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Abstract

This thesis explores various image compression techniques, with particular focus on approaches
grounded in deep learning. It presents detailed analysis and comparison between traditional
compression algorithms such as JPEG, JPEG 2000, and BPG and modern deep learning methods,
including factorized and hyperprior models. While conventional techniques have been widely used
for their balance of image quality and bitrate, recent advances in deep learning offer more effective
and efficient alternatives. Neural network-based models, in particular, have demonstrated superior
capabilities in achieving higher compression rates while maintaining perceptual image quality. This
study underscores the strengths of these advanced techniques, establishing deep learning as a
promising and powerful direction for the future of image compression.

Résumés

Cette mémoire explore différentes techniques de compression d’images, en mettant
particuliérement 1’accent sur les approches basées sur 1’apprentissage profond (deep learning). Il
présente une analyse approfondie et une comparaison entre les algorithmes de compression
traditionnels tels que JPEG, JPEG2000 et BPG et les méthodes modernes fondées sur le deep
learning, notamment les modeles factorisés et a hyperprior. Bien que les techniques classiques
soient largement utilisées pour leur compromis entre qualité d’image et débit binaire, les avancées
récentes en deep learning offrent des alternatives plus efficaces et performantes. Les modéles basés
sur les réseaux de neurones ont démontré une capacité supérieure a atteindre des taux de
compression plus élevés tout en préservant la qualité perceptuelle des images. Cette étude met en
évidence les atouts de ces approches avancées, positionnant le deep learning comme une voie

prometteuse et puissante pour I’avenir de la compression d’images.
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General Introduction

The modern era is characterized by significant progress in artificial intelligence. Deep
learning has emerged as one of the most influential breakthroughs, offering powerful tools that
require extensive research, ongoing refinement, and deep domain expertise. Its capacity to extract
complex patterns and representations has led to transformative applications across a wide range of
fields. In particular, the enhancement of deep learning techniques in the area of image compression
has become a key focus, aiming to improve the efficiency and quality of visual data encoding and
transmission.

With the rapid growth of digital media and the increasing demand for efficient data
handling, key challenges in the field of image compression are to reconcile high visual quality with
file size reduction. Indeed, increasing an image’s quality often results in larger data volume, which
can negatively affect the smoothness of its processing and transmission. Therefore, it is essential
to develop methods capable of compressing images while preserving their quality, thus ensuring
efficient delivery without compromising the visual experience.

Firstly, we examine the fundamental importance of encoding and compression algorithms
in the effective management and transmission of digital data. By integrating advanced encoding
methods with contemporary compression standards such as JPEG2000, H.265, and VVC,
significant improvements in storage efficiency, media quality, and bandwidth optimization can be
achieved.

Secondly, we highlight the transformative role of deep learning in advancing image
compression, with particular emphasis on convolutional neural networks (CNNs) and variational
autoencoders (VAEs) enhanced by hyperpriors. The foundational principles of neural networks and
autoencoders serve as the basis for these advancements, enabling modern compression techniques
to outperform traditional methods such as JPEG and JPEG2000. These innovative approaches
achieve superior visual quality and greater compression efficiency by more effectively modeling

spatial dependencies within latent representations.

Finally, we apply a thorough evaluation comparing traditional image compression
algorithms with deep learning based models. By employing standardized performance metrics and

visual quality assessments on benchmark datasets, we demonstrate that methods such as factorized

13



and hyperprior significantly enhance compression efficiency and reconstruction quality,
particularly at lower bitrates.
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Chapter 1

Coding and Image Compression
Algorithms

Summarv

This chapter explores about how coding and compressing algorithms are important for
managing and sending transmitting data. Encoding techniques, combined with modern
compression standards (JPEG2000, H.265, VVC), maximize storage efficiency, enhance media

quality, and minimize bandwidth consumption.

Table of Contents:

1. Introduction.
2. Coding algorithms.
3. Image compression.

4. Conclusion.



Chapter 1 Coding and image compression algorithms

1.1 Introduction

Coding algorithms are fundamental methods in computer science used to optimally transform
data for various purposes, including lossless compression, encryption, and error correction [1].
Image compression enables file size reduction while preserving essential visual information. This
can be either lossless or lossy, depending on whether all original data is retained. Among the best-
known techniques utilized for entropy coding are Huffman coding and arithmetic coding, which
leverage the statistical properties of data to reduce size or improve efficiency, sometimes taking

advantage of human perception [2].

This chapter introduces fundamental concepts of coding algorithms, focusing on three
essential entropy coding techniques, as well as image compression, which relies on advanced

methods.

1.2 Coding Algorithms

Coding algorithms aim to optimize data representation and transmission. In this section,
we explored three essential entropy coding techniques: “Huffman coding”, “arithmetic coding”,
and “Golomb Rice coding”, which are used to reduce data size, improve transmission efficiency,

and ensure reliability. These methods are widely applied in image compression.

1.2.1 Huffman coding

Huffman coding, proposed by David Huffman in 1952 [3], is a lossless data compression
technique that assigns shorter codes to more frequent symbols and longer codes to rarer symbols,
aiming to optimize storage space.

The algorithm begins by sorting symbols based on their probability of occurrence, then
gradually merges the least frequent symbols into a binary tree. A unique binary code is then
assigned to each symbol according to its path in the tree, with '0" assigned to the left branch and '1'
to the right branch.

This coding is prefix-free, ensuring that no code is the prefix of another, allowing for
unambiguous decoding. By reducing the average length of encoded words, Huffman coding
enables efficient data compression [3].

The steps of the algorithm are as follows:

16



Chapter 1 Coding and image compression algorithms

1. Sort the symbols in descending order according to their probability of occurrence.
2. Merge the two symbols with the lowest probabilities into new nodes and readjust the list.

3. Repeat this process until a single root node is obtained.
4. Assign binary codes by assigning ‘0’ to the left branch and ‘1 to the right branch.
5. Concatenate the obtained codes at each level to define a unique code for each symbol [4].
Huffman coding generates variable-length binary codes on whole bits, enabling efficient
compression by reducing the size of stored or transmitted data while ensuring the faithful
restoration of the original message.
Example:
Consider source X with five symbols: “x;,x,, x3, x4, x5“, Whose associated
probabilities are given in the following table:

Table 1.1. Probabilities of occurrence of symbols [4].

symbols P(x;)
X1 0.25
X2 0.45
X3 0.15
X4 0.10
X5 0.05

1. Construct a Huffman code for X.

Solution:

1. Figure “1” illustrates the steps for constructing Huffman code for the source X:

X Py Cordle

. I

Xo g5 1 045 T oa4s (.55 o
v, 025 % pas _01 030 _00

X 0.45
x, 045 99 ;5 000 ‘: nas 01

o0
0010 0.15
xy 010 |

0011

.05

X%

Figure 1.1. Huffman coding tree [4].
17



Chapter 1 Coding and image compression algorithms

1.2.2 Arithmetic coding

Arithmetic coding is a lossless compression method that is more efficient than Huffman
coding. It represents a sequence of symbols as a single number between '0’ and ‘1°, optimizing bit
usage. Unlike traditional methods, it does not assign fixed code to each symbol but instead encodes
an entire sequence by progressively dividing an interval into sub intervals proportional to the
probabilities of the symbols [4].

This approach avoids the constraints of variable-length codes like Huffman and Shannon-
Fano by allowing representation with non-integer numbers of bits. It is widely used in modern
compression applications, providing more compact and efficient encoding. Instead of assigning a
code to each individual symbol, arithmetic coding generates a single code for the entire sequence,
refining the interval at each step based on the probabilities of the input symbols [5].

Arithmetic Coding Algorithm:
1. Calculate probabilities: Determine the probability of each symbol in the string to be encoded.
2. Assign subintervals: Assign each symbol a subinterval within [0, 1] proportional to its
probability (order must be preserved for decoding).
3. Initialize bounds:
e Set lower bound = 0 and upper bound = 1.
4. Encoding process (loop):
e Compute the interval width: width = upper bound - lower bound.

e Update the lower bound:
lower bound = lower bound + width x (lower limit of the symbol’s sub interval).
e Update the upper bound:
upper bound = lower bound + width x (upper limit of the symbol’s sub interval).
5. Repeat until all symbols are encoded [5].

Example:

Let X be a discrete source with an alphabet of three symbols, “a, b, ¢’ whose associated
occurrence probabilities are P(a) = 0.6, P(b) = 0.2, and P(c) = 0.2.
Given the sequence M = "abcaa’.

18



Chapter 1 Coding and image compression algorithms

» Encode the sequence M using the arithmetic coding algorithm.
Solution:

The initial intervals associated with the three symbols are shown in Table 2:

Table 1.2. Initial intervals associated with symbols [4].

Symbols A b c
probability 0.6 0.2 0.2
Initial interval [0, 0.6] [ 0.6,0.8] [0.8,1]

The flow of the arithmetic coding process is illustrated in Table 3:

Table 1.3. Progress of the arithmetic coding process of the string M=’abcaa’ [4].

symbols Width lower bound Upper bound
a 1 0 0.6
b 0.6 0.36 0.48
c 0.12 0.4560 0.48
a 0.024 0.4560 0.4704
a 0.0144 0.4560 0.46464

So the flattering number is between [0.4560, 0.46464].

Arithmetic coding allows for the compact representation of real number intervals in binary.
To convert the interval [0.4560, 0.46464] into binary, two main methods can be used.

The first method involves multiplying the fractional part by 2 and extracting successive
bits. This approach gives ''0.0111010010"" for 0.4560 and *'0.0111010111" for 0.46464. The
smallest common binary number within this interval is **0.01110101."

Another way to obtain this representation is by using negative powers of 2, where (271 =
0.5.272=0.25........ ), etc. A fractional number can thus be decomposed into sum of these powers.

For example, 0.4560 can be expressed as:
0.4560=0.25+0.125+0.0625+0.015625+0.00390625+0.0009765625

Which corresponds to 0.0111010010 in binary.
In conclusion, the interval [0.4560, 0.46464] is represented in binary as **0.01110101,"

which is the shortest code belonging to this range.
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Chapter 1 Coding and image compression algorithms

1.2.3 Golomb Rice Codes

Golomb Rice coding, developed by “Solomon Wolf Golomb” and later refined by
“Robert Floyd Rice”, is a prefix coding method optimized for data following an exponential
distribution. It is widely used in data compression. The encoding process is based on parameter M,
which determines how numbers are split into two parts: the quotient, encoded using unary coding,
and the remainder, encoded using binary representation. When M is the power of two, encoding is
simplified. Despite its efficiency for certain distributions, Golomb-Rice coding is not always
optimal for finite alphabets [6].

Golomb Rice Algorithm:
1. Fix Parameter m: Choose an integer value for m.

2. Compute Quotient and Remainder:
q = int [%] (1.1)
r=n-—qm (1.2)
3. Generate Code Word: Format: “Unary Code” + “Remainder Code”.
4. Unary Code: Encode the quotient as a sequence of q “ones” followed by a “0”.
5. Remainder Code:
e If mis the power of 2, encode the remainder in binary using [log,m] bits.
e Ifm is not a power of 2:
e Compute x = [log,m]
o If r < 2 [?092™m] _ 1 encode the remainder using x-1 bits.

e Otherwise, encode (r+2 ['?92™ — m) using x bits.

6. Golomb Rice encoding is optimal for geometric probability distribution and is based on
parameter “m” that splits each number into quotient and remainder [7].
p(n) =1 —-p)" (1.3)
When

m=|-—]| (14)

logzp
Example:

For “m=4”, calculate the quotient and the remainder, then deduce the bit stream.
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Solution:
¢ The quotient (q) is encoded in unary: “g” times the bit “1” followed by a “0.”
e The remainder (r) is represented using 2 binary bits (since m =4 and log,4 = 2).
v" For n=0:
Step 1: Calculating the quotient
q = int [%] =0
Step 2: Calculating the remainder
r=0—(0x4)=0
Step 3: Building the bitstream
Quotient in unary encoding: 0
Remainder encoded on 2 bits: 00
» Final bit stream: 0 00
v For n=1:
The quotient is encoded in unary as: 0
The remainder is encoded on 2 bits as: 01
» Final bit stream: 0 01

And finally, this table illustrates the calculation process:

Table 1.4. Golomb rice encoding [6].

M[n)] Quotient Remainder Bit stream
o [i] o 0_ 0y
1 [i] 1 0_o1
2 [i] 2 o_1d
3 [i] 3 o_11
] 1 ] 10_00
5 1 1 10_01
&1 1 2 10_k0
7 1 3 10_11
] 2 ] 100_ (D
9 2 1 1h0_01
10 2 2 100_10
11 2 3 110_11
12 3 o 111000
13 3 1 111001
14 3 2 1110 0
15 3 3 1110 11
1& 4 ] 11000 _00
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1.3 Image Compression

Traditional image compression is the cornerstone of digital media processing, enabling the
reduction of file sizes without excessively sacrificing visual quality. It relies on advanced
techniques that eliminate redundancies and less perceptible details. Popular formats
like JPEG, JPEG 2000, intra H.264, intra H.265 (BPG), and intra H.266 (VTM) illustrate this
evolution, using methods such as Discrete Cosine Transform (DCT), wavelets, or motion
prediction. These standards are essential for optimizing the storage and transmission of images and

videos in modern applications.

1.3.1 Definition of an image

An image is composed of a grid of small dots called pixels. Each pixel represents the
smallest visible unit and contains the necessary information to display a portion of the image. In
black and white images, pixels can be encoded using 1 bit: O for black, 1 for white. For grayscale
or color images, the encoding is more complex and may use 2 to 32 bits per pixel, allowing for a
wider range of shades and details. The number of bits used directly affects the quality and precision

of the image [5].

pixels

N

Figurel.2. Structure of an image [5].
1.3.2 General principle of image compression

The compression process is illustrated by a functional diagram, as shown in Figure 1.3:
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Compression

L B Entropy
Original Image Transformation Quantization Coding
Bitsteam
Decompression
Reconstructed Inverse - -
Dequantization
Image Transform

Figurel.3. Block diagram of image compression and decompression.
» Compression:

Entropy
Decoding

¢ Transformation:

In an image, pixels are highly correlated with their neighbors because brightness varies
little from one point to another. To reduce the amount of information, a decorrelation operation is
applied, transforming the pixels into a set of less dependent coefficients. This transformation is
reversible [8].

e Quantization:

The quantization of coefficients aims to reduce the number of bits required for their
representation, making it a key step in compression. It involves rounding each signal value to an
integer multiple of a unit called the elementary quantum or quantization step. There are two types
of quantization: scalar and vector, with the latter generally offering better performance [8].

e Entropy Encoding:

After quantization, the coefficients are encoded while meeting certain essential conditions.
First, the encoding must ensure uniqueness, meaning that each distinct message has a unique code.
Secondly, it must guarantee decipherability, allowing two successive codes to be distinguished
without ambiguity. Various encoding techniques will be detailed later [8].
> Decompression:

Decompression is performed by reversing the steps of compression. It begins with
decoding the compressed data, which allows the retrieval of the quantized symbols representing
the model. In the case of lossy compression, the dequantization step is then applied to reconstruct

an approximate version of the original model. However, the loss of information introduced during
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quantization makes it impossible to fully recover the original data after inverse modeling [9].

1.3.3 JPEG Standard

size while minimizing quality loss. Although it is a lossy compression, the degradation is generally

The JPEG standard, created in the late 1980s by ISO/ITU-T, is a method for compressing

still color images. It is primarily based on the Discrete Cosine Transform (DCT) and reduces file

acceptable for most applications [10].
JPEG Process Steps :

1.

. Image segmentation into 8 x 8 pixel blocks.

2
3
4.
5
6

Color conversion: transformation from “RGB?” to “YCbCr”.

. DCT application to separate image frequency components.

Quantization to reduce coefficient precision.

. Entropy encoding to further compress the data.

. Image reconstruction using the Inverse Discrete Cosine Transform (IDCT) [10].

Huffman

Transformée
en couleur

Coefficients:

— DC (DPCM)

AC (RLC)

Codage

o % X
i

Echantillonnage —:—{';I——:——:I— Extraction des
(Chrominance) £ {_"_} CHLT Blocs 8 x 8 -
e o) (e ey
HEH T

Balayage En

Zigzag

[—

N
NN
o,
N
N

j [€—————— Quantification g———

Figure 1.4. Standard JPEG block diagram [11].
The JPEG standard offers two types of compression:
1. Lossy compression: Uses DCT followed by quantization and entropy coding.

2. Lossless compression: Relies solely on entropy coding without image transformation [8].

For lossy compression, four encoders are defined:

« Baseline encoding, which applies DCT and Huffman coding but introduces some loss of

information.
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« Three extended versions improving efficiency through arithmetic coding or progressive image

Quantification

reconstruction [8].

Original image

Image
compression

Entropy coding

k4

1 Entropy tables :

Figure 1. 6. Fundamentals of the JPEG lossy compression process.

. . Image
Pridection g R
compression

Entropy coding

Original image

Y

' Entropy tables '

Figure 1.5. Fundamentals of the JPEG lossless compression process.

1.3.4 JPEG 2000

JPEG 2000 is an advanced image compression format that offers better quality and greater
flexibility than traditional JPEG. It is based on Discrete Wavelet Transform (DWT), enabling both
lossless and lossy compression, along with optimized data flow management [12].

Operating Principle:
JPEG 2000 works in several steps:
Discrete Wavelet Transform (DWT)
e The image is decomposed into multiple frequency sub-bands.
o Two types of filters are used:
> Le Gall (5,3): Reversible, allows for lossless compression.
> Daubechies (9,7): Non-reversible, provides higher compression but with some loss [12].
Segmentation into Code Blocks:

o Each sub-band is divided into 64%x64 pixel blocks, called code blocks.
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o These blocks are processed independently, making selective data access easier [12].
Quantization and Encoding:
e Scalar quantization Adjusts data precision to optimize compression.
e Arithmetic coding with contextual modeling ensures efficient data compression.

o Bit plane encoding allowing for progressive data organization [12].

Comparison between JPEG and JPEG 2000:

Transformée Echantillonnage —:—{:}—:——:} Décomposition
en couleur (Chrominance) H} [1'_} CHLT en ondelette
_— > = —
ool
CHIHIHE
Balayage En -
d 12N Zigzag - ~
EBCOT + Codage A . o
) A7) Quantification
entropique A 1 ‘ ]

Figure 1.7. jpeg 2000 block diagram [11].

Here is a comparative table of the principles of JPEG and JPEG 2000:

Table 1.5. Comparison between JPEG and JPEG 2000.

Criterion JPEG JPEG 2000
Transformation method Discrete  Cosine  Transform | Discrete Wavelet Transform
(DCT) (DWT)
Compression type Lossy (with Ilimited lossless | Lossy or  lossless  (more
mode) flexibility)
Image segmentation 8x8 pixel blocks 64x64 pixel code-blocks
Coefficient encoding Huffman coding (less efficient) | Arithmetic coding with
contextual modeling  (more
efficient)
Flexibility Fixed (One quality level per file.) | Flexible (multiple quality levels
in the same file).
Scalability Limited (no support for multiple | Scalable (Supports different
levels of detail). levels of detail and progressive
display)

26



Chapter 1 Coding and image compression algorithms

Comparative analysis of JPEG and JPEG 2000 in terms of quality and performance:

JPEG 2000 offers better image quality and more efficient compression than traditional
JPEG. For example, Figure 1.8 shows an 800-pixel image may weigh 94 KB in JPEG, compared
to only 32 KB in JPEG 2000, while maintaining equal or even better quality [13].

This size reduction significantly optimizes website performance by enabling faster loading
times and lower bandwidth usage. However, the limited compatibility of JPEG 2000 with some

browsers remains a challenge [13].

. ¢
<- <- v

Optimized file size: 93.7KB » Optimized file size: 31.5KB »

Figure 1.8. Better image with jpeg and jpeg 2000 [13].
1.3.5 H.264

H.264, or MPEG-4 Part 10 AVC, is a video compression standard developed in 2003 [14]
by the Joint Video Team (JVT). It offers up to “50%* better compression than MPEG-2 and
”30%” better than H.263+ and MPEG-4 ASP, while maintaining optimal quality [15] [16].

Adopted as a reference standard, H.264 is used in Blu-ray discs, HDTV online streaming,
and mobile applications. It relies on the block-based hybrid coding, combining motion
compensation and spatial transformation, with 16x16 pixel macro blocks for optimized
compression and improved error robustness [17].

H.264 uses a block-based hybrid coding scheme, combining motion compensation and
transform coding. Images are divided into 16x16 pixel macro blocks, grouped into independent
slices. Key features of H.264/AVC include:

e 4x4 block transformation to reduce complexity.
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Adaptive motion compensation (blocks from 16x16 to 4x4).

Quarter-pixel-accurate motion vectors, achieved through interpolation.

Use of multiple reference frames for improved motion estimation.

Directional spatial prediction optimizes intraframe coding [16].

Coder | ___ ... Contol Dota
Comnirol H
"

— LY S —— i H Crtpast

H

) 1 i i H "
Video Frame — Integer ' Scaling & 1 - - Entropy Code
Divided into Transform H usntization Coding

16 16 muascroblocks

Scaling &
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Compensalion

H Motion Vecwuors
el Maotion
| Estimation|

Figure 1.9. Fundamental structure of an H.264/AVC encoder [16].
H.264 Codec: Encoding and Decoding Process

» Encoding (Compression):
e Transform and Quantization: Converts image blocks into coefficients using a transform
derived from the DCT, then reduces precision (quantization) to optimize compression.
e Bitstream encoding: Converts coefficients and prediction information into compact binary
streams using variable-length coding and arithmetic coding [18].

» Decoding (Decompression):
e Bitstream Decoding: Extracts compressed data (coefficients, structure, and prediction
information).
 Rescaling and Inverse Transforms: Restores coefficients and reconstructs residual blocks.
e Image Reconstruction: Adds reconstructed blocks to the prediction to reassemble the final

image [18].
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1.3.6 BPG (Intra H.265)

The BPG (Better Portable Graphic) format, developed in 2014 by Fabrice Bellard, uses
the intra-part of the HEVC/H.265 codec and integrates an optimized 4-byte header for better
compression [19].

Despite its superior performance, its usage remains limited due to patents related to
HEVC, particularly on the x265 encoder, making its implementation non-free [19].
BPG relies on an adaptive image partitioning into variable-size blocks.
o Larger blocks for uniform areas,
o Smaller blocks for detailed or textured regions [19].
These blocks are then subdivided into transform blocks ranging from 4x4 to 32x32 pixels for
luma (luminance) and 8x8 to 32x32 pixels for chroma (chrominance), following a quadtree

structure, optimized using the rate-distortion algorithm [19].

Input General Coder General
V_-doo Control Control
Signal B Data
v A4
O Transform,
Z: Scaling & k Quantized
Quantization Scaling & Transform
Spiitinto CTUs ® e > Inverse Coefficients
H Transform
. Coded
- H Header Bitstream
1 v Intra Prediction Formatbt::g < —
Intra-Picture ? . Data CABA
Estimation j//'
Intra-Picture
Prediction

Figure 1.10. BPG encoding schema [19].
1.3.7 VTM (Intra VVC or H.266)

The Versatile Video Coding (VVC/H.266) is a new video compression standard
developed by JVET (Joint Video Experts Team) and finalized in July 2020. It reduces video file
sizes by 30 to 50% compared to HEVC (H.265) while maintaining the same quality [20].

¢ Key Improvements in VVC:
VVC introduces several major improvements, including enhanced compression

efficiency. this advancement significantly reduces storage costs and optimizes bandwidth usage
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for streaming. Additionally, the format expands its compatibility by supporting resolutions up to
16K. Another key innovation is the new block partitioning structure, Quad Tree Multi Type
(QTMT), which enables more flexible image segmentation with blocks of up to 128x128 pixels.
By merging coding, prediction, and transformation units into a single element, this approach greatly

simplifies the codec’s architecture [20].

= residual quant. transf. coeff.
input video »>D—> e L sfurn_'l / »  entropy coding |—
- guantization

irme gquant finw

intra prediction transform
predictor ot
\E motion est, / | in loop filter

COMmp.
E

W

r: “decoded picture
buffer v

Figure 1.11.VVC codec structure [20].

e Improved Intra Prediction:
> Number of intra modes: 67 modes, including 65 directional modes, one DC mode, and one

planar mode [20].
> Block size: Intra prediction is applied to blocks from 4x4 to 64x64 pixels [20].
> Redundancy reduction: Uses linear model-based prediction to estimate chrominance samples

from reconstructed luma samples [20].
> Quality improvement: Introduces multiple reference lines to refine prediction and enhance

texture reconstruction [20].
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e

O: Planar
1= DT

Figurel.12. Intra prediction of VVC [20].
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Comparison between H.264, H.265, and H.266:
Here is a comparative table of the principles of H.264. H.265 and H.266

Table 1.6. Comparison between H.264, H.265, and H.266.

Block Diagram Element H.264 H.265 H.266

Block Partitioning Fixed size (16x16) Flexible partitions (up to | More advanced partitions
64x64) (up to 128x128)

intraframe prediction | 9 modes 35 modes More than 65 modes

Transform DCT (Discrete Cosine | DCT/DST up to 32x32 | DCT/DST up to 64x64

Transform) 4x4 and 8x8

Quantization Linear Improved with adaptive | More  refined and
control adaptive quantization

Entropy Coding CABAC Enhanced CABAC Optimized CABAC

with multi-symbols

1.4 Conclusion

This chapter highlights the importance of coding algorithms in image compression and intra
prediction, optimizing storage and data transmission. Techniques such as Huffman coding,
arithmetic coding, and Golomb Rice coding play a key role in reducing redundancy, while
standards like JPEG and JPEG 2000 enhance compression efficiency and quality.

In the context of intra compression, particularly used in video, formats like H.264, H.265,
and H.266 leverage advanced algorithms such as DCT, DWT, and adaptive partitioning, ensuring
better coding efficiency. These methods enable more compact representation of images, thereby
reducing storage space requirements and facilitating their transmission.

The impact of these advancements is significant in the digital field, contributing to more
efficient resource management, cost reduction, and improved performance of communication and
storage systems. Today, these technologies are essential in meeting the growing demands of image

processing and sharing in a connected environment.
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Chapter 2

Deep Learning and Deep Image
Compression

Summarv

This chapter presents the role of deep learning in advancing image compression, with focus on
convolutional neural networks (CNNs) and variational autoencoders (VAEs) enhanced by hyperpriors. It
introduces the basic principles of neural networks and autoencoders, then describes modern compression
techniques that outperform traditional methods like JPEG and JPEG2000 by offering superior visual quality
and greater compression efficiency, particularly through better modeling of spatial dependencies in latent

representations.

Table of Contents:
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2.1 Introduction

Deep learning (DL) is an advanced branch of machine learning, inspired by the human
brain’s ability to process information, recognize patterns, and make decisions [21]. It relies on deep
neural networks to analyze complex data such as text, images, and audio by extracting high-level
representations without the need for manual feature engineering. Deep learning plays a crucial role
in fields like computer vision, speech recognition, and natural language processing, using structures
such as convolutional neural networks (CNNs), recurrent neural networks (RNNs), and generative

adversarial networks (GANS), and has become a cornerstone of modern artificial intelligence [22].

This chapter explores deep learning, focusing on different architectures including artificial
neural networks (ANN), convolutional neural networks (CNN), autoencoders, and methods for

deep image compression.

2.2 Deep Learning

Deep learning is an advanced machine learning method that uses deep neural networks to
automatically extract hierarchical features from data [23]. These networks process information
through successive nonlinear transformations, where early layers detect simple patterns and deeper
layers build complex representations. The success of deep learning is driven by increased
computing power (notably through GPUs), reduced hardware costs, and major algorithmic

advances [24].

2.3 Artificial Neural Network

An artificial neural network (ANN) is inspired by the biological neural network and
functions as an interconnected system of nodes, similar to neurons in the human brain. Each ANN
is structured around two main components: node characteristics and learning rules. Node
characteristics determine how information is processed, including the number of inputs and
outputs, the weights assigned to each, and the activation function used. Learning rules guide how
the weights are initially set and how they are adjusted during training. Together, these components
enable the network to learn and adapt in response to data [25].
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Figure 2.1. A basic feed forward neural network and neuron computation (a) artificial neuron network and (b) the perceptron.

2.3.1 Basic Neural Network Architecture (a):

A typical Artificial Neural Network (ANN) consists of three main components:

e Input Layer: Receives raw input data, where each neuron represents specific features. It may
include preprocessing to prepare the data for the network [26].

eHidden Layers: Located between the input and output, these layers apply mathematical
transformations to the data using weights and activation functions. They are crucial for identifying
complex patterns and learning meaningful representations [26].

¢ Output Layer: Delivers the final output or prediction of the network. The number of neurons

depends on the task, such as the number of classes in classification problems [26].

2.3.2 Basic Principles of Neural Networks (b):

Neural networks rely on adjustable parameters that directly affect their training and
performance. The following is an overview of key principles to enhance the effectiveness of neural
networks:

e Weight Initialization: The method used to define the initial values of the model’s weights before
training (e.g., random initialization) [26].

¢ Bias: The bias in neural networks adjusts the activation function's output by shifting the input,
helping the model fit the data better. It can either increase or decrease the net input depending on

its sign [27].
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e Number of Hidden Layers: This parameter is the depth of the network. More layers allow the
model to capture more complex patterns but can also lead to overfitting [26].

e Number of Neurons per Layer: Affects the network’s ability to learn complex relationships.
Too many neurons can cause overfitting [26].

¢ Activation Function: Adds non-linearity to the model, which enables it to model sophisticated

relationships in the data, for example, ReLLU, tanh, or Leaky ReL.U.

Sigmoid | Leaky RelLU
max(0.1z, )
J{Tj = l4+e—c ’
tanh Maxout
T.anh(:r) max(w! x + by, w3 = + by)
RelLU ELU |
max(0, z) {r? Cz20
; ; ale® —1) <0

Figure 2.2. Types of activation functions in neural networks [26].

¢ Loss function: A loss function quantifies the error between the model's predictions and actual
values, guiding the training process to minimize this error [26].

¢ Learning Rate: Determines the step size taken during weight updates. A rate that is too high may
cause divergence, while one that is too low may slow down training (e.g., 0.1, 0.01, 0.001) [26].

e Batch size: Represents the number of training examples processed in one iteration of gradient
descent. Typical batch sizes are 16, 32, 64, 128, 256, 512, or 1024 [26].

e Epochs: Refer to the number of complete passes through the entire training dataset during the
training process. For example, you might train for 1, 10, 50, or 100 epochs [26].

¢ Gradient Descent: This is an iterative optimization algorithm discovered by “Augustin-Louis
Cauchy” in the 18th century. It is used to train machine learning and deep learning models by
minimizing cost function [28].

> How it works:
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It aims to reach a minimum of function by following the negative gradient. For each iteration
it calculates the first derivative (slope) and updates the parameters in the opposite direction of the
gradient, scaled by learning rates (alpha) [28].

A
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Figure 2.3. Illustration of gradient descent [28].

The cost function measures the average error between predictions and actual values. It
guides the model’s optimization by reducing this error toward the minimum, thus improving its

performance [28].

2.4 The training process of a neural network

The training process of a neural network involves several key steps. First, input data is
collected and preprocessed. Then, the network architecture is defined, including the choice of
layers, number of neurons, activation functions, loss function, and optimization algorithms. During
training, mini batches of data are passed through the network over successive iterations. In each
iteration, forward propagation computes the outputs and the loss, while backpropagation adjusts
the weights based on the calculated gradients to minimize the loss. This process continues until
stopping criteria, such as a fixed number of epochs or early stopping, are met. Throughout training,
the model’s performance is evaluated on a validation set to fine-tune hyperparameters like learning
rate and batch size. Finally, the trained model is assessed on a test set to evaluate its final

performance [29].
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Figure 2.4. Training process of neural network [30].

2.5 Types of neural networks

1)

2)

RNNs (Recurrent Neural Networks): Suited for sequential data such as text or time series.
They retain memory of previous inputs to model temporal dependencies [29].

Generative models: learn from unlabeled data to generate new samples by modeling
probability distributions. They use loss functions to optimize their predictions through
probabilistic processes. Key types include deep models (multilayer networks), autoregressive
models (sequential prediction), transformers (NLP tasks), diffusion models (adding and
removing noise), GANs (generator versus discriminators), and VAEs (compression and data
generation) [31].

CNNs (convolutional neural networks): These are deep learning models designed for visual
data analysis. Inspired by the human visual system, they automatically learn hierarchical feature
representations through convolution and pooling operations, effectively capturing spatial
patterns while maintaining translation invariance and reducing parameter complexity. Their
efficiency and strong performance make them particularly suitable for tasks like object

detection, face recognition, autonomous driving, and medical image analysis [32].
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Figure 2.5. Convolutional neural networks (CNNs) [32].

e Convolutional Layers:

The convolution layer is the first key element of a convolutional neural network (CNN).
It applies fixed-size filters (such as 3x3 or 5x5) to the image using a sliding window function to
detect specific patterns such as edges, curves, or shapes. These filters move across the image,
creating a new grid that highlights the detected patterns [33].
¢ Pooling Layers:

Pooling layers in CNNs compress feature maps via downsampling, boosting
computational efficiency while adding robustness to small input distortions. Unlike convolutional
layers, they contain no trainable parameters, only configurable hyperparameters (filter size, stride,
padding). By extracting key features (max pooling for dominant activations, average pooling for
smoothed values), they reduce spatial redundancy, curb overfitting, and preserve hierarchical
patterns. This balance of simplification and feature retention makes pooling indispensable for
efficient, high-performing CNNs [32].

e Padding and Stride:

Padding and stride influence how the convolution operation is performed, altering the
dimensions (height and width) of the input-output vectors. Padding involves adding zeros around
the input to ensure the output dimensions match the input, improving image analysis and preserving
information at the image borders. Stride controls how the filter moves across the input; a larger

stride reduces the output size, while a smaller stride keeps the output size larger [33].
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e Fully Connected Layers:

A fully connected or dense layer connects every neuron in one layer to every neuron in
the next. The output from the final convolutional pooling layer is flattened into a 1D vector and fed
into fully connected layers, where each input links to an output via learnable weights. After feature
extraction and downsampling, fully connected layers map these features to produce final outputs
[33].

Finally, the softmax layer is applied to generate probability values for each possible output

label, and the predicted label is the one with the highest probability score [33].

2.6 Autoencoders

Autoencoders are neural network architectures used for unsupervised learning. They are
primarily used for data compression and extracting useful representations. There are variants like
“generative autoencoders”, which learn latent models to generate new data, or “variational
autoencoders”, which learn latent distributions of data to generate new data. Autoencoders can be

applied to both generic and image data, often using CNNSs [34].

The architecture of an autoencoder consists of two parts: the encoder and the decoder.
During training, both parts are used, but for dimension reduction on new data, only the encoder is
needed. The encoder transforms the input data into a lower-dimensional version, ultimately
reaching the bottleneck layer, which contains the reduced representation of the data. Then, the
decoder tries to reconstruct the original data from this representation. The goal is for the

reconstructed data to be as close as possible to the input data [34].

Reconstructed
Image

Latent space % 7/
Representation
-

Input Image

v v v

Encoder Bottleneck Dececder

Figure 2.6. Auto-encoder architecture [35].
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2.7 Deep image compression

2.7.1 Nonlinear transform codes for perceptual quality:

This section introduces an advanced framework for optimizing nonlinear transform coding
through a fully differentiable and end-to-end learning approach. The primary objective is to
improve the balance between compression efficiency (bitrate) and perceptual quality, moving
beyond traditional fidelity metrics such as PSNR, which do not always align well with human
visual perception. Instead, the framework integrates perceptual distortion measures that better

capture how humans perceive image quality [36].
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Figure 2.7. End-to-End image compression framework with perceptual distortion and entropy rate optimization [36].

The process begins with an analysis transform (g,), which is a parametric and
differentiable function applied to the input image to extract meaningful features for compression.
These features are then quantized using scalar quantization. However, since the quantization
operation (e.g., rounding) is inherently non-differentiable, it is approximated during training by
adding uniform noise (U~ [—0.5, 0.5]). This trick enables the entire pipeline to be optimized using

gradient-based methods [36].

After quantization, the compressed features are passed through synthesis transform(g;),
which reconstructs the image. The reconstructed output is then compared to the original using a
perceptually aware metric. The overall performance is evaluated using two components: (1) the
entropy of the quantized representation, which relates to the number of bits required to encode the
image, and (2) a distortion metric that reflects the perceptual difference between the original and

reconstructed images [36].
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The overall cost function to be minimized is defined as follows:
L[ga gs] = H[Pq] + AE||z — Z|] (2.1)

Here, H [Pq] denotes the entropy, and AE ||z — Z|| represents the perceptual difference between

the original and reconstructed data, with A compression rates and visual fidelity [36].

The analysis transforms uses Generalized Divisive Normalization (GDN) [37], inspired by
the human visual system, which better captures local contrast and texture information. An
approximate inverse of GDN is used for the synthesis step. For perceptual evaluation, the
Normalized Laplacian Pyramid (NLP) [38] is used as a metric, providing a more accurate
assessment of visually perceived distortions [36].

Experiments show that combining GDN with the NLP perceptual metric achieves better
visual quality at similar bitrates, outperforming classical methods like the DCT, even with simpler
uniform quantization. In particular, under low bitrate conditions, this approach preserves
perceptually important details and reduces visually disturbing artifacts much better than traditional
methods [36].
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Figure 2.8. Rate-Distortion performance of transform coding methods on the Kodak image set [36]1.
Figure 2.8 compares different image compression methods (DCT, DCT with a dead zone,
and linear GDN approaches optimized for MSE or NLP) by measuring their PSNR (quality) against

entropy (compression rate). It shows that modern methods, such as GDN optimized for NLP, offer
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a better quality-rate trade-off, surpassing classical techniques by preserving high perceptual quality

even at low bitrates [36].

2.7.2 End-to-End Optimized Image Compression:

In [39], the authors introduce an innovative image compression method based on deep
learning, optimized in an end-to-end fashion. Unlike traditional methods like JPEG or JPEG 2000,
which rely on separate stages (transform, quantization, entropy coding), the proposed method
integrates all these steps into a single neural network trained globally to minimize the trade-off
between compression rate (bitrate) and image reconstruction quality. Using a deep autoencoder
framework interpreted as a variational autoencoder (VAE) [39].

The model is built around two main components: an analysis transform that extracts latent
representations from the input image and a synthesis transform that reconstructs the image from
these latent codes. Both components are implemented using deep, nonlinear convolutional
networks. A key feature of the architecture is the use of GDN, inspired by mechanisms in the human
visual system, which helps decorrelate the filter responses and Gaussianize their distributions to

improve coding efficiency [39].

To enable training through backpropagation, the quantization step, which is normally non-
differentiable, is approximated during training by adding uniform noise. In its original form,
quantization is defined by rounding to the nearest integer:

yi = q; = round(y;) (2.2)

Which is not differentiable and therefore problematic for gradient-based learning. To

overcome this, the authors replace the hard quantization with continuous relaxation during training:
yi=yi +A4y (2.3)
Where: Ay = U~[—0.5,0.5], which simulates quantization noise in a differentiable way [39].

The core optimization objective is based on the classical rate distortion trade-off, defined

as

L=R+\D (2.4)

Where R is the estimated rate (in bits per pixel), D is the distortion (often measured by mean
squared error), and A (lambda) is a scalar controlling the balance between file size and visual quality

[39].
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Lhapter 2

The proposed method outperforms JPEG and competes with JPEG 2000, especially at low
bitrates. Despite using MSE as the training criterion, it produces visually more natural images, as
confirmed by MS-SSIM. This highlights the effectiveness of deep learning in learning compact,

optimized representations for image compression [39].

These results include additional example images compressed at relatively low bit rates,
providing visual insight into the qualitative nature of compression artifacts. Metrics such as MS-
SSIM and PSNR are used to evaluate the fidelity of reconstructed images [39].
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Figure 2.9. Rate—distortion curves for the luma component of images [39].

Tests show that their new compression method gives better image quality for the same file
size than old codecs. In the graphs, the JPEG and JPEG 2000 curves stay far below ours across all
bitrates, meaning they add more distortion at every setting. Sample images at very low bitrates
back this up: JPEG and JPEG 2000 create blocky and ringing artifacts, while our method keeps

edges sharp and textures clear, achieving higher visual quality without using more bits [39].

2.7.3 Variational image compression with a scale hyperprior:

Recent approaches to image compression rely on deep generative models, particularly VAEs.
These methods transform an image x into latent representation y, which is then quantized into § to
enable efficient compression through entropy coding. The main objective is to minimize cost
function that combines the compression rate (number of bits used) and distortion [40].

e Factorized prior model:
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The factorized prior is simplifying assumptions used in compression models based on latent
representations (such as VAEs). It assumes that the latent variables § = (¥4,¥,, ...,¥,) are

statistically independent from each other [40].

Thus, the joint distribution of the latent vector factorizes into the product of the marginal
distributions of each latent variable:
p(@) =1ILip3 () (2.6)
To model the effect of quantization, each y is convolved with a centered uniform
distribution representing quantization noise.
This simplification means the model treats each latent variable separately, ignoring any
correlation or spatial dependencies between them. While this makes entropy coding and
optimization easier, it limits the model’s ability to capture important structural relationships (such

as edges or textures) within the latent space, which can reduce compression performance [40].
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Figure 2.10. Image compression using VAE with factorized prior.
» Encoder(g,):

The encoder transforms the original image into a into compressed version y by applying
local convolutions (55 filters) and nonlinear normalization (GDN), which simulates human visual
adaptation. This step extracts essential features while reducing data size [40].

» Quantization and coding:
The latent representation y is quantized into ¥ to reduce numerical precision. Then, ¥ is

compressed into compact binary file using non-adaptive arithmetic coders. The model assumes that
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the elements of y are independent and follow a univariate distribution that is identical across all
images. This means the probabilities used for encoding are fixed and do not depend on the specific
image [40].

» Decoder (gy):
The decoder receives the compressed file, decompresses it, and then applies inverse

operations (convolutions and IGDN) to reconstruct an image that closely approximates the original.
This process optimizes visual quality while maintaining an efficient compression rate [40].
e Hyperprior Model:

To overcome the limitations of the factorized model, the authors introduce hyperprior, an
additional latent vector z used to model the local scale (variance) of the latent variables y. Each
v;is modeled as zero-mean Gaussian with variance conditioned on z:

p ("'/z) = N(0,07) 27
where o = hy (2)

This allows the model to represent local spatial variation more effectively. The vector z is

derived from y via a function h, (y) then quantized and transmitted as side information. At the

decoder side, Z'is used to reconstruct g, improving the entropy model used to decode y [40].
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Figure 2.11. Network architecture of the hyperprior model [40].

> Latent representation:
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The image is first transformed into latent representation y by an encoder. This
representation contains the essential information needed for reconstruction, but it still needs to be
efficiently compressed [40].

» Hyperprior generation (2):

To improve the modeling of y, the secondary network (h,) generates an auxiliary variable
z from y. This variable captures statistical information (such as local scale or variance) useful for
predicting the distribution of y [40].

» Probability estimation:

After the latent representation y is extracted from the image, it is used to generate an
auxiliary latent z through a second network (h,). This z is then quantized into Z and passed to a
synthesis network (hs), which predicts for each element of § two key statistical parameters: the
mean (Q), representing the expected or central value, and the standard deviation (o), indicating
how much variation or uncertainty exists around that mean. These values define tailored
probability distribution for each point in ¥, which allows the arithmetic coder to compress the
data more precisely. By adapting the encoding to the image content through these predicted
distributions [40].

» Conditional Arithmetic Coding

The probabilities used in the arithmetic coder are no longer fixed or assumed to be the same
for all elements. They are dynamically computed from Z, making the encoding process more
accurate and efficient [40].

» Reconstruction:
The decoder uses Z and ¥ to reconstruct the final image, the reconstructed image has higher

visual quality at the same bit rate compared to classical methods [40].

2.8 Conclusion

This chapter has provided an in-depth analysis of how deep learning has revolutionized
image compression. We have seen that traditional techniques like JPEG and JPEG2000, although
efficient in their time, are now being surpassed by modern approaches based on deep learning,
particularly convolutional neural networks (CNNs) and variational autoencoders (VAEs) with

hyperpriors. These models benefit from powerful tools such as convolution operations, pooling,
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nonlinear activation functions like ReLU, and advanced optimization techniques such as the
gradient descent.

By enabling end-to-end learning, deep models automatically discover the most efficient way
to represent and compress images, optimizing both bitrate and visual quality. The integration of
hyperpriors into VAEs, in particular, has greatly enhanced the modeling of spatial dependencies,

resulting in more efficient compression and higher perceptual fidelity.
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Results and Discussion

Summarv

This chapter presents thorough evaluation comparing traditional image compression algorithms with
state of the art deep learning based models. The performance metrics like a peak signal noise ratio (PSNR)
and visual quality assessments are utilized on benchmark datasets. The analysis demonstrates that methods
based on deep learning (variational autoencoder) offer markedly improved compression efficiency and
reconstruction quality. These findings highlight the increasing viability of deep learning approaches as

powerful alternatives to conventional compression techniques.
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Chapter 3 Results and Discussion

3.1 Introduction

In this chapter, we present the results of our simulation study on image compression
techniques, focusing on both traditional codecs and modern deep learning (DL) methods. The main
objective is to assess the effectiveness of each approach in reducing image size while preserving
visual quality.

Our evaluation covers established conventional codecs such as JPEG [41], JPEG 2000 [42],
and BPG [43], alongside advanced DL models based on autoencoders, specifically the factorized
VAE [40] and hyperprior VAE [40] architectures. These models were trained using Flicker 2W
datasets [44] and tested on widely recognized benchmark datasets, including Kodak [45] and
Tecnick RGB [46], to ensure reliability and fairness in the comparative analysis.

To objectively measure the rate distortion (RD) performance, we utilized widely accepted
metrics: Peak Signal to Noise Ratio (PSNR), Structural Similarity Index (SSIM), and bitrate (bit
per pixel). These metrics enable the creation of rate distortion curves, facilitating comprehensive
analysis of the trade-offs between compression efficiency and image fidelity across the different

techniques.

3.2 Software Material

We trained our model using the PyTorch library with GPU (RTX 3060 Ti) acceleration to
improve computational efficiency. To evaluate image compression performance, we applied our
custom techniques, namely the factorized and hyperprior models, and computed the PSNR, the
bitrate, and the SSIM using Google Colab. In parallel, we used MATLAB 2019a to implement
classical compression methods such as JPEG, JPEG 2000, and BPG. We then used Google Colab

to plot and compare the performance curves of all compression techniques.

3.3 Metrics

In this work, we evaluated the performance of image compression techniques using
various metrics. The first metric used is PSNR, which measures the difference between the original
image and the compressed image. A higher PSNR value indicates better reconstruction quality [47].

The general form of PSNR is given by

2552
PSNR(f, g) = 10l0gy, (MSE—M) 3.1)

Where MSE (Mean Squared Error) is defined as
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MSE(f,g9) = — M, YV (f — 9)? (3.2)

MxN

Here, f and g represent the pixel values of the original and reconstructed images,
respectively, and MxN is the image resolution.

Additionally, bitrate represents the amount of data required to store an image after
compression. It is expressed in bits per pixel (Bpp) and helps evaluate the efficiency of a
compression method. An effective algorithm aims to reduce the bitrate while preserving acceptable
visual quality [45].

Furthermore, SSIM is a metric that evaluates the similarity between two images by
considering luminance, contrast, and structure. It provides a value between 0 (no similarity) and 1
(identical images). Unlike PSNR, SSIM is more consistent with human visual perception [47].

The general form of SSIM is given by:
SSIM(f,9) = I(f, 9)c(f, 9)s(f. 9) (3.3)

Where I(f, g) is the luminance comparison, c(f, g) is the contrast comparison, and s(f, g) is the
comparison?
The combined formula is expressed as:

(2ufug+Cy)(2osg+Ca)
(UF+uG+C1)(of+05+C;)

SSIM(f, g) =

(3.4)

Here, py and pgare the means of images f and g. ,uj% and ,ug are their variances, and o5, their

covariance. Constants C; and C, help stabilize the formula and avoid division by zero.

e Datasets:
To evaluate the performance of various image compression techniques, we used two

datasets that are well established in the scientific literature.

The first, “Kodak,” consists of 24 uncompressed color images with a resolution of
768x512 pixels. These images cover a variety of natural scenes, textures, and colors and are
commonly used to evaluate the performance of image compression algorithms [45].

The second dataset, “Tecnick RGB Dataset,” includes 100 high-resolution images
(1200x%1200 pixels) and is known for its high level of visual detail, making it useful for evaluating
compression performance under demanding quality conditions [46].
¢ Training:

On the other hand, we trained our model using the “Flicker 2W images” dataset, which
contains around 20,000 images sourced from the Flickr platform [44]. These images offer a broad

range of scenes and objects, enabling the model to generalize well across diverse visual content.
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To standardize input size and reduce computational costs, all images were resized to 256x256
pixels with three RGB channels.

Meanwhile, we conducted the training over 200 epochs, with a batch size of 8. To optimize
the model, we selected an optimizer with an initial learning rate of 0.0001. The momentum
parameters were set to bi = 0.9 and b2 = 0.999, helping stabilize weight updates. Furthermore. To
speed up data loading, we saved visual samples every 200 iterations to monitor the qualitative
progress of the model. For the quantization, we set the lambda value to 2048, which plays a key
role in controlling the compression level and the quality of the reconstructed images.

We performed training on the model using the "Flickr 2W images™ dataset. The training
script was developed in PyTorch to monitor and reduce the loss function across epochs. This
approach aimed to progressively improve the model’s accuracy by minimizing the loss during each
training iteration.

To evaluate the model’s performance during training, we plotted the training loss against the

Number of epochs as shown in Figure 3.1:
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Figure 3.1. Evolution of training losses during model training.

Figure 3.1 illustrates the gradual change in the loss function value during the 200 epochs of
training. A continuous decrease in loss can be observed as training progresses, indicating a gradual
improvement in the model’s ability to minimize errors and reconstruct images more accurately over
time. This decline reflects the effectiveness of the training process and the model’s stability in

adapting to the training data.
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Figure 3.2. Image quality evolution across training epochs.

The figure 3.2 results illustrate the evolution of the training process, showing how the loss
decreases across epochs and how image quality improves progressively throughout the
optimization. Figure 3.2 shows clear improvement in visual quality as the number of training
epochs increases. Early outputs are blurry or noisy, while later ones become progressively sharper

and more faithful to the original.

3.4 Rate-distortion (RD) performance

The concept of RD performance is a key measure in image compression, representing the
trade-off between compressed file size (bitrate) and visual quality (distortion). The objective is to
compress the image while preserving image fidelity. To quantify visual quality, standard metrics
such as PSNR (dB) and SSIM are used, enabling consistent comparisons between original and
compressed images.

In this part, we evaluate the RD performance of different image compression techniques,
chosen to represent both traditional methods (JPEG [41], JPEG2000 [42], BPG [43]) and recent
DL-based models (factorized and hyperprior variational autoencoder (VAE)). Two image datasets
are employed to evaluate these methods: the Kodak dataset containing 24 natural images and a
custom Tecnick RGB dataset of 100 images.

For each compression method, we first calculated the bitrate (Bpp), the PSNR (dB), and
the SSIM values for each of the 24 images of the Kodak dataset. Then, we computed the average
of these values to obtain a global measure of RD performance for each method. The resulting
average values are presented in the following tables, providing concise comparison of the RD
behavior of the tested approaches.
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Table 3.1. The RD performance results of JPEG codec using Kodak dataset.
Quality 4 6 15 30 45 70 80 85
Bitrate | 0.2006 | 0.2441 0.4257 0.6601 0.8497 1.2398 | 1.5718 | 1.8588
(Bpp)
PSNR | 22.77 24.67 28.14 30.49 31.83 33.93 35.40 | 36.50
(dB)
SSIM | 0.6295 | 0.7458 0.8797 0.9258 0.9435 0.9624 |0.9714 | 0.9768

Table 3.1 shows that as the quality setting increases, the bitrate also increases, resulting in
better image quality as measured by PSNR and SSIM. However, the improvement in quality

becomes less noticeable at higher quality levels, indicating diminishing returns in compression

performance.
Table 3.2 presents the RD performance results for the JPEG2000 codec, allowing us to

compare its performance with JPEG codecs.

Table 3.2. The RD performance results of JPEG 2000 codecs using Kodak dataset.

Quality | 26 27 30 33 35 37 39 40
Bitrate | 0.1543 | 0.2041 | 0.4124 | 0.7308 1.0031 | 1.3341 |1.7397 ] 1.9766
(Bpp)
PSNR | 25.60 | 26.62 29.63 32.68 34.70 36.69 | 38.65 | 39.56
(dB)
SSIM |0.8213 | 0.8489 | 0.9092 | 0.9472 0.9630 | 0.9740 |0.9815 | 0.9843

Table 3.2 indicates that as the quality parameter increases, both the bitrate and the image
quality metrics (PSNR and SSIM) improve significantly. Notably, the SSIM values are generally
higher compared to the previous method, suggesting better preservation of structural details in the
compressed images. The bitrate increases steadily, reflecting the trade-off between compression

level and image fidelity.
Table 3.3 shows the RD performance of the BPG codec, providing further insight into

advanced compression techniques.
Table 3.3. The RD performance results of BPG codecs using Kodak dataset.

Quality 46 36 32 31 29 26 23 21
Bitrate | 0.0809 | 0.3825 | 0.6377 | 0.7175 | 0.8930 | 1.2059 | 1.5807 | 1.8914
(Bpp)
PSNR | 26.93 31.67 34.07 | 34.73 35.99 37.84 | 39.56 40.60
(dB)
SSIM | 0.8322 | 0.9324 0.9575 | 0.9626 | 0.9706 | 0.9793 | 0.9850 | 0.9880
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Table 3.3 shows a significant increase in PSNR and SSIM as the quality parameter rises
from low to medium levels. Notably, high quality is attained at moderate bitrates, demonstrating
efficient compression that balances quality and bitrate better than previous methods.

Table 3.4 shows us the results of the deep image compression method [40]. This method
utilizes the VAE to code and decode the image. In addition, this method utilizes the factorized
techniques to calculate the probability of latent values for arithmetic coding.

Table 3.4. The RD performance results of factorized VAE codecs using Kodak dataset.

Quality 1 2 3 4 5 6 7 8
Bitrate | 0.1223 | 0.1882 02927 | 0.43971 | 06539 | 1.0495 | 1.3495 | 1.8040
(Bpp)
PSNR | 26.9087 | 282179 | 29.6819 | 312779 | 33.0409 | 35.308 | 37.3969 | 39.6213
(dB)
SSIM 0.9099 0.9360 0.9551 0.9703 0.9806 0.9878 0.9921 0.9951

This model shows a gradual and consistent increase in both PSNR and SSIM with higher
quality levels. Notably, it reaches high visual quality at mid-range bitrates, reflecting its strong
capacity to compress efficiently while preserving fine image details and structural similarity.

Table 3.5 shows us the RD performance of the hyperprior VAE model, highlighting the

effectiveness of DL-based compression compared to traditional methods.
Table 3.5. The RD performance results of hyperprior VAE codec using Kodak dataset.

Quality 1 2 3 4 5 6 7 8
]?g;;;t)e 0.1311 0.2080 0.2194 0.7476 0.6671 0.9372 1.2566 1.3565
PSNR

(dB) 27.5815 | 29.1966 | 30.9721 32.8381 34.5262 | 36.7435 | 38.5386 | 40.5568

SSIM 0.9173 0.9420 0.9610 0.9748 0.9835 0.9892 | 0.9928 0.9954

The hyperprior VAE model [40] demonstrates impressive performance, achieving high
PSNR and SSIM values even at low bitrates. Compared to other methods, it maintains excellent
quality with low bitrate, indicating its effectiveness in preserving both pixel fidelity and structural
details during compression.

Now, we draw the curves of the RD performance of various image compression methods
on the Kodak and Tecnick RGB OR_1200x1200 datasets. The curves include PSNR vs. BPPand
SSIM vs. BPP, allowing us to compare the compression performance of different codecs at varying

compression rates.
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The curves of RD performance are built using the numerical data from the previous tables.
They help to better visualize the RD performance of each compression method by showing how
image quality (PSNR and SSIM) changes with the bitrate. This visual representation makes it easier

to compare the efficiency of the methods.

3.4.1 Kodak dataset:
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Figure 3.3. The RD performance of different image compression methods on Kodak datasets using PSNR metric.

Figure 3.3 shows us the performance of different compression methods on the Kodak dataset.
DL models, especially hyperprior and factorized VAE, outperform traditional codecs by delivering
better image quality at similar bit rates. The hyperprior VAE achieves the highest PSNR, showing
strong reconstruction even at low compression rates.

BPG closely follows and outperforms traditional methods, demonstrating that it remains an
effective alternative. Classic approaches such as JPEG2000 and especially JPEG lag behind, with
significantly lower PSNR values, particularly at low Bpp rates.
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Figure 3.4. The RD performance of different image compression methods on Kodak dataset using SSIM metric.
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Figure 3.4 shows us the performance of image compression methods when we use the

SSIM metric. Figure 3.4 shows that DL methods effectively preserve visual structure during
compression. Hyperprior VAE leads with the highest SSIM values, whereas traditional codecs like

JPEG and JPEG2000 experience notable drops at low bitrates, reflecting weaker structural
retention.

3.4.2 Tecnick RGB_OR 1200x1200:
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Figure 3.5. The RD performance of different image compression methods on Tecnick RGB dataset using PSNR metric.

Figure 3.5 shows a comparison of image compression performance across different codecs.
The evaluation based on PSNR versus Bpp shows that hyperprior VAE consistently achieves the
highest PSNR across all bitrates, outperforming other codecs, especially at low rates. The
factorized VAE follows closely, outperforming BPG, which remains competitive but less effective.
JPEG 2000 performs better than JPEG but falls short of BPG's efficiency, while JPEG shows the
weakest performance overall.
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Tecnick RGB_OR_1200x1200 dataset
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Figure 3. 6. The RD performance of different image compression methods on Tecnick RGB using SSIM metric.

Figure 3.6 shows a comparison of image compression performance across different codecs.
The RD performance is evaluated based on the SSIM against Bpp. Figure 3.6 shows us that
hyperprior VAE and factorized VAE offer significantly better image quality (SSIM) at the same
compression rate compared to traditional methods. The hyperprior VAE is the most effective,
closely followed by the factorized VAE. Traditional methods like JPEG and JPEG2000 are
considerably less efficient, while BPG falls somewhere between the DL-based method and the

JPEG codec. This highlights the effectiveness of modern approaches to image compression.

3.5 Visual Performance

While objective metrics such as PSNR (dB) and SSIM provide valuable insights into the
compression quality, they do not always reflect the human visual perception. Therefore, visual
evaluation is essential to assess how compression affects the perceptual quality of the images.

In this section, we present a visual comparison using representative images from the Kodak
dataset. The same image has been compressed using different techniques, allowing us to observe
how each method preserves visual details, textures, and overall clarity. This qualitative analysis
complements the numerical results and highlights perceptual differences that may not be evident

through metrics alone.
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Original image BPG Factorized VAE Hyperprior VAE

Figure 3.7. Visual quality comparison between different image compression methods

To assess the visual quality of compressed images more effectively, we selected sample
images from the Kodak dataset and zoomed into specific regions. This allows us to closely examine
fine details and understand how each compression method affects the image's structure and clarity.

From the visual inspection of these enlarged areas, we observe that deep learning based
compression methods, such as hyperprior VAE and factorized VAE, preserve the original image
quality significantly better. The details remain sharp, and the structures are clearly visible even at
high compression levels.

BPG, although not based on DL, performs notably well. It maintains more image detail than
traditional methods and produces fewer artifacts, placing it between classical and learned
approaches in terms of quality.

In contrast, traditional methods like JPEG and JPEG2000 tend to introduce noticeable
artifacts, blurring, and loss of detail, especially under strong compression.

This visual comparison highlights the superiority of learned compression techniques, with

BPG as a strong non-deep alternative, in maintaining both visual fidelity and structural consistency.

3.6 Discussion

» Comparison between hyperprior VAE and factorized VAE:

The Hyperprior VAE outperforms the Factorized VAE in terms of compression efficiency

and visual quality. By leveraging additional side information for entropy modeling, the Hyperprior.
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model achieves higher PSNR and SSIM values, especially at low bitrates. While both models are
effective, the Hyperprior VAE demonstrates superior reconstruction accuracy and reduced artifacts,
making it the more advanced of the two.

» Comparison between traditional and DL-based compression techniques:

Traditional compression methods like JPEG and JPEG2000 often cause visual artifacts such
as blocking and blurring, particularly at low bitrates or with complex images, due to their reliance
on non-adaptive algorithms. In contrast, DL-based models such as factorized VAE and hyperprior
VAE learn adaptive representations from data, enabling them to better preserve image details and
structure. Although requiring more computation during training, these models achieve significantly
higher image quality and compression efficiency, marking a clear advantage over traditional
codecs.

» Objective metrics (PSNR vs. SSIM):

Traditional techniques such as JPEG and JPEG2000 demonstrate limited ability to preserve
image fidelity, especially at low compression rates. Their PSNR and SSIM values are generally
lower, indicating more distortion and structural loss.

In contrast, DL-based methods like factorized VAE and hyperprior VAE achieve
significantly better performance, maintaining higher image quality across a range of bitrates. These
models consistently show stronger structural similarity and lower distortion levels.

» Visual quality assessment:

Visual inspection supports the quantitative results. DL methods provide sharper edges,
clearer textures, and fewer artifacts compared to traditional codecs. In detailed image regions, they
preserve content that is often degraded by classical methods.

Among traditional codecs, BPG offers a better trade-off between quality and compression
than JPEG or JPEG2000, but it still does not reach the perceptual quality of deep learning
approaches.

» Training efficiency:

The DL models were trained on a large and diverse dataset, with optimized hyperparameters
and a well-structured learning schedule. The training process demonstrated a steady decrease in
loss, indicating effective learning of compression patterns and a solid balance between data size

and visual quality.
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3.7 Conclusion

This study offers a thorough comparison between traditional and DL-based image
compression techniques, supported by objective metrics and visual evaluations. The results clearly
show that DL methods provide superior performance in terms of compression efficiency and
perceptual quality, especially at lower bitrates.

Models such as hyperprior VAE and factorized VAE outperform traditional codecs in
maintaining image fidelity and structural consistency. These findings are further supported by
stable training behavior and effective generalizations, made possible through the use of a large and
diverse dataset and well-chosen training parameters.

Although traditional methods remain relevant due to their simplicity and wide adoption,
their limitations become apparent when compared to learned models. The consistent performance
of deep compression techniques across different datasets confirms their growing potential as a new

standard in the field.
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General Conclusion

In this study, we explored and systematically compared the effectiveness of various image
compression techniques, focusing on both traditional algorithms (JPEG, JPEG2000, BPG) and
modern deep learning based approaches (factorized and hyperprior). We evaluated their
performance in minimizing storage requirements while preserving visual quality, using objective
metrics such as PSNR, SSIM, and bitrate.

Our findings clearly demonstrated that deep learning models significantly outperformed
classical methods, especially at lower bitrates. The factorized and hyperprior architectures
consistently delivered superior image quality and structural fidelity, as evidenced by their strong

performance across both the Kodak and Tecnick benchmark datasets.

In addition to quantitative metrics, visual assessments confirmed that deep learning
methods better preserved fine image details and introduced fewer artifacts compared to traditional
codecs. While BPG emerged as a strong non-deep learning alternative offering better quality than

traditional techniques, it still fell short of the perceptual quality achieved by learned models.

In conclusion, this study underscores the increasing potential of compression techniques
based on deep learning as a robust and efficient alternative to traditional methods, positioning them
as a promising foundation for the next generation of image compression standards. By leveraging
advanced neural architectures such as the factorized and hyperprior models, these techniques not
only achieve superior rate distortion performance but also demonstrate remarkable adaptability
across diverse image datasets. As computational resources become more accessible, the integration
of such models into real-world applications is expected to accelerate, offering enhanced visual
quality, reduced storage demands, and improved transmission efficiency across various digital

platforms.
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