment 1. We eval-
uate the framework using high-resolution images of 60 megapixels across
nine emergency scenarios. Two scenario-specific parameters are varied:
the transmission time limit (tTRlimit) and the available data rate (data_rate).

Scenarios-specific Constraints Considered
• tTRlimit used to simulate degrees of urgency: 3, 10, and 30 minutes.

• data_rate considered are: 22, 88, and 176 kbps.5

• The average time for human annotation of a single tile (µtHUM ) is fixed
at 0.5 minutes/tile.

• The human annotator time (tHUM) is limited to a maximum 5 min-
utes, i.e. we have time to manually annotate a maximum of 10 high-
resolution tiles (|N | ≤ 10).

Note: Project Setting

This work was done in collaboration with the Secure Active Learn-
ing for Territorial Observations (SALTO) project in collaboration with
the Belgian Science Policy Office (BELSPO). The object detection use-
case, dataset and scenario-specific constraints were determined by
the project partners.

5These rates correspond to the range available for the Iridium Certus satellite net-
work, commonly used for low-bandwidth UAV communications (https://www.iridium.
com/iridiumcertus/).
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5.5 Results

5.5.1 Experiment 1: Fine-tuned Object Detector Validation

The objective of Experiment 1 is to assess the effectiveness of fine-tuning
deep learning models for object detection on low-resolution images. We
achieved this by fine-tuning a separate object detector for each resolution
level and then aggregating these models to create our fine-tuned object de-
tector.

Figure 5.4 illustrates the detection performance of the aggregated fine-
tuned model. We observe a detection recall of 0.92 for WR5

FT , 0.88 for WR4
FT

and 0.83 for WR3
FT . This underscores the robustness of the aggregated model

even at lower resolutions. The performance of drops of WFT remains min-
imal compared to WBM all while gaining massively in terms of bandwidth
consumption.
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Fig. 5.4 Detection performance of the aggregated fine-tune models
showing each of the underlined models specialized at each resolution level.
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5.5.2 Experiment 2: Proposed Framework Validation
The evaluation of the proposed framework against the baseline across nine
scenarios is depicted in Figure 5.5.

Initially, we examine the scenario with the least constraints, characterized
by a data_rate of 176 kbps (Figure 5.5a). In this scenario, for tTRlimit val-
ues of 3, 10, and 30 minutes, the recall_di f f values are 0.261, 0.085, and
0.036, respectively. Concurrently, there is an observed improvement in the
tRS_ratio of 7.08, 3.67, and 1.54. This indicates a trade-off between tRS_ratio
and recall_di f f when contrasting the baseline with the proposed frame-
work. This trade-off results from the proposed framework’s streamlin-
ing approach, which takes into account scenario-specific bandwidth con-
straints. By prioritizing the transmission of lower-resolution images for
initial labeling, the framework significantly enhances tRS_ratio, despite a
minor penalty in recall_di f f . Conversely, the baseline framework, which
lacks a streamlining strategy, consistently transmits images at the highest
resolution available. This results in a slight improvement in recall_di f f ,
but at the expense of a substantial decrease in tRS_ratio.

A similar pattern emerges at a data_rate of 88 kbps (Figure 5.5b). Here,
for tTRlimit values of 3, 10, and 30 minutes, the recall_di f f worsens to
0.269, 0.098, and 0.036, respectively, while the tRS_ratio shows improve-
ments of 25.44, 7.27, and 2.95. The proposed framework’s streamlining
strategy demonstrates robustness in more constrained scenarios by main-
taining low-resolution transmissions for initial labeling. The downside is
a reduction in tHUM due to the limited bandwidth, slightly decreasing
recall(tRS). In contrast, the baseline framework’s performance in tRS de-
clines as it fails to adapt to scenario-specific constraints.

Figure 5.5c illustrates the scenario with the lowest data_rate of 22 kbps,
challenging the limits of the proposed framework. At a tTRlimit of 3 min-
utes, the bandwidth is too limited to even send the lowest resolution, re-
sulting in a recall(tRS) of 0. For tTRlimit values of 10 and 30 minutes, the
recall_di f f is 0.271 and 0.105, respectively, but there are significant gains
in tRS of 32.8 and 11.28. These very low bandwidth scenarios highlight the
substantial tRS benefits of the proposed streamlined framework over the
baseline.
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5.6 Limitations

5.6.1 Budget Optimization
In our proposed framework, we prioritize the fine-tuned deep learning de-
tector over the human annotator to optimize bandwidth allocation. This
decision is based on its superior efficiency in detection accuracy and pro-
cessing speed, particularly under the constraint of |N | = 10. The budget
calculator block is responsible for managing resources by determining the
highest feasible image resolution for transmission and allocating any re-
maining bandwidth for human annotation.

We conducted an experiment to determine the amount of human anno-
tation necessary to improve the deep learning detector’s performance at
Resolution 4, enabling it to surpass its performance at Resolution 5. These
resolutions represent the highest levels of detail in our scenario. Our find-
ings, illustrated in Figure 5.6, indicate that using the Least Confident tile
selection strategy, 54 additional human annotations are required at Res-
olution 4 to improve recall from 88% to 91.5%. Although this results in a
3.5% increase, it needs 27 minutes of additional human effort, which is con-
siderable in time-sensitive scenarios. While we understand that the naive
Least Confident strategy can affect result interpretation, it remains robust
enough to support our optimization approach. We prioritize transmitting
lower resolution images, achieving an immediate 88% recall and gaining
1% additional accuracy with |N | = 10 annotation rather than consuming
additional human annotator time for a marginal 3.5% recall improvement.

Fig. 5.6 Human Annotator efficiency using a Least Confident tile selec-
tion strategy atop of the deep learning model inferred at Resolution 4.
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5.6.2 Tile Selection Strategy
A significant limitation of our work is the use of a naive tile selection
strategy. Although the Least Confident strategy is relatively effective, its
efficiency can greatly influence the choice of the budget optimization ap-
proach. It is important to study various tile selection strategies, both de-
pendent and independent of the initial deep learning model detections. In
our dataset, most objects are concentrated around specific regions of inter-
est, such as airports. Therefore, our tile selection strategy should include
this prior knowledge to avoid unnecessary queries on irrelevant tiles. This
would enhance the efficiency of the human annotation process and pro-
mote a dynamic back-and-forth between the deep learning model and the
human annotator, instead of the current streamlined two-step approach.

5.6.3 Project-Imposed Dataset
The primary limitations of our study arise from project-imposed constraints,
particularly concerning the dataset. The dataset involved synthetically
enhanced images from the Pléiades4Belgium platform, where custom air-
craft were added to existing airport imagery. This augmentation improved
model training by increasing the diversity of aircraft classes. However, it
introduces potential bias favoring the detection of synthetic aircraft over
real ones, which could compromise the model’s applicability in real-world
scenarios.

Moreover, the distribution of objects in high-resolution images results in
a significant class imbalance, affecting training and inference processes.
Although the training set was filtered to include tiles with objects, intra-
image class imbalance persists during testing, causing false positives due
to the detector’s limited exposure to the "no object" class.

Additionally, the spatial concentration of objects of interest poses chal-
lenges. While this concentration aids in tile selection strategies, it also risks
misdirecting focus due to false positives, leading to the examination of ir-
relevant regions within the image.
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5.7 Conclusion

5.7.1 Summary
We present a streamlined hybrid detection framework to enhance UAV ob-
ject detection in bandwidth-restricted scenarios. The framework success-
fully combines automated deep learning-based detection with human ex-
pertise to refine detections in uncertain areas, managing to cut the decision-
making time for emergency response operations. This work presents two
key contributions:

Contribution E

Fine-tuning a deep learning network for object detection on
low-resolution images remains effective while providing fast

information access.

Contribution F

By utilizing scenario-specific constraints and the scalable
codestream, the proposed hybrid framework can significantly

reduce emergency response time.

These findings show that the proposed framework effectively operates in
bandwidth-limited environments, reducing response times by up to 33
times compared to a baseline, while maintaining detection performance.
This research encourages the remote sensing community to adopt scal-
able compression codecs for enhanced multiresolution capabilities across
all bandwidth-constrained analysis tasks beyond object detection.

| 119



5 | Hybrid Framework using Scalable Codestream for
Bandwidth-Restricted Object Detection in Remote Sensing

5.7.2 Perspectives
Several promising directions for future work could enhance the validation
and applicability of our current results. Future efforts should focus on op-
timizing each component of the framework, particularly the fine-tuning
approach of the deep learning model and the tile selection strategy for hu-
man annotation.

Extending the current work to other use cases in remote sensing, such as
scene classification and region-of-interest segmentation, would be highly
beneficial to the community. With the multi-resolution capabilities of JPEG
2000, a coarse-to-fine approach using a fine-tuned deep learning model
could facilitate the detection of regions of interest in large-scale satellite
images [53, 127].

Additionally, exploring more advanced tile selection strategies would be a
significant upgrade to the proposed system. This could lead to a "proposed
framework 2.0" where instead of merely streamlining the detection process
into a two-step procedure as we did in this work, we develop a dynamic
active detection framework. In this framework, the deep learning model’s
detection is updated with each human annotation quicker convergence.
An active learning layer could also be added in an offline setting to be re-
freshed after each mission, further improving the deep learning model and
reducing the need for human annotation [128–130].

Given the significant success remote sensing foundational models have
had [131–133], exploring zero-shot or few-shot settings with these large
pre-trained models to minimize human intervention time is also quite an
interesting idea6.

Overall, while further work is needed to strengthen our approach in re-
ducing response time in emergency scenarios, this work affirmatively an-
swers Research Question 3 and is an encouraging step for the remote
sensing community to utilize scalable compression codecs for their en-
hanced multiresolution capabilities across all bandwidth-constrained anal-
ysis tasks beyond object detection.

6A small discussion ongoing research publication in that area of research is note in Sup-
plementary Materials 5.8.1
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5.8 Chapter Supplementary Material

5.8.1 Publication on Zero-Shot Classification in Remote Sensing
Recognizing that human annotation time posed a critical challenge to our
bandwidth budget optimization, we sought solutions to minimize this de-
pendency. Initially focused on object detection, we simplified the deep
learning task to tile classification in a zero-shot setting, i.e., without requir-
ing any human annotations.

Inspired by research on zero-shot transductive learning in vision-language
models [134], we extended our focus to transductive zero-shot classifica-
tion in remote sensing. The other benefit the proposed transductive ap-
proach offers, aside from requiring no labeled data, is its extremely low
computational complexity, requiring less than a second to classify over 103

tiles.

Experiments on various remote sensing benchmark datasets demonstrated
significant accuracy improvements over classical zero-shot classification
models. The proposed solution has been accepted to the IEEE Interna-
tional Conference on Acoustics, Speech, and Signal Processing (ICASSP
2025) and is publicly available as a preprint on ArXiv7 [6]. The source code
is publicly available on GitHub 8.

Relation to Chapter Contributions

While not directly related to the main contributions of this chapter,
this work offers a promising research direction in zero-shot learning,
completely mitigating the need for human annotation all whilst re-
quiring minimal computational cost.

7https://arxiv.org/abs/2409.00698
8https://github.com/elkhouryk/RS-TransCLIP
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6.1 Contributions Summary

In this thesis, we explored the trade-off between model performance and
data compression in three distinct use cases across three different research
fields and put forward the following contributions:

Use Case 1: Medical Imaging

Contribution A

A 3D segmentation model can learn and filter out data compression
artifacts in medical imaging, even at very high compression ratios.

Contribution B

Data compression can be effectively deployed in medical data
management systems with only a marginal drop in performance.

Use Case 2: Video Surveillance

Contribution C

A high-complexity network trained and tested on residual frames
can outperform a low-complexity network trained and tested on

raw frames in simple scenes.

Contribution D

A high-complexity network working with residual frames can
compete with a low-complexity network trained and tested on raw

frames, even in complex scenes.

Use Case 3: Remote Sensing

Contribution E

Fine-tuning a deep learning network for object detection on
low-resolution images remains effective while providing fast

information access.

Contribution F

By utilizing scenario-specific constraints and the scalable
codestream, the proposed hybrid framework can significantly

reduce emergency response time.
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A

C

B F

E D

(I) (II)

Fig. 6.1 Thesis Contributions grouped into two categories: (I) Contri-
butions highlighting deep learning models capabilities to learn on com-
pressed data. (II) Contributions highlighting the deployability of these
models in existing infrastructures.

As show in Figure 6.1, the six contributions of this thesis can be grouped
into two categories:

(I) Contributions putting forward deep learning models ability to
learn on compressed data.

We showed that in the cases of deep learning-based segmentation
(Contribution A) and object detection (Contribution E), fine-tuning
models on compressed data can be highly effective in both learn-
ing and filtering out compression artifacts. Both direct and iterative
fine-tuning provide significant benefits for segmentation and de-
tection models, demonstrating that classical human vision-oriented
compression can serve as a strong feature extractor for both human
and computer vision.

(II) Contributions showing the deployability of these models in ex-
isting infrastructures.

We demonstrated that in all three use cases — Medical Imaging
(Contribution B), Video Surveillance (Contributions C and D), and
Remote Sensing (Contribution F) — deep learning models trained
on compressed data can be effectively deployed within existing frame-
works. These models successfully enable us to reduce storage con-
straints (Contribution B) and alleviate bandwidth stress (Contribu-
tions C, D, and F), all while maintaining high task accuracy.
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6.2 Perspectives

6.2.1 Central Research Question
At the start of this thesis, we challenged ourselves to answer the following:

Central Research Question

Can we better utilize the existing data
management infrastructure to improve

model performance on compressed data?

Overall, the thesis contributions encourages us to positively answer the
Central Research Question. However, we have barely scratched the sur-
face in terms of applications needing to handle a trade-off between model
performance and data compression. Extending this work to other use cases
— beyond medical imaging, video surveillance, and remote sensing — is
crucial to answer the Central Research Question more affirmatively.

6.2.2 Promising Use Cases
Three highly encouraging use cases that need to handle the trade-off be-
tween model performance and data compression are genome sequencing,
space imaging and compressed language modeling.

In genome sequencing, the sheer volume of data generated poses signifi-
cant challenges for storage, transmission, and analysis. Sequencing a single
human genome produces approximately 200 GB of raw data [135], primar-
ily due to the fact that a single human’s genome consists of 3 billion nu-
cleotide base pairs. This data consists of raw reads from sequencing ma-
chines, metadata, quality scores, and intermediate outputs from various
preprocessing steps. If applied to large-scale studies involving thousands
or millions of genomes, such as in population genomics or personalized
medicine, the data size quickly scales to petabytes, making efficient data
handling critical. Automating the genome analysis process is crucial to de-
tect mutations as small as a single nucleotide [136].
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In space imaging, satellites often generate vast amounts of images and sen-
sor data as they orbit Earth, capturing critical information about our planet,
distant celestial objects, and various astrophysical phenomena. However,
transmitting this enormous volume of data to ground stations poses a sig-
nificant challenge due to limited transmission windows. These windows
are constrained by the satellite’s orbital path and its proximity to Earth,
during which high-speed communication is possible. As a result, only
a fraction of the collected data can be transmitted back before the satel-
lite moves out of optimal range. Compressing the data can significantly
increase the sampling rate, allowing for more data acquisition and trans-
mission [137–139]. A key benefit of this approach is the enhanced ability
to detect and analyze rare astrophysical events, such as pulsating stars or
transient phenomena, which require high-frequency monitoring [140]. By
improving data acquisition and transfer, compression increase the likeli-
hood of capturing these fleeting events.

Another highly interesting domain is the training of compressed language
models. These models are trained directly on compressed byte streams
rather than raw, uncompressed data [141]. This approach eliminates the
need for decompression, enabling models to understand the syntax, se-
mantics, and structure of compressed file formats. By operating on com-
pressed data, compressed-language models benefit from its inherent com-
pactness, allowing them to process larger datasets within the same compu-
tational and storage constraints. This efficiency also removes the need for
preprocessing steps like tokenization or pooling, as compressed formats
already reduce redundancy. Compressed language models have demon-
strated strong performance across tasks such as file recognition, anomaly
detection and correction, and compressed file generation.
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6.3 Take Home Messages

We conclude this thesis by outlining three key take-home messages:

Take Home Message 1

Classical compression codecs embedded in existing data
management infrastructure can serve for both human and

computer vision.

Take Home Message 2

Deep learning models trained on compressed data maintain their
effectiveness even at high compression ratios.

Take Home Message 3

Encouraging the use of deep learning models trained on
compressed data offers a promising solution to overcome current

critical bottlenecks in various research fields.
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