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Low power encoder for embedded monitoring.

Abstract

This thesis, titled ”Low Power Encoder for Embedded Monitoring,” focuses
on the development of efficient image compression techniques tailored to the
needs of embedded monitoring systems. These systems, often constrained by
limited energy and computational resources, require innovative approaches
to ensure effective data processing and transmission. The study empha-
sizes low-complexity and energy-efficient algorithms utilizing the Discrete
Cosine Transform (DCT) and Discrete Tchebichef Transform (DTT), which
are widely used for data compression in digital media, telecommunications,
and storage systems.

A novel 8-point DCT approximation is proposed, achieving up to a 1 dB
improvement in image quality compared to existing methods while main-
taining a computational structure optimized for energy-sensitive embedded
monitoring applications. A pruned version of this DCT further enhances
the trade-off between performance and efficiency. Additionally, two new
DTT approximations are introduced, reducing computational complexity and
improving compression performance. These approximations are validated
through FPGA implementations, demonstrating superior hardware perfor-
mance and energy efficiency, with a quality gain of up to 2 dB compared to
state-of-the-art DTT methods.

Furthermore, the thesis presents a novel algorithm for generating cus-
tomized quantization tables and coefficient orderings specifically designed
for the proposed DCT and DTT approximations. This algorithm consis-
tently improves image quality, delivering an average PSNR increase of 0.3
dB, thereby enhancing the overall performance of the encoder.

The contributions of this research provide significant advancements in
the design of low-power encoders for embedded monitoring systems. By
addressing the challenges of energy efficiency and computational complexity,
the proposed methods offer practical solutions for modern embedded systems
and other resource-constrained signal processing applications.

Keywords: Low power encoder, Embedded monitoring, DCT/DTT ap-
proximations, JPEG, Quantization, Low-complexity algorithms, Lossy com-
pression
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Encodeur de faible consommation énergétique

pour la surveillance embarquée.

Résumé

Cette thèse, intitulée ”Encodeur de Faible Consommation énergétique pour
la Surveillance Embarquée,” explore les avancées en compression d’images
avec un accent particulier sur des techniques à faible complexité et effi-
cacité énergétique adaptées aux systèmes de surveillance embarqués. L’étude
porte sur la Transformée en Cosinus Discrète (DCT) et la Transformée de
Tchebichef Discrète (DTT), essentielles pour une représentation efficace des
données dans les médias numériques, les télécommunications et les systèmes
de stockage. L’objectif est de développer des algorithmes novateurs répondant
aux contraintes computationnelles et énergétiques des environnements à ressources
limitées, tels que les applications embarquées et en temps réel.

Une nouvelle approximation 8 points de la DCT est proposée, offrant une
amélioration de qualité d’image allant jusqu’à 1 dB par rapport aux méthodes
existantes tout en conservant une structure computationnelle adaptée aux ap-
plications sensibles à l’énergie. Une version élaguée de cette approximation
est également introduite pour améliorer davantage le compromis entre effi-
cacité et performance. De plus, deux nouvelles approximations de la DTT
sont développées, permettant des réductions significatives de complexité com-
putationnelle et une performance accrue en compression. Ces méthodes sont
validées par des implémentations sur FPGA, démontrant des performances
matérielles et une efficacité énergétique supérieures, avec un gain de qualité
atteignant 2 dB par rapport aux approximations DTT les plus avancées.

La thèse présente également un algorithme innovant pour générer des
tables de quantification et des ordonnancements de coefficients personnalisés,
optimisés pour des approximations spécifiques de la DCT et de la DTT.
Cet algorithme améliore constamment la qualité des images, atteignant une
augmentation moyenne du PSNR de 0,3 dB.

Globalement, cette recherche offre des avancées significatives en compres-
sion d’images, proposant des solutions à faible complexité et haute efficacité
pour les systèmes de surveillance embarqués modernes et d’autres applica-
tions de traitement du signal. Ces contributions sont cruciales pour relever
les défis d’efficacité énergétique et de contraintes computationnelles dans des
environnements limités en ressources.

Mots-clés : Approximations DCT/DTT, JPEG, Quantification, Systèmes
embarqués, Algorithmes à faible complexité, Compression avec perte
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.١൑৭׿िऻا ஈኬቘۑاؓץ١ ١ؓոاڤ܋ ڲרٌءۖ ڲ۾ءۑ

ڲڪٌۘ
ؕ݁ اܳݱިر ݪ؞ޔ ሒᇭ اܳٺޚިرات ،"۰෠੼ڎৎ৊ا గጻዧݠاڢٴ۰ اܳޚ؇ڢ۰ ݁ٷۛڰݥ "݁ލڰّݠ ًأٷިان ،۰༡ޗݠو৙৑ا ۱ڍه ོྥٷ؇ول
اৎ৊ݠاڢٴ۰ ৙৑َޙ۰݄ ۊݱ٭ݱً؇ ݁ݱ۰݄݄ ༟؇ܳ٭۰ ޗ؇ڢ۰ و܋ڰ؇ءة ݁ٷۛڰݥ ّأگ٭ڎ ذات ّگٷ٭؇ت আॻ༟ ༠؇ص ଩ଃ܋ߵ ߙ
(DTT)، ᄭᄥٷڰݱৎ৊ا ྘૰૜ٴ྘ލ٭ژ ᄭᄥل ިොູو (DCT) ᄭᄥٷڰݱৎ৊ا اࡺ࢘ࢦ؇م ۏ٭ص ᄭᄥل ިොູ আॻ༟ اᄴᄟراݿ۰ ஼ߵணߙ .۰෠੼ڎৎ৊ا
ا୒ୖڎف .દઊاܳٺۛݞ وأَޙ۰݄ وا৖৑ّݱ؇৖৑ت اᆇᅪීෂ٭۰ اܳިݿ؇فޔ ሒᇭ ڣأ؇ل ႟ၽ૰૖ اܳٴ٭؇َ؇ت ࡺ࢘ࢦټ٭ܭ ඔ൹ٺ྘أݿ؇ݿ ّأڎان ඔ൹ٺይዧا
اܳٺޚٴ٭گ؇ت ݁ټܭ اৎ৊ިارد، ො੼ڎودة اܳٴ྘٪؇ت ሒᇭ واܳޚ؇ڢ۰ ۰ਃಸިݿ؇੆اࠍ اܳگ٭ިد ဪّأ؇ࠍ ݁ٴٺଲ୍ة ۊިارز݁٭؇ت ّޚިߌߵ ި۱

اࠍ੆گ٭ࠔࠫ. اܳިڢب ሒᇭو ۰෠੼ڎৎ৊ا
1 ሌᇿإ لݱܭ اܳݱިرة ۏިدة ሒᇭ ොູފ྘ٷً؇ لިڣݠ َگ؇ط، 8 ذات DCT ᄭᄥل ܳٺۜި ༥ڎࢴࣖ ೞಱّگݠ اڢଫଐاح ቕቆ
ቕቆ პაႰ ይዧޚ؇ڢ۰. اࠍ੆ފ؇ݿ۰ ይዧٺޚٴ٭گ؇ت ݁ٷ؇ݿٴ۰ ۰ਃಸިݿ؇༡ ྲྀྡྷ٭۰ আॻ༟ اࠍ੆ڰ؇ظ ؕ݁ اࠍ੆؇ܳ٭۰ ً؇ܳޚݠق ݁گ؇ر۰َ د྘૭૏ٴܭ
ሌᇿإ ً؇৕৑ݪ؇ڣ۰ .ଫଊأ܋ ႟ၽ૰૖ وا৙৑داء اܳـܝڰ؇ءة ඔ൹ً اܳٺިازن ܳٺأݞߌ߳ ೞಱاܳٺگݠ ۱ڍا ݆݁ ෛ੼ٺ๤ཡة ۰༱૭૙ ቕሹّگڎ
ඔ൹ފොູو ሒᇀިݿ؇੆اࠍ اܳٺأگ٭ڎ ሒᇭ ܋ٴଫଃة ෛູڰ٭ݯ؇ت ොຬگݑ ؇ᆙᆘ DTT، ᄭᄥل ܳٺۜި ༥ڎࢴࣖة ّگݠਊಱ؇ت ّޚިߌߵ ቕቆ ،ዻዧذ
؇ᆙᆘ FPGA، আॻ༟ ਍ಾڰ٭ڍ۱؇ ఈః༠ل ݆݁ ا৙৑ݿ؇ܳ٭ص ۱ڍه ۰ොේ ݆݁ اܳٺۜگݑ ቕቆ وڢڎ اܳٴ٭؇َ؇ت. ݪ؞ޔ ሒᇭ ا৙৑داء
ً؊༡ڎث ݁گ؇ر۰َ د྘૭૏ٴܭ 2 ሌᇿإ ّݱܭ اࠍ੊ިدة ሒᇭ ل؇دة ز ොູگ٭ݑ ؕ݁ ۏ٭ڎة، ޗ؇ڢ۰ و܋ڰ؇ءة ؇ً࿌؜ٺ؇د ً أداء لޙ۳ݠ

DTT. ّگݠਊಱ؇ت
ܳٺگݠਊಱ؇ت ٷ۰ ො੼ُފّ֟ ෛ੼ݱݱ۰، ݁أ؇ఈః݁ت وߙߵ྘ོص ᆇᅀّࡗࡲ ༥ڎاول ܳٺިܳ٭ڎ ݁ٴٺଲ୍ة ۊިارز݁٭۰ ۰༡ޗݠو৙৑ا ّگڎم პაႰ
ل؇دة ز ොຬگݑ ؇ᆙᆘ اܳݱިرة، ۏިدة ඔ൹ފොູ আॻ༟ ً؇ಣಕᕬݠار اࠍ੅ިارز݁٭۰ ۱ڍه ّأ݄ܭ .DTTو DCT ݆݁ ႟ၽܳ ݁أ٭ٷ۰

د྘૭૏ٴܭ. 0 .3 ሌᇿإ ّݱܭ PSNR ሒᇭ ݁ٺިݿޚ۰
݁ٷۛڰݥ ّأگ٭ڎ ذات ৖ً৑ߺࠊ༡ ّިڣݠ ۋ٭ت اܳݱިر، ݪ؞ޔ ሒᇭ ܋ٴଫଃاً ّگڎً݁؇ اᄴᄟراݿ۰ ۱ڍه ّگڎم ༟؇م، ႟ၽ૰૖
اৎ৊ފ؇ᆇᆅ؇ت ۱ڍه ّأُڎ اරඝ৙৑ى. ا৕৑ނ؇رة ۰੊݁أ؇ࠍ وّޚٴ٭گ؇ت గጻዧݠاڢٴ۰ ۰਒ಱڎ੆اࠍ ۰෠੼ڎৎ৊ا ఋዳዧَޙ۰݄ ༟؇ܳ٭۰ و܋ڰ؇ءة

ا௱௯௫ڎودة. اৎ৊ިارد ذات اܳٴ྘٪؇ت ሒᇭ ۰ਃಸިݿ؇੆اࠍ واܳگ٭ިد اܳޚ؇ڢ۰ ܋ڰ؇ءة ොູڎل؇ت ৎ৊ިاۏ۰۳ ل۰ ๤ཚور
݁ٷۛڰݯ۰ ۊިارز݁٭۰ ،۰෠੼ڎৎ৊ا ا৙৑َޙ۰݄ اܳٺᆇᅀࡗࡲ، ، JPEG ، DCT/DTT ّگݠਊಱ؇ت : اिऻء׫ոؼמ١ اڤոஈ࿦࿮ت

ًڰگڎان ݪ؞ޔ اܳٺأگ٭ڎ،
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General Introduction

The rapid advancement of the Internet of Things (IoT) has contributed signif-
icantly to its growing adoption across a wide array of industries. Projections
suggest that by 2030, over 125 billion devices will be connected globally[1]. A
substantial portion of these devices will be part of Wireless Sensor Networks
(WSNs), which consist of autonomous sensor nodes that capture, locally
process, and transmit data wirelessly. These networks function without re-
lying on any predefined infrastructure, rendering them particularly suitable
for diverse embedded monitoring applications, ranging from environmental
surveillance to industrial monitoring systems.

This thesis focuses on the deployment of WSNs in the context of em-
bedded monitoring systems, wherein multiple sensors, such as acoustic,
image, or presence sensors, are utilized in concert to gather and relay data.
A prime application of these systems is the real-time monitoring of industrial
processes or environmental variables. However, such applications face critical
challenges related to the efficient transmission and storage of large volumes
of sensor data, especially in resource-constrained environments where power,
bandwidth, and storage capacities are limited. Therefore, this thesis proposes
low-complexity coding and compression techniques to facilitate efficient data
handling in these resource-constrained embedded monitoring systems.

Problem Statement

Embedded monitoring systems have become essential components across
various industries, including manufacturing, agriculture, and environmental
monitoring, where continuous observation and data collection are pivotal in
maintaining operational efficiency, safety, and sustainability. The utilization
of WSNs enables the acquisition of large-scale sensor data autonomously,
eliminating the need for human intervention and providing several advan-
tages, such as real-time monitoring, remote access, and cost-effectiveness.
However, the resource-constrained nature of WSNs presents several techni-
cal challenges, particularly in the following areas:
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0 General Introduction

- Energy Efficiency: Since WSNs nodes are often powered by batter-
ies, optimizing energy consumption is paramount to extending the network’s
operational lifespan.

- Data Compression and Transmission: Given the limited band-
width, efficient compression techniques must be developed to reduce the size
of transmitted data without sacrificing the integrity of critical information.

- Hardware Resources: Embedded monitoring systems often operate
within strict hardware limitations, particularly in terms of memory, pro-
cessing power, and communication capabilities. The design of compression
algorithms must account for these constraints to ensure that the system
can perform efficiently within the available hardware resources. Moreover,
techniques that can minimize hardware resource utilization, such as low-
complexity transformations, are critical for ensuring real-time performance
in embedded systems.

This thesis aims to develop innovative compression techniques tailored to
address the inherent resource limitations in embedded systems within WSNs.
By focusing on compression algorithms designed to reduce both the compu-
tational complexity and energy consumption associated with data handling,
this work contributes to the advancement of more efficient embedded moni-
toring systems.

Thesis Contributions and Objectives

The primary objective of this thesis is to propose and evaluate effective cod-
ing and compression techniques for embedded monitoring applications. The
specific objectives addressed in this thesis are as follows:

- Comparative Study of Existing Techniques: A thorough com-
parative analysis will be conducted on the state-of-the-art compression and
coding techniques employed at the sensor node level. The analysis will focus
on identifying methods that minimize computational complexity and energy
consumption, while also highlighting the trade-offs associated with various
approaches in order to inform the selection of optimal algorithms for embed-
ded monitoring systems.

- Proposal of a Novel Compression Methodology: Novel compres-
sion methodologies will be introduced to address the challenges of complexity
and energy efficiency in resource-constrained environments. These method-
ologies will aim to substantially reduce computational complexity while main-
taining or enhancing image quality in the resulting data streams. Special at-
tention will be given to optimizing both the transformation and quantization
stages to achieve high performance within constrained hardware and power
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environments.
- Performance Evaluation: The proposed compression techniques will

undergo rigorous evaluation through a combination of simulations and real-
world experimental setups. Key performance indicators, including energy
efficiency, data size (bitrate), and image quality (assessed using metrics such
as PSNR and Structural Similarity Index Measure (SSIM)), will be examined.
The performance results will be critically analyzed to assess the viability of
the proposed techniques in real-time embedded monitoring scenarios, with a
particular emphasis on reducing energy consumption without compromising
data fidelity.

- Field-Programmable Gate Array (FPGA) Implementation: The
feasibility of the proposed compression methodologies will be validated through
their implementation on real-world embedded monitoring systems using FPGA
technology. The FPGA platform will serve as an ideal testing environment to
demonstrate the practical application of the proposed algorithms in resource-
constrained settings. Key metrics, such as power consumption, processing
speed, and hardware resource utilization, will be measured to confirm the
benefits of the methodology with respect to both energy efficiency and image
quality.

Structure of the Thesis

The remainder of this thesis is organized as follows:
- Chapter 1 explores the domain of embedded monitoring systems and

presents a review of existing methodologies and techniques. A particular fo-
cus is placed on image-based embedded monitoring, emphasizing its signifi-
cance, applications, and the inherent challenges faced in resource-constrained
environments such as WSNs and embedded systems.

-Chapter 2 provides a comprehensive review of the existing methods and
technologies for data compression and coding in embedded systems. Special
consideration is given to lossy compression techniques, particularly JPEG,
in the context of WSNs and IoT applications, where energy consumption
constraints necessitate the development of low-complexity algorithms.

- Chapter 3 presents the proposed low-complexity DCT approxima-
tion, detailing the mathematical formulation and algorithmic implementa-
tion. This approximation achieves the lowest reported computational com-
plexity, requiring only 14 additions, while outperforming other methods in
terms of image quality.

-Chapter 4 introduces novel low-complexity DTT approximations, demon-
strating their efficiency in image compression by striking an optimal balance
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between image quality and computational complexity, making them highly
suitable for embedded systems with real-time constraints.

- Chapter 5 describes a novel implementation of the proposed DTT ap-
proximation aimed at reducing energy consumption in FPGA-based systems
while enhancing image quality. Validation results and performance analy-
ses are provided to substantiate the efficiency and practical utility of the
implementation in embedded monitoring applications.

- Chapter 6 introduces a new algorithm for generating optimized quan-
tization tables and coefficient ordering schemes for each of the proposed ap-
proximations, as well as other low-complexity approximations from the liter-
ature. This optimization aims to further enhance image quality in resource-
limited environments.

- Finally, theGeneral Conclusion summarizes the findings of the thesis,
evaluates the limitations of the proposed methodologies, and suggests avenues
for future research, particularly in the domains of computational complexity
reduction and performance optimization for embedded monitoring systems.

Through this research, the efficiency of embedded monitoring systems
will be significantly enhanced by the proposed compression techniques, which
aim to reduce data transmission requirements, increase energy efficiency, and
improve data accuracy.
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Background and Motivation
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Chapter 1

Embedded monitoring

Introduction

In recent years, the rapid advancement of technology has led to the prolif-
eration of embedded systems across various domains, including healthcare
[2], industrial automation [3], and environmental monitoring [4]. Embedded
monitoring, defined as the integration of monitoring capabilities within em-
bedded devices, plays a pivotal role in enhancing system performance, safety,
and reliability. This chapter explores the fundamental concepts, methodolo-
gies, and applications of embedded monitoring, highlighting its significance
in contemporary technological landscapes.

Embedded monitoring systems are designed to operate autonomously
within larger systems, utilizing microcontrollers and sensors to continuously
collect and analyze data. These systems enable real-time monitoring of
critical parameters such as temperature, pressure, and humidity, which are
essential for maintaining optimal operational conditions. For instance, in
healthcare, embedded monitoring devices are employed to track vital signs,
providing healthcare professionals with timely information that can lead to
improved patient outcomes [2].

The importance of real-time data acquisition cannot be overstated. By fa-
cilitating immediate responses to changing conditions, embedded monitoring
systems significantly reduce the risks associated with equipment failures and
environmental hazards. In industrial settings, predictive maintenance strate-
gies enabled by embedded monitoring can lead to substantial cost savings by
minimizing unplanned downtime and extending the lifespan of machinery
[5]. Furthermore, the integration of IoT technologies with embedded moni-
toring systems has transformed traditional monitoring approaches, allowing
for remote data access and advanced analytics [6].
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Figure 1.1: Hardware elements in an embedded system

This chapter is structured as follows: First, we will delve into the techni-
cal architecture of embedded monitoring systems, including hardware com-
ponents and software frameworks. Next, we will examine various applications
across different sectors, emphasizing the benefits and challenges associated
with their implementation. Finally, we will discuss future trends and research
directions in embedded monitoring, particularly in the context of IoT and
smart technologies. By understanding the principles and applications of em-
bedded monitoring, researchers and practitioners can better leverage these
systems to enhance operational efficiency, safety, and sustainability across
diverse fields.

1.1 Technical Architecture of Embedded Mon-

itoring Systems

Embedded monitoring systems are designed to continuously track and report
various parameters in real-time environments, often within constrained re-
sources. These systems are typically powered by batteries, making energy
efficiency a critical consideration in their design.

The technical architecture of such systems generally consists of several
key components presented in Fig 1.1:

• Microcontroller/Processor (CPU) Fig.1.2: At the core of the

11



1 Chapter 1. Embedded monitoring

system lies a low-power microcontroller or processor that processes the
sensor data. The choice of the microcontroller is crucial, as it needs to
balance processing power with energy consumption. Modern architec-
tures often utilize sleep modes or dynamic frequency scaling to reduce
power usage during idle periods.

• Dedicated Subsystems (ASICs/FPGAs): For specialized tasks
requiring high efficiency and performance, Application-Specific Inte-
grated Circuits (ASICs) or FPGA as presented in Fig. 1.2 are often
integrated into the system. These dedicated subsystems handle specific
functions such as data processing or compression, offering greater power
efficiency and performance optimization compared to general-purpose
processors.

Figure 1.2: Examples of hardware platforms used in embedded systems: Mi-
croprocessor, Microcontroller, FPGA, and ASIC.

• ADC/DAC: ADC and DAC as shown in Fig. 1.3 play a crucial role
in systems where analog signals from sensors must be converted into
digital form for processing, or where digital signals must be converted
back to analog for interfacing with actuators or other analog devices.
These converters must be energy-efficient and designed to match the
system’s performance requirements.
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Figure 1.3: A basic representation of ADC and DAC conversion processes.

• Sensor Interface: The system is equipped with various sensors that
capture environmental or operational data, such as temperature, hu-
midity, vibration, or cameras as presented in Fig. 1.4. These sensors
are directly interfaced with the microcontroller or processor for data
acquisition.

Figure 1.4: Some examples of Sensors used in embedded monitoring systems.

• Actuators: Many embedded systems control actuators such as mo-
tors, valves, or other mechanical devices as shown in Fig. 1.5. These
actuators convert the digital output of the system into physical ac-
tions. Proper control and power management are necessary to ensure
that actuators operate efficiently while conserving energy, especially in
battery-powered systems.

• Wireless Communication Module: Many embedded monitoring
systems include a wireless communication module (e.g., Wireless Fi-
delity (Wi-Fi), Bluetooth, Zigbee Fig. 1.6) to transmit data to a cen-
tral server or cloud platform. This module is one of the most energy-
intensive components, so strategies like duty cycling, where the module
is powered off when not in use, are implemented to conserve battery
life.

• Power Management: Effective power management is essential to
maximize battery life. This typically involves the use of voltage regu-
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Figure 1.5: Examples of Actuator used in embedded monitoring systems.

Figure 1.6: Wireless communication modules used in embedded monitoring
systems.

lators, power gating techniques, and energy-efficient components. Ad-
ditionally, the system’s software must be optimized to minimize power
consumption by ensuring that high-energy tasks are executed efficiently
and that low-power modes are utilized whenever possible.

• Energy Storage (Battery): The choice of battery technology (e.g.,
Li-ion, NiMH Fig. 1.7) depends on the power requirements and oper-
ational lifetime of the system. The architecture must include battery
monitoring circuits to manage charge levels and extend battery life. In
some cases, energy harvesting techniques may be employed to supple-
ment battery power.

• Data Storage: Non-volatile memory, such as flash storage, is used to
store the collected data locally. This is particularly useful in scenarios
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Figure 1.7: Widely used batteries in embedded monitoring systems.

where continuous connectivity is not available, allowing the system to
buffer data and transmit it later.

• System Testing and Diagnostics: An important aspect of the ar-
chitecture is the inclusion of diagnostics and testing capabilities. These
subsystems help detect faults, ensure correct system behavior, and pro-
vide feedback for maintenance purposes. In embedded systems, this can
involve self-checks and remote monitoring to identify any issues without
the need for manual intervention.

• User Interface (Optional): Some systems may include a minimal
user interface, such as LEDs or a small display, to provide immedi-
ate feedback or system status. This interface is typically designed to
consume minimal power, activating only when necessary.

1.2 History of Embedded Systems

Embedded systems have played a significant role in technological advance-
ments over the past several decades. Their development closely follows the
evolution of microprocessors and electronic components. Below is a brief
overview of the key stages in the history of embedded systems:

The Early Years (1950s-1960s):

• Use of Discrete Components: Early embedded systems were con-
structed using individual components like transistors and diodes. These
systems were often bulky, consumed a lot of power, and were quite lim-
ited in their capabilities [7].
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• Specialized Systems: Examples from this period include military
guidance systems and industrial control computers used in specific ap-
plications [7].

The Emergence of Microprocessors (1970s):

• Intel 4004 Introduction: The 1971 launch of the Intel 4004 was a
major turning point. As the first commercially available microproces-
sor, it provided a more efficient and compact solution for embedded
system designs [8].

• Applications in Consumer Electronics: Soon after, microproces-
sors found widespread use in consumer products such as calculators
and early video game systems [9].

Advances in Microcontroller Technology (1980s-1990s):

• The Rise of Microcontrollers: The introduction of microcontrollers,
which integrated the microprocessor, memory, and input/output pe-
ripherals onto a single chip, simplified the development of embedded
systems [10].

• Widespread Adoption: Microcontrollers became common in auto-
motive systems, home appliances, and other everyday consumer prod-
ucts [10].

The Modern Era (2000s-Present):

• The IoT: With the advent of IoT, embedded systems have become
central to devices ranging from smart home appliances to industrial
sensors [11].

• Integration of Artificial Intelegent (AI) and Machine Learning
(ML): Embedded systems are increasingly incorporating capabilities
such as artificial intelligence and machine learning, enabling more so-
phisticated and autonomous applications [12].

1.3 Image-based Monitoring Systems

Image-based monitoring has emerged as a transformative approach in vari-
ous fields, leveraging visual data to enhance decision-making, improve safety,
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and optimize performance. This method utilizes advanced image process-
ing techniques to analyze visual information captured through cameras and
sensors, enabling real-time monitoring of conditions in diverse applications
such as structural health, environmental assessment, and public safety. As
embedded monitoring systems continue to advance, the integration of image-
based monitoring has become increasingly crucial in enhancing operational
efficiency, safety, and responsiveness.

1.3.1 Importance of Image-Based Monitoring in Em-
bedded Systems

• Structural Health Monitoring: Image-based monitoring plays a
critical role in assessing the integrity of civil infrastructures. By em-
ploying non-destructive evaluation techniques, it allows for continuous
monitoring of structures such as bridges and buildings without compro-
mising their integrity. This capability is essential for early detection of
potential failures, thereby extending the service life of these assets and
ensuring public safety [13].

• Environmental Monitoring: In environmental applications, image-
based monitoring facilitates the assessment of natural resources and
ecosystems. For instance, it can be used to monitor vegetation health,
track wildlife populations, and assess changes in land use. The ability to
analyze large volumes of visual data helps in understanding ecological
dynamics and informing conservation efforts [14].

• Construction Safety: The construction industry benefits significantly
from image-based monitoring through enhanced safety protocols. Tech-
niques such as computer vision can identify hazardous conditions and
monitor worker safety in real-time, reducing the incidence of accidents
on site. This proactive approach to safety management is crucial in
high-risk environments [15].

• Healthcare Applications: In healthcare, image-based monitoring
systems are invaluable for patient care, enabling continuous observation
of vital signs and other health indicators. These systems can alert
medical personnel to critical changes, facilitating timely interventions
and improving patient outcomes [16].

• Social Media and Brand Management: The rise of visual content
on social media platforms necessitates effective image-based monitoring
for brands. By analyzing user-generated images, companies can gain
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insights into customer sentiment and product performance, allowing
them to address issues proactively and enhance customer engagement
[17].

1.4 Challenges of Image-Based Embedded Sys-

tems

Image-based embedded systems have become increasingly prevalent in ap-
plications such as surveillance, autonomous vehicles, medical imaging, and
industrial automation [18, 19]. These systems process and analyze visual
data in real-time, often under strict constraints regarding size, power, and
performance. Despite their advantages, image-based embedded systems face
significant challenges, particularly in terms of energy consumption and stor-
age requirements.

1.4.1 Energy Consumption

Processing high-resolution images and videos demands substantial compu-
tational power, which directly impacts energy consumption. In battery-
powered embedded systems, this becomes a critical issue as the need to
balance performance with energy efficiency is paramount. Key factors con-
tributing to high energy consumption include:

• Complex Image Processing Algorithms: Tasks such as object
detection, image recognition, and feature extraction require intensive
computations, often involving multiple stages of processing that con-
sume significant energy [Horowitz20141].

• Continuous Operation: Many image-based systems, especially those
used in surveillance or autonomous navigation, operate continuously.
This constant processing leads to sustained energy usage, draining bat-
tery resources quickly.

• High Data Throughput: The processing of large image files or video
streams requires frequent access to memory and data transfer opera-
tions, both of which are energy-intensive. The need to maintain high
data rates further exacerbates the energy demands [20].

To address these issues, designers often employ strategies such as optimiz-
ing algorithms for lower complexity, using specialized hardware accelerators
(e.g., Graphics Processing Unit (GPU)s or FPGAs), and implementing power
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management techniques like dynamic voltage and frequency scaling (DVFS)
or duty cycling. However, these solutions introduce their own trade-offs, such
as increased hardware complexity or reduced processing speed.

1.4.2 Storage Constraints

The storage of images and video data presents another major challenge in
image-based embedded systems. High-resolution images and videos generate
vast amounts of data, which must be stored efficiently without compromising
the system’s performance or longevity.

• Large Data Volumes: Images and video frames, particularly in high
resolution, require significant storage capacity. For instance, a single
1080p image can consume several megabytes, and when dealing with
video streams at high frame rates, the data requirements quickly mul-
tiply. Embedded systems, which often have limited storage resources,
must manage these large volumes of data effectively.

• Data Retention and Reliability: The need for reliable data storage
is critical in applications like medical imaging or industrial monitoring,
where loss of data could have serious consequences. Embedded sys-
tems must ensure that storage media can retain data over long periods
without degradation, all while operating within tight energy budgets.

• Compression and Data Management: To mitigate storage con-
straints, image-based embedded systems frequently employ compres-
sion techniques to reduce the size of stored data. However, compres-
sion algorithms introduce computational overhead, which can impact
both energy consumption and processing speed. Additionally, manag-
ing compressed data requires careful consideration to avoid excessive
latency during data retrieval or decompression.

• Wear and Longevity of Storage Media: Flash memory, commonly
used in embedded systems, has limited write cycles. The continuous
writing and rewriting of large data sets, such as video streams, can lead
to faster wear of the storage medium, potentially reducing the system’s
operational life [21].

To address these storage challenges, designers must strike a balance be-
tween data compression, storage capacity, and access speed. Additionally,
advanced file systems and wear-leveling techniques can help extend the life
of storage media by distributing write operations more evenly across the
memory.
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1.5 Conclusion

The challenges of energy consumption and storage in image-based embed-
ded systems are interrelated and require careful consideration during system
design. Solutions must focus on optimizing both the hardware and software
to achieve the desired performance while maintaining energy efficiency and
managing data storage effectively. As image-based applications continue to
evolve, overcoming these challenges will be critical to enabling the next gen-
eration of embedded systems [18].

20



Chapter 2

Image and Video compression

Introduction

Image compression is a fundamental technique in the field of digital image
processing, aimed at reducing the amount of data required to represent an
image while preserving its essential visual information. As technology ad-
vances and the demand for high-quality multimedia content grows, the need
for efficient image compression methods becomes increasingly crucial. This
chapter explores the significance of image compression, its diverse applica-
tions, various compression techniques, and the challenges faced in achieving
optimal compression.

The explosive growth of digital imagery in various domains, such as pho-
tography, medical imaging, satellite imagery, and multimedia content deliv-
ery, has led to a massive accumulation of data. Storing and transmitting such
voluminous data demand substantial resources, including storage space and
network bandwidth. Image compression addresses this challenge by enabling
the representation of images in a more compact form, resulting in reduced
storage requirements and faster transmission speeds. Efficient image com-
pression techniques not only save storage space and transmission time but
also contribute to cost savings and improved user experiences.

Image compression plays a pivotal role in a wide range of real-world ap-
plications. In fields such as remote sensing, surveillance, and monitoring,
image compression facilitates the efficient storage and transmission of im-
ages captured from remote locations. For instance, monitoring ecosystems
and wildlife habitats often involve capturing images from various sensors
and cameras placed in remote areas. Efficient image compression ensures
that the transmitted data is manageable and can be analyzed effectively for
monitoring purposes. This is particularly relevant in environmental studies,
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where monitoring the behavior of species and changes in ecosystems requires
continuous image acquisition and processing.

Image compression techniques can be broadly classified into two cate-
gories: lossless and lossy compression. Lossless compression methods pre-
serve all the original image data during compression and decompression,
making them suitable for applications where data integrity is critical, such as
medical imaging and archiving. On the other hand, lossy compression meth-
ods achieve higher compression ratios by discarding certain non-essential im-
age details. These techniques are often used in applications like multimedia
streaming, where some degree of quality loss is acceptable.

While image compression offers significant benefits, it also presents sev-
eral challenges. One major challenge is finding the right balance between
compression ratio and image quality. Achieving higher compression ratios
without compromising perceptual image quality requires sophisticated com-
pression algorithms. Additionally, the choice of compression technique must
be tailored to the specific application’s requirements. Addressing these chal-
lenges necessitates ongoing research and development to create more efficient
and effective image compression methods.

2.1 Importance of image compression

Compressing image and video serves several important purposes:

• Preservation of Storage Space: Image compression significantly reduces
the size of image files, conserving storage space on devices and servers.

• Faster Transmission: Compressed images can be transmitted more
quickly over networks, making them ideal for web content and stream-
ing.

• Bandwidth Efficiency: Reduced image size leads to lower bandwidth
consumption, which is essential for efficient data transfer.

• Enhanced User Experience: Faster loading times for web pages and
reduced buffering for multimedia content result in a better user expe-
rience.

• Cost Savings: Image compression reduces storage and bandwidth costs,
making it economically advantageous for businesses and websites.

• Mobile-Friendly: Compressed images are essential for mobile devices
with limited storage and slower internet connections.
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• Eco-Friendly: Reduced data transfer and storage requirements con-
tribute to lower energy consumption and a smaller carbon footprint.

In summary, image compression is a valuable technique for optimizing data
management, reducing costs, and enhancing overall system performance. It
is widely used in various applications, from everyday file compression to
more specialized fields like image and video compression. Image compression
techniques can be broadly categorized into two main types: lossless and lossy
compression.

2.2 Lossless Compression

Lossless compression is a data compression technique that preserves all the
original information in an image during the compression and decompression
process. This ensures that the reconstructed image is an exact replica of the
original, making lossless compression suitable for applications where data
integrity and fidelity are paramount.

2.2.1 Techniques Used in Lossless Compression

Lossless compression employs various techniques to reduce redundancy and
minimize data size while enabling precise image reconstruction:

1. Run-Length Encoding (RLE): This technique replaces sequences
of repeated data with a single data value and a count of the repetition.
It is effective for compressing simple repeating patterns or characters.

2. Huffman Coding: Huffman coding assigns shorter codes to more
frequently occurring symbols and longer codes to less frequent symbols.
This technique is widely used in file compression and is based on the
frequency distribution of symbols.

3. Arithmetic Coding: Similar to Huffman coding, arithmetic coding
assigns codes to sequences of symbols based on their probabilities. It
often achieves better compression ratios than Huffman coding.

4. Dictionary-Based Compression: Techniques like Lempel-Ziv-Welch
(LZW) and Burrows-Wheeler Transform (BWT) create a dictionary
of frequently occurring patterns or substrings and encode them with
shorter codes. LZW is used in Graphics Interchange Format (GIF)
and BWT is used in the Unix compression tool ”bzip2.”
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5. Delta Coding: Delta coding encodes the difference between consec-
utive data values, taking advantage of the correlation between nearby
values. It is effective for compressing data with gradual changes.

6. Entropy Coding: Entropy coding methods, such as Shannon-Fano
coding or Arithmetic Coding, exploit the statistical properties of the
data to achieve efficient compression. These methods use variable-
length codes to represent data with higher probability values using
shorter codes.

7. Predictive Coding: Predictive coding predicts the value of a data
point based on its neighboring values and encodes the prediction error.
It is commonly used for compressing audio and image data.

8. Transform Coding: Techniques like DCT and Discrete Wavelet Trans-
form (DWT) convert the data into a domain where most of the energy
is concentrated, allowing for efficient compression of the transformed
coefficients.

9. Lossless Image Formats: Specialized formats like Portable Network
Graphics (PNG) and GIF use a combination of techniques such as
adaptive filtering, entropy coding, and color palette indexing to achieve
lossless image compression.

2.3 Lossy Compression

Lossy compression techniques are used to reduce the size of data by sacrificing
some amount of information or quality. While lossy compression can achieve
higher compression ratios compared to lossless compression, it introduces
some degree of degradation in the data. Some common techniques used in
lossy compression include:

1. Quantization: Quantization reduces the precision of data values by
mapping them to a smaller set of values. This technique is commonly
used in image and video compression, where color and intensity values
are quantized to reduce the number of bits required.

2. Subsampling: Subsampling is a technique used in image and video
processing where the resolution of certain image components, typi-
cally color information (chrominance), is reduced. This process retains
full detail in the luminance (brightness) while compressing the chromi-
nance, allowing for reduced data size and storage requirements without
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Figure 2.1: Widely used chroma subsampling formats

significantly affecting visual quality. Common subsampling ratios are
presented in Fig. 2.1 include 4:2:2, 4:2:0 and 4:1:1 in video compression,
where color information is reduced in favor of luminance data.

• 4:4:4 - No subsampling; each channel (Y, Cb, Cr) has the same
resolution.

• 4:2:2 - Cb and Cr are sampled at half the horizontal resolution of
Y, but the same vertical resolution.

• 4:2:0 - Cb and Cr are sampled at half the horizontal and vertical
resolution of Y.

• 4:1:1 - Cb and Cr are sampled at one-quarter of the horizontal
resolution of Y, but maintain the same vertical resolution. This
means that for every 4 pixels in the horizontal direction, there is
only 1 Cb and 1 Cr sample, while Y maintains full resolution.

3. Psycho-visual Techniques: These techniques take advantage of lim-
itations in human perception to selectively remove details that are less
noticeable to the human eye. This includes techniques like chroma
subsampling, masking, and perceptual quantization.

4. Transform Coding: Similar to lossless compression, lossy compres-
sion techniques also utilize transform coding methods like DCT and
DWT. In lossy compression, these transformed coefficients undergo
quantization to achieve compression, albeit with a degree of data loss.
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This transform step remains lossless when the transform kernel is or-
thogonal. However, for quasi-orthogonal transform kernels, such as
certain DCT approximations and all DTT approximations, this step
becomes inherently lossy.

5. JPEG: JPEG is a widely used lossy compression standard for images.
It uses DCT and quantization to achieve high compression ratios while
maintaining reasonable image quality.

6. Moving Picture Experts Group (MPEG): MPEG is a family of
standards for video compression. Techniques like motion compensation,
inter-frame prediction, and quantization are used to achieve efficient
compression for video sequences.

7. Advanced Audio Coding (AAC): AAC is a lossy audio compression
format that uses techniques like psychoacoustic modeling, transform
coding, and quantization to achieve high-quality audio compression at
lower bit rates.

2.4 JPEG Compression

JPEG is a widely used lossy image compression standard that is suitable for
photographs and natural images. It employs several techniques to achieve
high compression ratios while maintaining reasonable image quality.

2.4.1 Algorithm Overview

The JPEG compression algorithm involves the following key steps that are
depicted in Fig. 2.2:

1. Color Space Conversion: The image is usually converted from the
RGB color space (Fig. 2.3) to the YCbCr color space(Fig. 2.4).
This separates the luminance (brightness) information from the chromi-
nance (color) information. The formula to convert RGB color values
to YCbCr color values is as follows: Y

Cb
Cr

 =

 0.299 0.587 0.114
−0.169 −0.331 0.5
0.5 −0.419 −0.081

RG
B

+

 0
128
128

 , (2.1)

with:

• Y represents the luma (brightness) component.
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Figure 2.2: Architecture for a JPEG compression system, on top encoding,
on bottom decoding

• Cb represents the blue-difference chroma component.

• Cr represents the red-difference chroma component.

• R,G, and B are the original RGB color values, typically in the
range of 0 to 255.

These formulas are used to perform the color space conversion from
RGB to YCbCr. Note that these equations are specific to the Interna-
tional Telecommunication Union Radiocommunication Sector Broad-
cast Television Standards (ITU-R BT).601 standard, which is com-
monly used for digital video. There are variations and other standards
(e.g., ITU-R BT.709) that might use slightly different coefficients.

Figure 2.3: Color image with its RGB elements
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Figure 2.4: Color image with its YCbCr elements

2. Dividing the Image into Blocks: The image is divided into small
blocks, typically 8x8 pixels each.

3. DCT: A DCT is applied to each block. This transforms the pixel
values from the spatial domain to the frequency domain, allowing for
efficient compression of the image.

The DCT is a widely used tool in signal processing for image and video
compression. It enables the representation of image data in a more
compact format, making it more efficient for storage and transmission.
The conventional DCT algorithm involves multiplying the image data
with a cosine matrix defined in (2.2). However, this multiplication
process can be computationally expensive, making it less suitable for
use in real-time applications or systems with limited resources. As a
result, researchers have proposed several approximation methods for
the DCT that can perform the transformation faster and with fewer
computations.

The following matrix represents the kernel of the DCT transformation:

C =



γ3 γ3 γ3 γ3 γ3 γ3 γ3 γ3
γ0 γ2 γ4 γ6 −γ6 −γ4 −γ2 −γ0
γ1 γ5 −γ5 −γ1 −γ1 −γ5 γ5 γ1
γ2 −γ6 −γ0 −γ4 γ4 γ0 γ6 −γ2
γ3 −γ3 −γ3 γ3 γ3 −γ3 −γ3 γ3
γ4 −γ0 γ6 γ2 −γ2 −γ6 γ0 −γ4
γ5 −γ1 γ1 −γ5 −γ5 γ1 −γ1 γ5
γ6 −γ4 γ2 −γ0 γ0 −γ2 γ4 −γ6


, (2.2)

where γi = 1
2
· cos(2π(i+1)

32
), i = 0, 1, 2, 3, 4, 5, 6. The 2D transform

domain named Y of an input block of size 8×8 can be calculated using
the following equation:

Y = C ·X · CT , (2.3)
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where X is the input block, C is the DCT kernel defined in (2.2).
The original input block of size 8× 8 can be recovered from the DCT
transform domain Y by using the following equation:

X = CT · Y · C (2.4)

4. Quantization: The DCT coefficients are quantized to reduce the num-
ber of bits required to represent them. This is a lossy step, as it involves
rounding off the coefficients. JPEG compression uses quantization ta-
bles to control the amount of compression applied to different frequency
components. Different quantization tables can be used for luminance
(2.5) and chrominance (2.6) data, allowing for different compression
levels for different color channels.

QL =



16 11 10 16 24 40 51 61
12 12 14 19 26 58 60 55
14 13 16 24 40 57 69 56
14 17 22 29 51 87 80 62
18 22 37 56 68 109 103 77
24 35 55 65 81 104 113 92
49 64 78 87 103 121 120 101
72 92 95 98 112 100 103 99


(2.5)

QC =



17 18 24 47 99 99 99 99
18 21 26 66 99 99 99 99
24 26 56 99 99 99 99 99
47 66 99 99 99 99 99 99
99 99 99 99 99 99 99 99
99 99 99 99 99 99 99 99
99 99 99 99 99 99 99 99
99 99 99 99 99 99 99 99


(2.6)

5. Entropy Coding: The quantized coefficients are encoded using variable-
length entropy coding techniques, such as Huffman coding or arithmetic
coding.

2.4.2 Quality Factors (QF)

JPEG compression offers users the flexibility to adjust the compression qual-
ity by selecting different quantization tables or quality settings, also referred
to as the QF. Higher quality factors result in better image quality but in-
crease file sizes, while lower quality factors reduce file sizes at the cost of
some loss in image detail.
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Q =

{
Q0 if QF = 50

round((Q0 · SF + 50)÷ 100) otherwise ,
(2.7)

here, Q0 is replaced by QL for luminance components or QC for chrominance
components, with 0 < QF ≤ 100. The scaling factor SF is defined as follows:

SF =

{
5000÷QF if QF < 50

200− 2×QF if QF > 50.

The quantization process is then performed as follows:

YQ = round(Y ⊘Q), (2.8)

where Y is the transformed domain of a single 8 × 8 block as defined in
(2.3), and Q is the quantization table based on the selected QF , as defined
in (2.7).

Since quantization is a lossy process, the original block Ŷ can only be
approximated through de-quantization, which is defined as follows:

Ŷ = YQ ⊗Q, (2.9)

2.4.3 JPEG Applications

JPEG compression is one of the most widely adopted image compression
standards, thanks to its ability to significantly reduce file sizes while main-
taining acceptable image quality. Its applications span a wide range of fields,
including but not limited to:

• Digital Photography: JPEG is the preferred format for digital cam-
eras and smartphones due to its efficient compression, enabling users
to store large numbers of photos without consuming excessive storage
space. The balance between file size and image quality makes it ideal
for consumer use.

• Web and Social Media: JPEG is extensively used in web applica-
tions and social media platforms [17], where images need to be trans-
mitted quickly over networks with varying bandwidths. It enables fast
loading times for web pages and supports the sharing of photos across
social networks without significantly compromising quality.

• Medical Imaging: While lossless compression is often used in sensi-
tive applications like medical imaging [2, 22, 23], JPEG is still appli-
cable in areas where slight loss in quality is acceptable, such as image
sharing and archiving, where file size is a concern.

30



2 Chapter 2. Image and Video compression

• Digital Art and Graphics: For web graphics, JPEG allows artists
and designers to save artwork with minimal data, making it ideal for
portfolios, advertisements, and banners where maintaining a balance
between image quality and file size is necessary.

• Image Archiving and Databases: JPEG is used for archiving im-
ages, allowing large image collections to be stored without overwhelm-
ing storage capacities. This is particularly important in sectors like
journalism, research, and public archives where file size matters.

• Satellite and Surveillance Systems: In remote sensing [24] and
surveillance [25, 26], JPEG is used to compress images captured by
satellites or security cameras. The ability to store large quantities of
images with reduced storage needs is essential in such applications,
although some compromise in image quality may be acceptable.

• Embedded Systems: JPEG compression is often used in embed-
ded systems [27], such as smart cameras, drones, and portable devices,
where storage space and processing power are limited. The ability to
reduce image sizes while maintaining adequate quality is critical for
resource-constrained environments.

• IoT: JPEG is widely used in IoT applications [28], particularly in de-
vices that capture and transmit images, such as smart home security
systems and connected sensors. Efficient compression ensures that im-
ages can be transmitted over networks with limited bandwidth and
processed by cloud services with minimal latency.

Overall, JPEG compression remains a vital technology for reducing image
sizes across a variety of fields, enabling easier storage, transmission, and
sharing of images, while maintaining sufficient visual fidelity for the majority
of practical purposes.

2.4.4 JPEG Extensions

While the basic JPEG standard remains widely used, several extensions and
variants have been developed to address specific needs and improve upon the
original standard. These extensions offer enhanced features, such as better
compression efficiency, support for High Dynamic Range (HDR), and lossless
compression. Some of the most notable JPEG extensions are:

• JPEG 2000: Introduced in the early 2000s, JPEG 2000 is an advanced
version of the original JPEG format, providing superior image quality
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at lower bitrates. It uses wavelet-based compression (DWT) instead of
the DCT, allowing for better compression ratios, lossless compression,
and progressive decoding. JPEG 2000 is used in areas requiring high-
quality images, such as digital cinema, medical imaging, and satellite
imagery.

• JPEG-LS:(1999) JPEG-LS is designed specifically for lossless and
near-lossless compression, achieving higher efficiency for applications
where quality loss is unacceptable. It is commonly used in medical
imaging, satellite imagery, and other fields where precise reproduction
of images is crucial.

• JPEG XR(2009): JPEG XR (formerly known as high-definition
(HD) Photo) is a more recent extension that aimed at providing bet-
ter support for higher resolution and higher bit-depth images, such as
those found in HDR content. It offers both lossy and lossless com-
pression options and is optimized for efficient memory usage, making it
suitable for applications in photography, image editing, and HD content
distribution.

• JPEG XT(2015): JPEG XT is an extension of the original JPEG
standard that brings new capabilities such as HDR image encoding.
It maintains backward compatibility with traditional JPEG decoders,
ensuring that legacy systems can still display JPEG XT images, albeit
without the enhanced HDR features. JPEG XT allows for an improved
dynamic range and color depth, making it suitable for applications like
HDR photography and digital archiving.

• JPEG-HDR(2015): This extension supports HDR imaging, allowing
for better representation of images with a wide range of brightness
levels. JPEG-HDR is primarily targeted at photography and imaging
fields where color accuracy and dynamic range are critical.

• JPEG XS(2019): JPEG XS is a more recent development aimed at
very low-latency, high-quality compression for real-time streaming ap-
plications. While it does not focus on maximizing compression ratios,
it offers visually lossless quality with minimal processing delay, mak-
ing it ideal for professional video workflows, virtual reality (VR), and
automotive applications.

Each of these JPEG extensions has been developed to address specific in-
dustry needs, offering enhancements in image quality, compression efficiency,
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and flexibility. The variety of available extensions ensures that JPEG con-
tinues to evolve and meet the demands of modern imaging technologies.

2.5 Problems of compression

Data compression plays a crucial role in reducing the hardware resources
and energy consumption required for various applications. However, it is im-
portant to note that compression remains one of the most resource-intensive
processes due to its inherent complexity. This complexity is particularly ev-
ident in transformation-based compression techniques, which often involve
computationally intensive operations compared to other image compression
processes.

In response to this challenge, researchers have made significant efforts
to mitigate the computational complexity associated with transformations.
Various approaches, such as the development of multiplication-free transfor-
mations, have been explored in the literature [29, 30, 31, 32, 33, 34]. In the
following sections, we will delve into some of these attempts to address and
propose solutions for these complexities.

2.6 Conclusion

Image compression is essential for optimizing storage, transmission, and
bandwidth efficiency across various applications. Despite its advantages,
compression techniques, particularly transform-based methods, often face
challenges due to their computational complexity and energy consumption.
These issues are especially critical for resource-constrained systems like mo-
bile and embedded devices.

In the following chapters, we will explore strategies to address these chal-
lenges, focusing on low-complexity, energy-efficient solutions to improve the
performance of image compression in constrained environments.
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Chapter 3

Improving image encoding
quality with a low-complexity
DCT approximation using 14
additions

Introduction

Image and video compression play crucial roles in various applications, in-
cluding environment monitoring [35, 36], healthcare monitoring [37, 38], mul-
timedia, and video surveillance [25, 39, 40]. However, the transformation step
in most compression methods is both time and energy-intensive [41, 42]. In
image compression applications like JPEG still compression [43] and video
compression codecs [44], various transforms are utilized, with the discrete
cosine transform (DCT) and its approximations being the most prevalent.
The DCT is favored for its high energy compacting capability, offering a vi-
able alternative to the statistically optimal Karhunen-Loeve transform (KLT)
among linear transformations [45].

While numerous fast algorithms for exact DCT computation exist, their
reliance on multiplication renders them less suitable for systems with limited
resources [28] and real-time applications [46]. Consequently, multiplication-
free approximations have been proposed in the literature to address this issue,
aiming to reduce energy consumption while maintaining acceptable energy
compaction [47, 48, 49, 34, 29, 30, 50, 51, 52, 53, 31].

To the best of our knowledge, two approximations of the 8-point DCT
requiring only 14 additions, the MCB approximate DCT [54], and the Potluri
approximate DCT (P14) [55], have been proposed in the literature. Addi-
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tionally, there are also pruned DCT-like transformations for image and video
compression that require less than or equal to 14 additions, such as the
pruned BAS-2009 [56], and the pruned version of MCB [54] defined in [33],
which require 14 and 10 additions, respectively.

The main objective of this chapter is to introduce a novel orthogonal DCT
approximation with the lowest arithmetic complexity of 14 additions that
offers better compression efficiency than the existing DCT approximations
with the same complexity [54, 55]. The key contributions of our work are as
follows:

• An algorithm that generates all integer candidate DCT approximations
with 14 additions, based on the shape of the DCT matrix and the sign
of its elements.

• A modified coding gain metric that better accounts for the quantization
process in image compression.

• An optimization problem search based on the proposed metric, leading
to a highly efficient 8-point DCT approximation that outperforms [54,
55].

• A pruned version of the proposed DCT approximation with only 10
additions achieves the highest compression efficiency compared to [33,
57].

• Assessmen

3.1 Background and related work

3.1.1 The MCB DCT approximation

The MCB [54] is derived from an approximate DCT matrix proposed in [29].
By replacing some elements of the original approximate DCT matrix with
zeros, the MCB achieves a more computationally efficient representation.
The MCB matrix can be defined as follows:

MCB =



1 1 1 1 1 1 1 1
1 0 0 0 0 0 0 −1
1 0 0 −1 −1 0 0 1
0 0 −1 0 0 1 0 0
1 −1 −1 1 1 −1 −1 1
0 −1 0 0 0 0 1 0
0 −1 1 0 0 1 −1 0
0 0 0 −1 1 0 0 0


(3.1)
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The associated approximate DCT is given by Cm = Sm ·MCB, where

Sm = diag(
1

2
√
2
,
1√
2
,
1

2
,
1√
2
,

1

2
√
2
,
1√
2
,
1

2
,
1√
2
) (3.2)

3.1.2 The Potluri 2014 approximation (P14)

DCT approximation introduced in [55] aims to minimize the arithmetic com-
plexity of the transformation matrix T while maintaining orthogonality. This
objective is achieved by optimizing the cost function Cost(T ), which repre-
sents the arithmetic complexity of T . The optimization problem can be
formulated as P14 = ARG minT{Cost(T )}, where P14 denotes the desired
matrix defined in Equation (3.3).

To obtain the best approximation, an exhaustive computational search
was conducted to identify the eight most suitable candidate matrices from
the results of the optimization problem. Ultimately, the selected matrix P14

was found to require only 14 additions and can be represented as follows:

P14 =



1 1 1 1 1 1 1 1
0 −1 0 0 0 0 1 0
1 0 0 −1 −1 0 0 1
1 0 0 0 0 0 0 −1
1 −1 −1 1 1 −1 −1 1
0 0 0 −1 1 0 0 0
0 −1 1 0 0 1 −1 0
0 0 −1 0 0 1 0 0


, (3.3)

where the approximate DCT is expressed by Cp = Sm ·P14 and Sm is defined
in (3.2).

3.2 Proposed DCT approximation [58]

3.2.1 8-points integer DCT

The proposed approximation Tp is derived from the exact DCT kernel C
defined in (2.2). The approximation is subject to the following constraints:

1. Tp · T T
p must be a diagonal matrix.

2. Elements of Tp must be selected from the set P = {±1, 0}.

3. The approximation must have the lowest possible arithmetic cost while
maximizing the number of zero elements.
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To satisfy these constraints, we set one value of γ in each row of C to 1
and the remaining values to 0.

The number of possible combinations for each row is calculated, resulting
in 128 candidate matrices. Rows 1 and 5 are dependent only on γ3 (2 rows
and 1 value), so they have a single possible combination (21−1), while rows
2, 4, 6, and 8 have four different values of γ (4 rows and 4 values of γ), and
rows 3 and 7 have two (2 rows and 2 values of γ). Therefore, the number of
combinations can be calculated as 44−1 × 22−1 × 21−1 = 43 × 21 × 20 = 128.
This approach generates low-complexity approximations with most elements
being null and only one set to 1.

Among the obtained matrices, only 12 matrices have satisfied the or-
thogonal property and have therefore been considered. These include the
approximations denoted as P14 [55] and MCB [54], with the latter utilizing
the highest value of γ in each row and the former incorporating the first and
second highest value of γ for odd and even rows, respectively.

It should be noted that all 12 of the selected candidate matrices have the
same traditional Cg [59]. This is due to the fact that all matrices result in the
same transform coefficients, just in different sign and positions. The position
of these coefficients is important because of the quantization process, which
is a crucial aspect of image compression.

To obtain a more comprehensive evaluation, we have introduced a modi-
fied coding gain (mCg) that takes into account the quantization process de-
fined in the JPEG standard. This allows the calculation of the transformed
domain (mRy) of the covariance matrix of x (Rx), resulting in a more pre-
cise assessment of the performance of the approximation in terms of image
compression quality.

mRy = (C ·Rx · CT )⊘Q, (3.4)

with

Q =

{
Q0 if QF = 50

round((Q0 · SF + 50)÷ 100) otherwise ,

Q0 =



16 11 10 16 24 40 51 61
12 12 14 19 26 58 60 55
14 13 16 24 40 57 69 56
14 17 22 29 51 87 80 62
18 22 37 56 68 109 103 77
24 35 55 65 81 104 113 92
49 64 78 87 103 121 120 101
72 92 95 98 112 100 103 99


,

38



3
Chapter 3. Improving image encoding quality with a low-complexity DCT

approximation using 14 additions

SF =

{
5000÷QF if QF < 50

200− 2×QF if QF > 50,

where C is a transformation matrix, ⊘ denotes element-wise division, and
QF is the quality factor controlling the compression rate. Rx represents the
covariance matrix of the signal x, with its elements calculated based on the
exponentiated absolute difference of their corresponding indices, i.e., ρ|i−j|,
where i and j range from 1 to 8. In this study, the correlation factor ρ is
set to 0.95, which has been shown to be a reliable approximation for natural
images in previous literature [59]. The mCg is computed using the same
formula as the conventional coding gain, which is shown in equation (3.5).
However, it is evaluated in the quantized domain mRy of Rx, which is defined
in equation (3.4).

mCg = 10log10

1
N

∑N−1
i=0 σ2

yi(∏N−1
i=0 σ2

yi
||fi||2

) 1
N

, (3.5)

where N is the number of transform coefficients, σ2
yi
is the variance of the ith

transform coefficient, which corresponds to the ith diagonal element of the
matrix mRy, and ||fi|| is the 2-norm of the ith basis function of the transform
matrix.

Following a thorough evaluation of all 12 candidate matrices, we identified
the optimal matrix, denoted as Tp, which exhibited the highest mCg. The
determination of Tp involved computing the mCg for each matrix using a
QF of 90. After careful consideration, we selected matrix Tp, as specified in
Equation (3.6), as the most suitable choice.

Tp =



1 1 1 1 1 1 1 1
1 0 0 0 0 0 0 −1
1 0 0 −1 −1 0 0 1
0 −1 0 0 0 0 1 0
1 −1 −1 1 1 −1 −1 1
0 0 1 0 0 −1 0 0
0 −1 1 0 0 1 −1 0
0 0 0 −1 1 0 0 0


(3.6)

The selected approximation, represented by the matrix Tp, employs the high-
est value of γ for rows 1, 2, 3, 5, 7, and 8, and the lowest value of γ for rows
4 and 6. Notably, matrix Tp shares the odd rows of the MCB and P14 ap-
proximations, while displaying distinctive variations in the even rows. A
comprehensive examination of these variations is provided in Section 3.2.2.
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The derivation of the proposed approximation follows a systematic and
iterative process, outlined in Algorithm 1. This algorithm offers a detailed,
step-by-step procedure for achieving the proposed approximation, while en-
suring low arithmetic complexity, orthogonality, and maximum mCg.

Algorithm 1 The algorithm used for generation of Tp

Require: The exact DCT matrix C of size N defined in equation (2.2)
Ensure: An orthogonal matrix Tp with the highest mCg.
1: maxCg ← 0
2: Mc ← getAllCandidates(C) ▷ Get all candidate matrices based on C
3: for T ∈Mc do
4: if T is orthogonal & mCg(T ) > maxCg then ▷ mCg is defined in

equation (3.5)
5: maxCg ← mCg(T )
6: Tp ← T
7: end if
8: end for
9: return Tp

Based on the theory of matrix polar decomposition [60], an adjustment
matrix Sp is sought to orthogonalize Tp. The orthogonalization matrix is
obtained as follows:

Sp =
√

(Tp · T T
p )

−1 (3.7)

The computation described in equation (3.7) yields the same diagonal matrix
as in [54, 55], defined as follows:

Sp = diag(
1

2
√
2
,
1√
2
,
1

2
,
1√
2
,

1

2
√
2
,
1√
2
,
1

2
,
1√
2
) (3.8)

It is important to note that Sp is a diagonal matrix, which can be efficiently
incorporated into the quantization process without adding any extra compu-
tational overhead. Thus, the orthogonal real elements kernel matrix Cp can
be defined as follows:

Cp = Sp · Tp (3.9)

3.2.2 Analysis of the proposed DCT approximation

The study compares three different DCT matrices: the exact DCT, MCB
[54], and the proposed approximation. The MCB [54] and the proposed ap-
proximation were selected due to their high mCg values, indicating their effec-
tiveness in preserving image information during compression. While all three
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matrices are orthogonal, the quantization process affects the high-frequency
elements differently. Therefore, arranging the matrices in ascending order of
frequencies becomes crucial.

Each row in a transformation matrix acts as a linear phase Finite Impulse
Response (FIR) filter. These filters are characterized by their zeros, which
are plotted on the Z-plane (Fig. 3.1). In the case of DCT matrices, the zeros
of all eight rows lie on the unit circle at various frequencies. As a result,
each zero eliminates signals at its corresponding frequency entirely. The
frequency bands between consecutive zeros determine the passband width or
the presence of secondary lobes with attenuated gain. Understanding the

row 1 row 2 row 3 row 4

row 5 row 6 row 7 row 8

Figure 3.1: Z plane for the exact DCT, MCB and Tp. Big/gray points,
small/black points and squares represent the zeros for: the exact DCT, the
MCB and the proposed approximation, respectively.

An important characteristic of the exact DCT matrix is its gradual in-
crease in bandwidth from low to high frequencies across successive rows.
However, the MCB [54] deviates from this characteristic, especially in its even
rows 4 and 6, resulting in a different frequency bandwidth order compared
to the exact DCT. Conversely, the proposed approximation Tp maintains
the same frequency order as the exact DCT matrix, with the widest band-
width shifting from low to high frequencies. This prioritizes the preservation
of important data in the low-frequency range, as the quantization process
predominantly affects high-frequency elements. Consequently, the proposed
approximation may offer a more effective solution for retaining critical data
while mitigating the impact of quantization on low-frequency components.

3.3 Performance assessments

This section assesses the performance of the proposed DCT approximation in
comparison to existing approaches [54, 55]. We evaluate the Mean Squared
Error (MSE) [59, 61] and total energy (ϵ) [29] as similarity measures with
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respect to the DCT. For coding performance evaluation, we use the coding
gain Cg [59], modified coding gain mCg, and transform efficiency (η) [59].
Image quality assessment is conducted using PSNR [61] and Universal Qual-
ity Index (UQI) [62] absolute percentage error (APE) relative to the DCT,
referred to as APE(UQI), for 10 retained coefficients.

Table 3.1: Performance assessment.

Method Cg[dB] mCg[dB] η MSE ϵ PSNR[dB] APE(UQI)
Exact DCT 8.826 12.366 93.99 0 0 30.6729 0
BASα=0 [49] 7.912 11.4 85.65 0.071 26.86 28.9854 0.0767
MCB [54] 7.333 10.708 80.90 0.059 8.66 26.8539 0.2117
P14 [55] 7.333 10.702 80.90 0.079 11.31 27.4839 0.1748
Proposed 7.333 10.73 80.90 0.076 15.64 27.5454 0.163

The results presented in Table 3.1 indicate that the proposed DCT ap-
proximation and previous approaches [54, 55] demonstrate comparable cod-
ing performance when considering Cg and η. However, the proposed approxi-
mation exhibits slight improvements in terms of mCg, PSNR, and APE(UQI),
leading to superior efficiency, as elaborated in Section 3.5.

When examining similarity measures, it is observed that the proposed ap-
proximation yields slightly higher MSE compared to MCB [54]. This can be
attributed to MCB’s utilization of the highest γ values, while the proposed
approximation employs the lowest values in rows 4 and 6. Conversely, P14

employs the highest and second-highest γ values for even and odd rows of C,
respectively, resulting in the highest MSE among all approximations. It is
important to note that similarity measures may not fully define a transfor-
mation’s suitability for image compression, as evidenced by the BAS series
[47, 49]. Despite exhibiting high MSE and total error energy (ϵ) compared to
the exact DCT, the BAS series remains highly efficient in image compression.

Additionally, there exists a correlation between coding gain and transform
efficiency (η), as both metrics are based on Ry. Therefore, the formula for η
can be modified to utilize mRy instead of Ry, resulting in distinct outcomes.

3.4 Proposed fast algorithms

3.4.1 8× 8 DCT Kernel

This section introduces a rapid algorithm utilizing a sparse matrix factoriza-
tion technique for computing the proposed approximation Tp. By employing
this method, the number of non-zero elements in the matrices is reduced,
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leading to decreased computation requirements for computing the approx-
imation. The approach involves multiplying several sparse matrices based
on well-known butterfly structures [63], resulting in a significant reduction in
computational cost and enhanced performance. Consequently, this method is
well-suited for real-time applications and large-scale image processing tasks.
The proposed approximation can be computed using the multiplication of
the following sparse matrices: Tp = P · A2 · A1 ·B, where:

B =



1 0 0 0 0 0 0 1
0 1 0 0 0 0 1 0
0 0 1 0 0 1 0 0
0 0 0 1 1 0 0 0
0 0 0 −1 1 0 0 0
0 0 −1 0 0 1 0 0
0 −1 0 0 0 0 1 0
1 0 0 0 0 0 0 −1


P =



1 0 0 0 0 0 0 0
0 0 0 0 0 0 0 1
0 0 0 1 0 0 0 0
0 0 0 0 0 0 1 0
0 1 0 0 0 0 0 0
0 0 0 0 0 1 0 0
0 0 1 0 0 0 0 0
0 0 0 0 1 0 0 0



A1 =



1 0 0 1 0 0 0 0
0 1 1 0 0 0 0 0
0 1 −1 0 0 0 0 0
1 0 0 −1 0 0 0 0
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 1


A2 =



1 1 0 0 0 0 0 0
1 −1 0 0 0 0 0 0
0 0 −1 0 0 0 0 0
0 0 0 1 0 0 0 0
0 0 0 0 1 0 0 0
0 0 0 0 0 −1 0 0
0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 1


To better comprehend the data flow through the transformations, a SFG

is provided in Fig. 3.2, showcasing the matrix decomposition of the pro-
posed matrix Tp alongside MCB [54] and P14. The structure of the proposed
transformation mirrors that of the other two transformations, indicating sim-
ilar hardware complexity in FPGA/ASIC implementation. However, the key
difference lies in the order of the output X. Despite this similarity in ar-
chitecture, it enables a direct comparison of the efficiency of the proposed
transformation with other existing approximations. It’s worth noting that
the output X5 of the proposed approximation is multiplied by -1. This oper-
ation can be executed without introducing additional arithmetic complexity
by rearranging the order of the input x2 to x5, resulting in −(x5−x2) = −X5.

3.4.2 4× 8 Pruned Kernel

This section aims to conduct a thorough analysis of pruning schemes com-
bined with approximate transforms, focusing on reducing the computational
cost of the DCT within the framework of JPEG and JPEG-like coding and
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Figure 3.2: Signal flow graphs for Tp, MCB[54] and P14 [55]. Dashed lines

represent multiplication by -1. X̂m, X̃m and X∗
m outputs are for proposed,

MCB and P14.

processing, while maintaining minimal impact on image quality. This en-
deavor is motivated by the increasing demand for high compression ratios in
both image and video applications.

In JPEG image compression, the quantization process often eliminates
high-frequency coefficients, optimizing computational efficiency. By retain-
ing only low-frequency coefficients and discarding high-frequency ones, signif-
icant computational savings can be achieved. It’s important to note that the
arrangement of frequency elements in a transformation directly influences the
quantization process. The proposed approximation organizes its frequency
elements in a low-to-high frequency order, providing a distinct advantage
over existing methods such as MCB [54] and P14 [55].

Taking these considerations into account, the following transformation is
derived from the proposed approximation.

Tp4 =


1 1 1 1 1 1 1 1
1 0 0 0 0 0 0 −1
1 0 0 −1 −1 0 0 1
0 −1 0 0 0 0 1 0

 (3.10)
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Given the orthogonalization methods, a semi-orthogonal matrix can be ob-
tained as follows:

C4 = S4 · Tp4, (3.11)

where S4 = diag( 1
2
√
2
, 1√

2
, 1
2
, 1√

2
).

The proposed pruned approximation can be obtained by multiplying sev-
eral sparse matrices. Let Tp4 = P ∗ · A∗

2 · A∗
1 ·B∗, where:

B∗ =


1 0 0 0 0 0 0 1
0 1 0 0 0 0 1 0
0 0 1 0 0 1 0 0
0 0 0 1 1 0 0 0
0 −1 0 0 0 0 1 0
1 0 0 0 0 0 0 −1

 P ∗ =


1 0 0 0
0 0 0 1
0 1 0 0
0 0 1 0



A∗
1 =


1 1 0 0 0 0
0 0 1 1 0 0
1 0 0 −1 0 0
0 0 0 0 1 0
0 0 0 0 0 1

 A∗
2 =


1 1 0 0 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1


The SFG for the fast algorithm of Tp4, which only requires 10 additions,

positions it as a strong contender against Coutinho pruned of MCB (CMCB)
[33] and A20 [57]. Depicted in Figure 3.3, this graph illustrates the relation-
ship between the input signal xn and the output signal Xk. Notably, the
transform-domain components X4, . . . , X7 are omitted from the graph and
assumed to be zero.

3.4.3 Arithmetic complexity

Table 3.2: Arithmetic complexity comparison for 8-point DCT approxima-
tions.

8-point 1D Pruned 8-point 1D
Approximation adds b-shifts Total adds b-shifts Total

SDCT [64]/Z19 [65] 24 0 24 14 0 14
CB [29]/M16 [53] 22 0 22 16 0 16

BASα=0/ - 16 0 16 - - -
MCB [54]/CMCB [33] 14 0 14 10 0 10

P14 [55]/A20 [57] 14 0 14 10 0 10
Proposed Tp/Tp4 14 0 14 10 0 10
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Figure 3.3: Signal flow graph for pruned Tp. Dashed lines represent multi-
plication by -1.

Table 3.2 offers a detailed comparison of the computational complexity as-
sociated with various DCT approximations, including the proposed method
and other state-of-the-art techniques. The table enumerates the number
of additions and bit-shifts required for each approximation, providing valu-
able insights into their computational requirements. The findings reveal that
both the proposed DCT approximation and its pruned variant demonstrate
comparable computational costs to existing approaches such as [54, 55, 33,
57]. Notably, these proposed methods exhibit lower complexity compared to
other alternatives. Despite sharing similar arithmetic complexities with [54,
55, 33, 57] in terms of additions and bit-shifts, the proposed DCT approxi-
mation and its pruned version deliver superior image quality. This enhanced
performance makes them particularly well-suited for applications requiring
efficient and rapid signal processing.

3.5 Image compression application

The proposed algorithm and transformations, as discussed in prior research
[54, 55, 33, 57], were evaluated within the context of JPEG-like and JPEG
compression. These techniques, exhibiting equivalent arithmetic complexity
as outlined in Table 3.2, were subjected to experimentation. Initially, a
dataset comprising 47 greyscale images was obtained from a publicly available
image repository [66].
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3.5.1 JPEG-like

Each image is partitioned into 8×8 blocks and subjected to a 2-D transform,
yielding 64 coefficients arranged in a zigzag pattern [43]. From each block,
only the first r coefficients are retained, with 1 ≤ r ≤ 40, while the rest are
discarded. The decompressed images resulting from the inverse 2-D trans-
forms are then compared to the original images. Image quality assessment is
conducted using metrics such as (1) PSNR [61] and (2) SSIM [67].
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Figure 3.4: Image quality measures for several compression ratios (r).
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Figure 3.5: Image quality measures for several compression ratios (r) of the
pruned kernels.

The findings reveal the superior performance of our proposed DCT ap-
proximation compared to MCB [54] and P14 [55] in terms of image quality,
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as demonstrated by SSIM, and PSNR metrics in Fig. 3.5. This advantage
holds true for all values of retained coefficients r, except for r < 7 where
MCB [54] shows comparable results. On average, our proposed approxima-
tion achieves a PSNR improvement of 0.3734 dB and 1.0911 dB over MCB
and P14, respectively.

Moreover, the pruned variant of our proposed DCT approximation sur-
passes the CMCB [33] and P14 [55] (A20 [57]), as demonstrated in Fig. 3.4.
Specifically, our pruned matrix exhibits image quality comparable to CMCB
[33] for r < 7, and outperforms it for r ≥ 7. Additionally, the pruned DCT
approximation, Tp4, outperforms A20 [57], showing a significant improvement
in quality for r < 10 and a slight advantage for r ≥ 10. These results are
consistent across all image samples used in the experiment and can be gen-
eralized to other datasets.

The zig-zag ordering ensures a sorting of coefficients from low to high
frequency if the transform matrix adheres to this condition. Equation (3.12)
delineates this order, emphasizing discrepancies between the proposed trans-
form and MCB [54] with a shaded area. These discrepancies become apparent
from coefficient 7 (r7), as illustrated in Figures 3.5a and 3.5b, where the pro-
posed transform exhibits a slightly superior performance starting from r = 7.
This trend persists until r = 61, beyond which the proposed and MCB [54]
show similar performance for r ≥ 62. This improvement can be anticipated
because row/column 4 in the proposed transform corresponds to a lower fre-
quency compared to the same row/column in MCB [54], suggesting a higher
emphasis on low-frequency components in the proposed transform.

Y =



r1 r2 r6 r7 r15 r16 r28 r29
r3 r5 r8 r14 r17 r27 r30 r43
r4 r9 r13 r18 r26 r31 r42 r44
r10 r12 r19 r25 r32 r41 r45 r54
r11 r20 r24 r33 r40 r46 r53 r55
r21 r23 r34 r39 r47 r52 r56 r61
r22 r35 r38 r48 r51 r57 r60 r62
r36 r37 r49 r50 r58 r59 r63 r64


(3.12)

To further support this theory, three distinct image types from another
dataset [66] were chosen: ’Pepper’, ’Baboon’, and ’Lena’, each representing
very low, high, and medium frequencies, respectively (Fig. 3.6). These im-
ages were tested before, after, and between the breakpoints (r < 7, r > 61,
and 7 ≤ r ≤ 61). Figs. 3.6j1 and 3.6j3 depict the reconstructed images
for r < 7 and r > 61, respectively. The results indicate that the proposed
approximation and MCB [54] exhibit comparable quality in all cases, with
both transformations outperforming P14 [55]. Conversely, between break-
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Figure 3.6: Reconstructed images for each of breakpoints
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points where 7 ≤ r ≤ 61 (Fig. 3.6j2), the proposed approximation surpasses
MCB [54] and P14 [55] in terms of quality. This demonstrates that our
approximation performs exceptionally well across various scenarios, such as
grass and animals and birds feathers (high frequencies), sky and water (low
frequencies), and everything in between.

3.5.2 JPEG

In the preceding subsection, it was demonstrated that the proposed approx-
imation performs comparably to MCB [54] in terms of reconstructed image
quality when the number of retained coefficients (r) is below 7. However,
for r values greater than or equal to 7, the proposed approximation exhibits
superior performance in terms of image quality compared to other approx-
imations. It is noteworthy that despite achieving a high compression rate,
which is often a key consideration, the proposed approximation does not
yield higher image quality when the rate exceeds 90%. These findings were
obtained within the framework of JPEG-like compression, where quantiza-
tion and Huffman coding were not utilized. To comprehensively evaluate
the efficacy of the proposed approximation and its impact on image qual-
ity, further testing is warranted within a complete JPEG compression chain
incorporating quantization and Huffman coding.

The proposed DCT approximation, Tp, has been compared against other
existing approximations in terms of image quality metrics including SSIM,
APE(UQI), and PSNR, as presented in Fig. 3.7. The results indicate that
Tp consistently outperforms other approximations and has the best overall
performance. Specifically, Tp outperforms P14 [55] and has a slight gain
compared to MCB [54]. Furthermore, the pruned version of each approxima-
tion has been evaluated as shown in Fig. 3.8. The results indicate that the
pruned version of Tp (Tp4) surpasses the other approximations and demon-
strates improved gains compared to CMCB [33] and a small gain compared
to the pruned version of P14 (A20 [57]), which becomes the second-best per-
former. On the other hand, the pruned version of MCB (CMCB [33]) shows
a significant loss in quality of around 1.5 dB.

Thus, the proposed transform offers a distinct advantage for target-driven
JPEG compression applications [68, 69, 70], where region-adaptive compres-
sion ratios (CR) are employed to optimize performance. In this approach,
critical regions can be compressed with lower compression ratios (below 90%)
using Tp, preserving high image quality, while less critical regions are com-
pressed with higher compression ratios (above 90%) using the pruned version
Tp4 to reduce arithmetic complexity. This strategy provides optimal perfor-
mance, ensuring that the regions of interest (ROI) retain high quality while
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Figure 3.7: Image quality measures for several compression ratios (bit rate).
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Figure 3.8: Image quality measures of the pruned versions for several com-
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utilizing a single architecture for both tasks.

(a) MCB[54]
(PSNR = 30.91dB).

(b) P14[55]
(PSNR = 30.74dB).

(c) Tp

(PSNR = 31.17dB).

(d) CMCB[33]
(PSNR = 29.46dB).

(e) A20[57]
(PSNR = 30.33dB).

(f) Tp4

(PSNR = 30.44dB).

Figure 3.9: Reconstructed image of ’Lena’ for bitrate=0.3bpp.

Moreover, the proposed approximation yields impressive results, at a com-
pression rate of 96.25% (bit-rate of 0.3 bpp), as detailed in Table 3.3 and
depicted in Fig. 3.9. The proposed approximation consistently outperforms
both the MCB and P14 approximations in terms of image quality.

The tested images, which contained a variety of frequency components,
demonstrated that the proposed approximation significantly outperformed
both the MCB and P14 approximations in terms of image quality. For the
’Lena’ image, the quality improvements were 0.26 dB and 0.43 dB over MCB
and P14, respectively. Similarly, for the ’Pepper’ image, the gains were 0.2 dB
and 0.45 dB, while the ’Baboon’ image showed enhancements of 0.05 dB and
0.11 dB compared to MCB and P14, respectively. These results highlight the
suitability of the proposed approximation for embedded systems and other
applications that require high compression rates without significant loss in
image quality.

These findings underscore the suitability of the proposed approximation
for embedded systems and other applications requiring high compression
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rates without compromising image quality.

Table 3.3: Quality of reconstructed images (PSNR[dB]) at a bit-rate of 0.3
bpp

Method Lena Pepper Baboon
MCB[54] 30.91 29.99 22.57
P14[55] 30.74 29.72 22.63
Tp 31.17 30.19 22.68

CMCB[33] 29.46 27.88 22.42
A20[57] 30.33 28.83 22.46
Tp4 30.44 28.98 22.47

The proposed pruned approximation, denoted as Tp4, demonstrates supe-
rior performance compared to the MCB pruned matrix [33]. This is reflected
in an image quality enhancement of 1.1 dB for ’Pepper’, 0.98 dB for ’Lena’,
and 0.05 dB for ’Baboon’. These results indicate a consistent improvement
over the MCB approximation [54] and P14 [55], with Tp4 maintaining its
advantage in performance metrics.

Despite these improvements, a marginal reduction in quality is noted
when comparing Tp4 to P14, particularly with decreases of 0.1 dB for ’Ba-
boon’, 0.74 dB for ’Pepper’, and 0.3 dB for ’Lena’. Similarly, when evalu-
ated against MCB, the proposed approximation exhibits a loss of 0.16 dB for
’Pepper’, 1.01 dB for ’Lena’, and 0.47 dB for ’Baboon’.

A significant advantage of Tp4 is its reduced computational complexity,
requiring only 10 additions, compared to the 14 additions necessary for both
MCB and P14. This reduction in arithmetic complexity presents a notable
improvement in resource efficiency, making Tp4 a compelling candidate for
applications in resource-constrained environments.

3.6 Conclusion

This chapter introduced a novel DCT approximation that demonstrates supe-
rior performance compared to previous state-of-the-art 14-addition approx-
imations, namely MCB [54] and P14 [55], particularly in terms of image
quality. The proposed approximation distinguishes itself through its low
arithmetic complexity, similar hardware implementation requirements, and
enhanced compression outcomes, making it particularly suitable for embed-
ded systems. This is especially relevant for embedded monitoring applica-
tions, where energy efficiency and limited hardware resources are critical.
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Extensive testing across various image datasets revealed the effectiveness
of the proposed approximation, as indicated by significant improvements in
PSNR values. The introduction of the modified coding gain (mCg) metric
further corroborates the efficacy of this new approach, showing a clear cor-
relation between higher mCg values and better image quality. Additionally,
the pruned version of the approximation, Tp4, also yielded promising results,
outperforming existing alternatives such as CMCB [33] and A20 [57] in terms
of image quality.

Given its capabilities, the proposed DCT approximation holds consid-
erable potential for embedded systems and applications that require high
compression rates while maintaining satisfactory image quality. Future re-
search will focus on refining existing transform approximations using the
proposed algorithm, exploring more efficient hardware implementations, and
investigating the possibility of a single architecture with multiple pruned ver-
sions for region-of-interest applications. Additionally, efforts will be directed
toward further enhancing image quality by developing a specialized quanti-
zation matrix tailored to the proposed approximation. Another promising
direction for future work is to explore the DTT as a complementary or alter-
native approach, potentially yielding further improvements in compression
efficiency and complexity reduction in embedded systems.
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Chapter 4

Improved DTT approximations
for efficient image compression

Introduction

Discrete orthogonal transforms play a pivotal role in numerous signal pro-
cessing applications, including image and video compression, pattern recogni-
tion, digital watermarking, and security. Among these transforms, the KLT is
mathematically optimal for data decorrelation and energy compaction. How-
ever, its data-dependent nature limits the development of fast algorithms,
hindering its practical implementation. Consequently, the DCT has emerged
as an attractive approximation to the KLT due to its data-independent com-
putation and the availability of several fast algorithms [63, 71, 72, 73]. As
a result, the DCT has been extensively adopted in various standards and
signal processing techniques, such as JPEG image compression [43], video
coding [74, 44, 75], and digital watermarking [76, 77].

Despite the existence of efficient algorithms, the computational complex-
ity of the DCT remains a significant challenge, particularly in resource-
constrained embedded systems [78, 39] and real-time applications [39]. To ad-
dress this issue, transform approximations have been proposed as an alterna-
tive approach, aiming to reduce the computational burden while maintaining
acceptable performance. These approximations can be broadly classified into
two categories: (i) substituting the original transform with a low-accuracy
approximation [50, 79, 34, 58, 80], and (ii) pruning or truncating coefficients
that are likely to be negligible or zero [81, 82, 83, 84, 85].

In recent years, the DTT has gained increasing attention as an alternative
to the DCT for signal processing applications. The DTT, derived from dis-
crete Tchebichef polynomials, exhibits similar properties to the DCT, such
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as decorrelation and energy compaction capabilities. In some cases, the DTT
has demonstrated superior performance compared to the DCT in image com-
pression tasks [86, 27, 87]. The DTT has been successfully applied in various
domains, including image analysis [88], security [89, 23], digital watermark-
ing [90], pattern recognition [91], video interpolation [92], and image/video
coding [93, 82].

However, despite its promising properties, the computational complexity
of the DTT remains a significant challenge, particularly for the widely used
8-point DTT. While numerous fast algorithms have been developed for the
DCT, only a limited number of approaches have been proposed to reduce
the complexity of the DTT [94, 32, 95]. These existing DTT approxima-
tions suffer from various shortcomings, such as neglecting the deviation from
orthogonality as an optimization criterion [94, 32], employing distinct algo-
rithms for forward and inverse transformations [94], or exhibiting deviations
in the low-frequency region [95], which can adversely affect compression per-
formance.

To address these limitations, the present work proposes novel approaches
to approximating the DTT, resulting in reduced computational complexity
and improved compression efficiency compared to the existing approxima-
tions [94, 32, 95]. The key contributions of this work are as follows:

• A critical analysis of previous DTT approximations [94, 32, 95], high-
lighting their strengths and weaknesses.

• Introduction of a modified deviation metric that considers the loca-
tion of deviations, leading to optimized approximations with enhanced
compression performance.

• Investigation of using the inverse matrix, in addition to the transpose
matrix, for computing the 2D DTT, enabling a comprehensive evalua-
tion of approximation accuracy.

• Development of efficient fast algorithms for computing the proposed
DTT approximations, further reducing their computational complexity.

• Evaluation of the approximations’ performance using various metrics,
including Cg, transform efficiency (η), and MSE, to assess their com-
pression capabilities.

• Consideration of hardware resource utilization, processing speed, and
energy consumption in FPGA implementations, providing insights into
their practical applicability.
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• Implementation of the proposed DTT approximations in a JPEG-like
compression application, demonstrating their superiority over existing
approximations through comparative analysis.

The proposed work aims to address the computational complexity chal-
lenges of the DTT while maintaining competitive compression performance,
enabling its wider adoption in resource-constrained signal processing appli-
cations.

4.1 Review of fast algorithms for the 8-point

DTT

As previously stated in the introduction, fast algorithms for the DTT are
scarce in the signal processing literature compared to the DCT. There is a
significant need for more proposals of DTT approximations. To the best of
our knowledge, there exist only three fast algorithms in the literature for
computing an 8-point DTT. The first one was proposed in [86] and provides
an exact DTT using the kernel described in (4.9). The other two algorithms
[94, 32] compute DTT approximations, with kernels given in (4.11) and (4.12)
for approximation [94] and (4.14) for approximation [32]. It is worth men-
tioning that the works in [81, 82] pertain to the pruned version of the DTT,
while those in [83, 96, 97] concentrate on hardware optimizations, which are
not within the scope of this current work.

4.1.1 Exact DTT

The DTT is an orthogonal transformation derived from the discrete Tchebichef
polynomials [98, 88]. The kth order of the polynomials is defined as follows:

tk,n = P1(k) · P2(k, n), (4.1)

with:

P1(k) =

√
(2k + 1)(N − k − 1)!

(N + k)!
· (1−N)k,

P2(k, n) =3 F2(−k,−n, 1 + k; 1, 1−N ; 1),

k, n = 0, 1, . . . , N − 1,

3F2(a1, a2, a3; b1, b2; z) =
∞∑
k=0

(a1)k(a2)k(a3)k
(b1)k(b2)k

.
zk

k!
,
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where 3F2 is the hyper-geometric function and (a)k is the ascending factorial
defined in (4.2).

(a)k = a(a+ 1) . . . (a+ k − 1), k ≥ 1 and (a)0 = 1 (4.2)

The DTT is derived from the discrete Tchebichef polynomials, which exhibit
properties such as orthogonality, recurrence, and normalization. In the DTT
domain, also known as Discrete Orthogonal Moments (DOMs), moments can
be calculated by the use of discrete orthogonal polynomials. The transformed
2D sequence, Ynm, which represents the set of discrete orthogonal 2D mo-
ments, is obtained from the input data sequence X(x, y), are described in
[99].

Ynm =
N−1∑
x=0

N−1∑
y=0

tn,xtm,yX(x, y);n,m = 0, 1, . . . , N − 1 (4.3)

The orthogonality property leads to the following inverse 2D transform.

X(x, y) =
N−1∑
n=0

N−1∑
m=0

Ynmtn,xtm,y;x, y = 0, 1, . . . , N − 1 (4.4)

The 2-D DTT of an input data sequenceX, with sizeN×N , can be expressed
in the matrix form, as described by (4.5)

Y = TN ·X · T T
N , (4.5)

where the N-point real matrix TN of the DTT kernel can be obtained by :

TN =


t0,0 t0,1 · · · t0,N−1

t1,0 t1,1 · · · t1,N−1
...

...
. . .

...
tN−1,0 tN−1,1 . . . tN−1,N−1

 (4.6)

X is the input data of size N×N and Y is the transform-domain coefficients
of X. The inverse procedure can recover the original intensity distribution
X as follows:

X = T T
N · Y · TN (4.7)

The matrix TN is orthogonal, which means that its transpose is equal to
its inverse. Then, TN · T T

N = IN , where IN is the identity matrix of size
N × N . The real 8-point DTT kernel matrix used in [86] can be described
by the product of the diagonal matrix D and the integer-entry matrix T0, as
described in (4.8)

T8 = D0 · T0, (4.8)
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where

T0 =



1 1 1 1 1 1 1 1
−7 −5 −3 −1 1 3 5 7
7 1 −3 −5 −5 −3 1 7
−7 5 7 3 −3 −7 −5 7
7 −13 −3 9 9 −3 −13 7
−7 23 −17 −15 15 17 −23 7
1 −5 9 −5 −5 9 −5 1
−1 7 −21 35 −35 21 −7 1


, (4.9)

D0 =
1

2
· diag( 1√

2
,

1√
42

,
1√
42

,
1√
66

,
1√
154

,
1√
546

,
1√
66

,
1√
858

) (4.10)

The scaling matrix D0 is merged into the quantization step and does not
affect the complexity of the transformation step. As a result, only the integer-
entry matrix T0 is employed to improve the computational efficiency through
the implementation of a multiplication-free algorithm. This technique utilizes
the dyadic decomposition of the integer DTT coefficients. For instance, when
the input data x needs to be multiplied by a constant a, representing an
element of the DTT matrix kernel, this constant is written as a sum of
power of 2. Consequently, the multiplication of x by this constant can be
achieved through additions and bit shifting, where n-bit shifts equate to a
multiplication by 2n.

In [86], a fast algorithm of the integer DTT matrix T0 = D−1
0 · T8 (where

· denotes matrix multiplication and T8 represents the real DTT kernel) was
proposed. This algorithm requires 44 additions and 29 bit-shifting opera-
tions, which is considered complex compared to its subsequent discrete trans-
form approximations that require fewer than 30 operations [94, 32].

4.1.2 DTT approximations

A DTT approximation aiming at reducing the number of operations was
proposed in [94]. But, the resulting algorithm remains complex with 20
operations required for the forward 1D transform and 37 operations for the
inverse 1D transform, due to its non-orthogonality. The kernel used for this
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approximation, referred to as O∗, is presented in (4.11).

O∗
15 =



1 1 1 1 1 1 1 1
−1 −1 0 0 0 0 1 1
1 0 0 −1 −1 0 0 1
−1 1 1 0 0 −1 −1 1
0 −1 0 1 1 0 −1 0
0 1 −1 −1 1 1 −1 0
0 −1 1 0 0 1 −1 0
0 0 −1 1 −1 1 0 0


(4.11)

The inverse transform kernel can be computed using (O∗
15)

−1 = O15 · D15,
whereD15 is the diagonal matrix with the elements diag(1

8
, 1
10
, 1
8
, 1
10
, 1
4
, 1
10
, 1
8
, 1
10
)

and

O15 =



1 −3 3 −2 1 −1 −1 −1
1 −2 −1 2 −1 1 −1 1
1 −1 −1 1 −1 −2 3 −2
1 −1 −1 1 1 −2 −1 3
1 1 −1 −1 1 2 −1 −3
1 1 −1 −1 −1 2 3 2
1 2 −1 −2 −1 −1 −1 −1
1 3 3 2 1 1 −1 1


(4.12)

Therefore, the 2-D DTT domain Y of the input data X can be expressed by:

Y = O∗
15 ·X · (O∗

15)
−1 = O∗

15 ·X ·O15 ·D15 (4.13)

In [32], another approximation, referred to as O16, has been proposed and
has demonstrated better results in terms of both quality and complexity com-
pared to the previous approximation [94]. The O16 is quasi-orthogonal and
requires the same number of operations, 30, for both the forward and inverse
transform. The kernel matrix for this transformation can be summarized as
follows:

O16 =



1 1 1 1 1 1 1 1
−2 −1 −1 0 0 1 1 2
2 0 −1 −1 −1 −1 0 2
−2 1 2 1 −1 −2 −1 2
1 −2 0 1 1 0 −2 1
−1 2 −1 −1 1 1 −2 1
0 −1 2 −1 −1 2 −1 0
0 0 −1 2 −2 1 0 0


, (4.14)

where its scaling matrix S16 is

S16 = diag(
1√
8
,

1√
12

,
1√
12

,
1√
20

,
1√
12

,
1√
14

,
1√
12

,
1√
10

)
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4.1.3 Analysis of the previous DTT approximations

Orthogonality is a fundamental property in numerous signal processing ap-
plications, particularly in the context of image compression, owing to its
numerous advantages such as the ability to use the transpose matrix instead
of the inverse matrix, identical arithmetic complexity for both forward and
inverse 1D transforms, the utilization of the same hardware architecture for
both transforms, and reversibility, where the recovered data matches the
input data, as expressed by T · T⊤ = I, where I is the identity matrix.

However, the use of approximations of the exact DTT kernel may result
in a reduction in these benefits. For instance, the DTT approximation O15

[94] exhibits a relatively significant deviation from orthogonality, rendering
it unsuitable for use in the reconstruction process. The need for the inverse
matrix in the reconstruction process owing to the low Cg of O15 and its
deviation from orthogonality leads to the need for two distinct hardware
architectures and a higher arithmetic complexity.

The DTT approximation O16 presented in [32] offers a lower deviation
from orthogonality, rendering it quasi-orthogonal. This approximation can
utilize the transpose instead of the inverse matrix in the reconstruction pro-
cess, resulting in equal arithmetic complexity for both transforms and the
utilization of the same hardware architecture. However, it is crucial to note
that using the transpose of a non-orthogonal matrix may result in certain
issues, such as T−1 ̸= T⊤ and T · T⊤ ̸= I.

4.2 First Proposition (Tp1) [95]

The aim of this section is to derive a low-complexity approximation of the
DTT, which is based on the exact DTT. The methodology involves gener-
ating a set of parametric integer matrices and identifying the best candi-
date based on orthogonality, coding performance, and proximity to the exact
DTT. In the literature on the DCT, several notable approximations have
been proposed, such as in [50, 100, 30]. Typically, an approximate transform
behaves similarly to the exact matrix, C, with respect to specified metrics.
The scale-and-round approach [30] provides a method for deriving a DCT
approximation by using the following relationship:

T = round(α · C), (4.15)

where round() is a rounding function that rounds to the nearest integer,
α is a real parameter, and C is the exact 8 by 8 DCT matrix. A similar
methodology to the scale-and-round approach was used in [94, 32] to derive
DTT approximations.
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4.2.1 Parametric 8× 8 integer matrices

The proposed DTT approximation is based on the exact DTT [86] and uses
the same scale-and-round approach as seen in the previous DTT approxima-
tions [94, 32]. However, it differs from [94, 32] by finding an optimal scaling
factor, αi, for each row of the matrix T0, instead of using a single scaling
factor for all rows. This methodology has two benefits. Firstly, the can-
didate matrix set becomes larger compared to using a single scaling factor,
leading to a better solution. Secondly, the rows of the DTT matrix (i.e.,
basis vectors) have a large dynamic range in comparison to the DCT, mak-
ing the round function less precise. Thus, the round error introduced will
not be evenly distributed. By using a different parameter for each row, this
phenomenon can be minimized.

The initial step in deriving the proposed DTT approximation is to nor-
malize the rows of the exact DTT. This is done by dividing each row by
its absolute maximum value, resulting in values between -1 and 1. This is
equivalent to a left-multiplication by a scaling diagonal matrix, as shown in
(4.16):

T ∗ = D0 · T0, (4.16)

where T ∗ is a real-valued matrix on which our DTT approximation will be
based, and T0 is the integer DTT matrix defined in (4.9), and

D0 = diag(1,
1

7
,
1

7
,
1

7
,
1

13
,
1

23
,
1

9
,
1

35
) (4.17)

Our aim is to develop a low-complexity approximation of the DTT matrix,
with elements from the set P2 = {±2,±1, 0}, using the round function. This
set of integers is suitable for hardware implementation with low energy con-
sumption as it requires only addition and bit-shifting operations. To achieve
this, we can generate a set of parametric integer matrices by applying the
round function to the product of the diagonal matrix, α, and the normalized
DTT matrix, D0 · T0

Tp1(α) = round(α ·D0 · T0), (4.18)

where α is a diagonal matrix with scaling coefficients for each row, as follows:

α = diag(α1, α2, α3, α4, α5, α6, α7, α8).

4.2.2 Multi-objective optimization problem

The goal of resolving (4.18) is to find the best approximation based on mul-
tiple metrics, referred to as multi-objective or multi-criteria optimization
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[101]. To guide the search for the best transform, we started with the prob-
lem outlined in [94, 32], which involves high deviation from orthogonality. By
replacing Y in (4.5) with (4.7), and the exact DTT matrix TN with another
matrix T , we obtain:

X∗ = T T · T ·X · T T · T. (4.19)

If the matrix T is orthogonal, then T T = T−1 and X∗ = X because T T ·
T = I. The low deviation from orthogonality [30] ensures that the inverse
matrix is very close to its transpose, meaning T T ≈ T−1. This results in
X∗ being approximately equal to the input X (X∗ ≈ X) since T T · T ≈ I.
Consequently, the lowest deviation from orthogonality results in the lowest
error possible.

To find the optimal low-complexity DTT approximation, we considered
four criteria as figure-of-merits: (i) the deviations from orthogonality (δ)
[30], which is the most important criterion, (ii) the unified Cg [59], (iii)
the transform efficiency (η) [59], and (iv) the MSE as a proximity measure.
These metrics are crucial in assessing the transform’s ability to preserve
and compact energy, decorrelate data, and approach the exact transform
[30]. The proposed methodology can be formulated as a multi-objective
optimization problem:

αOPT = arg min
0.5≤α<2.5

{δ(T approx(α)),MSE(T approx(α)),−Cg(T
approx(α)),−η(T approx(α))},

(4.20)

with
T approx(α) = round(α · T ∗), (4.21)

δ(A) = 1− ||diag(A · A
T )||F

||A · AT ||F
, (4.22)

where T ∗ is the normalized matrix defined in (4.16), ||.||F denotes the Frobe-
nius norm for matrices [102], and Cg, η and MSE are the coding gain, trans-
form efficiency and mean square error defined in (4.49), (4.50) and (4.48),
respectively.

The optimal low-complexity matrix can be obtained from the diagonal
matrix of scaling parameters αOPT , as defined in (4.18). The criteria for
maximization, Cg and η, are considered with a negative sign. To search for
αOPT , linearly spaced values of α were considered in the interval 1

2
≤ αi <

5
2
,

with a step size of 0.1. For each α, a new matrix was generated using (4.21),
and the metrics in (4.20) were calculated. The values of α for the matrices
with the minimum metric values were saved in a set and ordered by the first
and most important criteria δ.
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The almost perfect solution was achieved when α1 to α8 are within the
intervals
([1

2
, 3
2
[, [3

2
, 21
10
[, [3

2
, 21
10
[, [ 7

10
, 7
6
[, [13

18
, 13
14
[, [23

34
, 23
30
[, [3

2
, 5
2
[, [1

2
, 5
6
[), respectively. It is im-

portant to note that any α value within these intervals will result in the same
approximation. For practical purposes, the selected optimal diagonal matrix
of scaling parameters, αOPT , equals diag(1, 2, 2, 1, 3

4
, 3
4
, 2, 1

2
) . The proposed

matrix Tp1 can be obtained directly using the following equation:

Tp1(α
OPT ) = round(D1 · T0) =



1 1 1 1 1 1 1 1
−2 −1 −1 0 0 1 1 2
2 0 −1 −1 −1 −1 0 2
−1 1 1 0 0 −1 −1 1
0 −1 0 1 1 0 −1 0
0 1 −1 0 0 1 −1 0
0 −1 2 −1 −1 2 −1 0
0 0 0 1 −1 0 0 0


,

(4.23)

where D1 = αOPT ·D0.

4.2.3 Properties of the proposed DTT approximation

The properties of the proposed approximation can be summarized as follows:

• The inputs of the integer matrix Tp1 are in the set P2 = {±2,±1, 0},
resulting in a low-complexity transformation T̂ that requires only ad-
ditions and bit-shifts, without the need for float multiplications. The
scaling matrix will be incorporated into the quantization process.

• The matrix Tp1 has a small deviation from orthogonality, being near-
orthogonal, as shown in (4.24) with δ < 1 − 2√

5
or δ < 0.1056. This

deviation from orthogonality, defined in (4.26), is small, which indi-
cates that the transformation is nearly reversible and leads to efficient
compression performance.

Tp1 · T T
p1 =



8 0 0 0 0 0 0 0
0 12 0 0 0 0 0 0
0 0 12 0 −2 0 −2 0
0 0 0 6 0 0 0 0
0 0 −2 0 4 0 0 0
0 0 0 0 0 4 0 0
0 0 −2 0 0 0 12 0
0 0 0 0 0 0 0 2


(4.24)
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• The proposed approximation is near-orthonormal as shown in (4.25):

T̂ · T̂ T =



1 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0
0 0 1 0 −0.29 0 −0.17 0
0 0 0 1 0 0 0 0
0 0 −0.29 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 −0.17 0 0 0 1 0
0 0 0 0 0 0 0 1


(4.25)

• The proposed transform has a low deviation from orthogonality, which
means that it has a low computational complexity similar to the in-
verse transform. However, using the inverse (T̂−1) in the inverse 1D
transform requires more hardware resources.

• The proposed approximation has the lowest error measured using the
MSE value. Table 4.1 summarizes the comparison between the trans-
formed domain using the transpose matrix and the inverse matrix in
terms of the MSE.

• Due to its low deviation from orthogonality and low MSE value, the
inverse of the proposed transform (T̂−1) is approximately equal to its
transpose (T̂ T ). As a result, the inverse 1D transform can use the
transpose matrix instead of the inverse.

Table 4.1: Comparison in terms of the deviation from orthogonality and the
MSE between the transpose matrix and its exact inverse.

Method δ MSE(T T ,T−1)
DTT [86] 0 0

Signed Discret Cosine Transform (SDCT) [64] 0.1056 0.0893
O15[94]. 0.09 0.0385
O16[32]. 0.024 0.0104
Tp1 0.014 0.0026

4.3 Second proposition (Tp2) [103]

The first proposition [95] addressed the issue of orthogonality, where it offers
the lowest deviation from orthogonality. It has an acceptable value of Cg,
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rendering it suitable for image compression applications. However, it is im-
portant to note that the deviations of this approximation are located in the
low frequency elements. Consequently, it is critical to carefully consider the
deviation from orthogonality while selecting DTT approximations for image
compression applications.

4.3.1 Proposed modified deviation-from-orthogonality
(mδ)

In transform-based compression, quantization is typically the only step that
causes loss. However, when using a quasi-orthogonal kernel transform, loss
can also result from employing the transpose matrix. To minimize these
losses, it is crucial to reduce deviations from orthogonality. The deviation
from orthogonality metric (δ), defined in equation (4.23), is generally used
in this context

δ(A) = 1− ||diag(A)||F||A||F
, (4.26)

where ||.||F denotes the Frobenius norm for matrices [102].
The deviations from orthogonality of a transform approximation can oc-

cur in different areas, corresponding to low or high frequencies. The critical
area for image and video compression is the low frequency region as it con-
tains the most important information that needs to be preserved. In such a
region, these deviations can negatively impact the compression efficiency of
the algorithm. However, δ does not take into consideration the location of
deviations, which is very important. Therefore, we introduce a modified de-
viation from orthogonality (mδ) to emphasize deviations in the crucial area
where the base frequencies are located. This is achieved by adding a new
parameter σ, defined as follows:

σi,j =
1

min(i, j)
, i, j = 1, . . . , N, (4.27)

where σ is a matrix of size N ×N , N is the size of the matrix A in Equation
(4.26), and min returns the minimum of two input values. mδ is then defined
as follows:

mδ(A) = 1− ||diag(A⊙ σ)||F
||A⊙ σ||F

, (4.28)

where ⊙ is the elements-wise multiplication.
To better illustrate the proposed mδ, let us consider an example. We

will use the matrix A1 shown in (4.29), which corresponds to the transform
kernel in (4.14). Additionally, we introduce a modified matrix A2 in (4.30),
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where some of the deviations were shifted from the low-frequency region to
the high-frequency area. The shifted elements are highlighted in matrix A2.

A1 =C16 · C⊤
16

=



1 0 0 0 0 0 0 0
0 1 0 0.13 0 0.15 0 0.18
0 0 1 0 0.17 0 -0.17 0
0 0.13 0 1 0 0.12 0 0
0 0 0.17 0 1 0 0.17 0
0 0.15 0 0.12 0 1 0 -0.17
0 0 -0.17 0 0.17 0 1 0
0 0.18 0 0 0 -0.17 0 1


(4.29)

A2 =



1 0 0 0 0 0 0 0
0 1 0 0 0 0.15 0 0.18
0 0 1 0 0.17 0 -0.17 0
0 0 0 1 0 0.12 0 0
0 0 0.17 0 1 0 0.17 0
0 0.15 0 0.12 0 1 0 -0.17
0 0 -0.17 0 0.17 0 1 0.13
0 0.18 0 0 0 -0.17 0.13 1


(4.30)

Table 4.2 demonstrates that the proposed mδ provides a more accurate
representation of the impact of deviations on a given non orthogonal trans-
formation. As a result, it is a valuable tool for evaluating and improving
the performance of quasi-orthogonal kernels in transform-based compression
applications.

Table 4.2: Comparison of deviation from orthogonality.

Method δ mδ
A1(O16)[32] 0.0241 0.0175

A2 0.0241 0.0151

4.3.2 Multi-objective optimization problem

This study employs the scale-and-round approach explained in Section 4.2.1
and a multi-objective optimization algorithm to minimize deviations in the
DTT matrix. The optimization process follows the following rules:
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1. Transfer deviations to the high-frequency elements. As rows and columns
in T ·T⊤ are related, deviations should be moved from row and column
1 to row and column N .

2. Optimize coding performance and proximity to the exact DTT.

Adhering to these rules, the best approximation is sought using a multi-
objective optimization algorithm based on the following criteria: (i) the mδ,
the most important factor to satisfy rule 1; (ii) the Cg) [30]; and (iii) the
MSE as a proximity measure to fulfill rule 2.

These figures of merit are significant because they ensure low deviation
from orthogonality, the transform’s ability to preserve and compact energy,
data decorrelation, and proximity to the exact transform. This methodology
can be formulated as the following multi-objective optimization problem:
”Minimize mδ, Cg, and MSE subject to constraints on the DTT matrix
elements.”, which can be formulated by the following equation:

αO = arg min
αmin≤α≤αmax

{mδ(T ∗(α) · T ∗⊤(α)),

MSE(T ∗(α)),−Cg(T
∗(α))},

(4.31)

where mδ is defined in (4.28) and αO the optimal diagonal matrix of scaling
parameters is denoted by αO and is given by Equation (4.18). Since Cg is to
be maximized, we consider it with a negative sign.

To ensure that the values of Tp1 are in the set P2 = {±2,±1, 0}, the
maximum value of each row of Tp1 should not exceed 2.5 (as round(2.5) = 3),
we set the upper bound for α of row 3 and 5 as follows:

αmax =
2.5

maxr(abs(T8({2, 4})))
≈ {4.6, 4.7}

Note that the maximum value of the first row should be ignored, as all its
values are equal and only represent an up-scaling factor. Additionally, each
row of T ∗(α) must not be null, meaning that the maximum value of each row
(maxr) should be at least 0.5, as expressed in the following equation:

αmin =
0.5

maxr(abs(T8({2, 4})))
≈ {0.9, 0.9}

In the optimization process, we use a step size of αstep = 0.1. Doing so, the
optimal values of α belong to the following intervals:

(αO
2 , α

O
4 ) ∈

([√
42

5
,

√
42

3

[
,

[
3
√
154

13
,

√
154

3

[)
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It is important to note that any value of αO within the specified intervals
would yield the same approximation. For practical purposes, we have chosen
αO = diag(1, 1, 2, 1, 3, 1, 1, 1). With this value, the proposed matrix Tp1 can
be directly obtained using (4.18). The resulting matrix is presented in the
following equation:

Tp2(α
O) =



1 1 1 1 1 1 1 1
−2 −1 −1 0 0 1 1 2
1 0 0 −1 −1 0 0 1
−1 1 1 0 0 −1 −1 1
1 −2 0 1 1 0 −2 1
0 1 −1 0 0 1 −1 0
0 −1 2 −1 −1 2 −1 0
0 0 0 1 −1 0 0 0


(4.32)

4.3.3 Properties of the proposed transformations

The proposed transformation Tp2 has several important properties, as de-
scribed below.

1. Complexity: Since the inputs of the integer matrix Tp2 are in the set
P2 = {±2,±1, 0}, the proposed transformation inherits the same com-
plexity as Tp2. This means that Tp2 does not require any floating-point
multiplications and only additions and shifts are needed.

2. Near-Orthogonality: The matrix Tp2 has a small deviation from orthog-
onality and is considered near-orthogonal as mδ(Tp2) < mδ(SDCT )
[64], according to [50, 79, 94, 32]. Table 4.3 summarizes the deviations
of different transforms and shows that the proposed approximation has
the lowest deviation compared to the other transforms. In this study,
the correlation factor ρ is fixed at 0.95, a value established as a de-
pendable approximation for natural images in previous literature [59].

3. Low Complexity Inverse: Since the proposed transformation matrix
Tp2 is near-orthogonal and has a small deviation from orthogonality, the
complexity of the inverse kernel matrix is almost equal to the arithmetic
complexity of the matrix itself. This means that the inverse kernel
matrix can be used.

4. Use of Transpose: The small deviations from orthogonality of the pro-
posed transformation make the inverse of the matrix approximately
equal to its transpose (as shown in Table 4.3). This means that when
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Table 4.3: Comparison of modified deviation from orthogonality and MSE
between the transpose kernel and the inverse (with ρ = 0.95).

Method δ mδ MSE(T⊤, T−1)
DTT[86] 0 0 0
SDCT [64] 0.1056 0.0845 0.0893
O15[94] 0.09 0.0541 0.0385
O16[32] 0.024 0.0175 0.0104
Tp1[95] 0.014 0.008 0.0026
Tp2 0.014 0.0067 0.0026

the transformation uses the transpose matrix, the error of the transfor-
mation becomes small. Therefore, the transpose matrix of the kernel
can be used instead of the inverse, resulting in good compression effi-
ciency for a matrix with an acceptable Cg.

4.4 2D Transformations

Polar decomposition can be used to derive an orthonormal or quasi-orthonormal
matrix T from a low-complexity matrix. The goal of this process is twofold:
first, to ensure that the matrix is reversible when it is orthogonal; and sec-
ond, to minimize errors when the transpose is used as an approximation to
the inverse transform matrix. When the matrix is orthonormal, the 1D for-
ward and inverse transforms require the same complexity. However, when
the matrix is not orthonormal, the complexity is almost the same for both
the forward and inverse transforms. The 1D forward transforms Ti associated
with the matrices Tpi can be expressed as follow:

Ti = Si · Tpi, (4.33)

where Si =
√

(Tpi · T⊤
pi )

−1 is the scaling matrix used in the orthogonalization

procedure [30] and i = {1, 2}.
Both approximations Tp1 and Tp2 are near-orthogonal. It is necessary to

approximate Si by removing the off-diagonal items. The resulting matrices
(Ŝi) are given by (4.34) and (4.35):

Ŝ1 =
√

diag(Tp1 · T⊤
p1)

−1

= diag(
1

2
√
2
,

1

2
√
3
,

1

2
√
3
,
1√
6
,
1

2
,
1

2
,

1

2
√
3
,
1√
2
)

(4.34)
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Ŝ2 =
√
diag(Tp2 · T⊤

p2)
−1

= diag(
1

2
√
2
,

1

2
√
3
,
1

2
,
1√
6
,

1

2
√
3
,
1

2
,

1

2
√
3
,
1√
2
)

(4.35)

This process ensures that the scaling factor Ŝi can be adjusted during the
quantization step.

As shown in Property 4 in Subsection 4.3.3, the proposed matrix is nearly
orthogonal. This property offers two options for the 2D transform, as de-
scribed in Equation (4.5). The first option is to use T⊤

p2 as the inverse trans-
form, resulting in a lower complexity encoder. With this approach, the 1D
forward and inverse transforms use the same matrix, leading to a single ar-
chitecture. Alternatively, the second option is to use T−1

p2 directly as the
inverse transform. This approach can improve quality, but at the cost of
increased encoder complexity. With this option, two separate architectures
are required. In this chapter, we present and evaluate both transformations.

The first and the second proposed transformations, denoted as PT1 and
PT2, uses the transformation kernel as defined in Equation (4.36) for both
the forward and inverse 1D transforms.

Ti = Ŝi · Tpi (4.36)

Using this transformation kernel, the output Y of the 2D transform is calcu-
lated as follows:

Y = Ti ·X · T⊤
i = Ŝi · Tpi ·X · (Ŝi · Tpi)

⊤ = Ŝi · (Tpi ·X · T⊤
pi ) · Ŝi, (4.37)

where X represents the input data of size N × N , i = {1, 2} and Ŝ is the
approximate diagonal matrix defined in (4.35).

The third proposed transformation, denoted as PT3, utilizes Tp2 in the
forward 1D transform and T−1

p2 in the inverse 1D transform. However, since

T−1
p2 has real elements, it cannot be implemented as is. To overcome this

issue, we propose the following decomposition:

T−1
p2 = Tp3 ·D (4.38)
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Tp3 =



1 −2 9 −1 3 0 −1 0
1 −1 1 1 −5 1 −1 0
1 −1 −3 1 −1 −1 3 0
1 0 −7 0 3 0 −1 1
1 0 −7 0 3 0 −1 −1
1 1 −3 −1 −1 1 3 0
1 1 1 −1 −5 −1 −1 0
1 2 9 1 3 0 −1 0


(4.39)

D3 =
1

2
· diag(1

4
,
1

6
,
1

16
,
1

3
,
1

16
,
1

2
,
1

8
, 1), (4.40)

where Tp3 is an integer matrix, which makes the computation of PT3 simpler
and more efficient, and D is a diagonal matrix that can be shifted in the
quantization step. Using this decomposition, the output Y of the 2D forward
transform is calculated as follows:

Y = Ŝ2 ·Tp2 ·X ·(Ŝ2 ·Tp2)
−1 = Ŝ2 ·Tp2 ·X ·Tp3 ·D3 ·Ŝ−1

2 = Tp2 ·X ·Tp3 ·Ŝ3, (4.41)

with:

Ŝ3 = D3 · Ŝ−1
2 =

1

2
· diag(

√
2

2
,

√
3

3
,
1

8
,

√
6

3
,

√
3

8
, 1,

√
3

4
,
√
2) (4.42)

However, in several contexts, such as JPEG-based image compression ap-
plications [86, 29, 30], diagonal matrices like Ŝi and D do not significantly
contribute to the computational cost of a transformation and can be embed-
ded in the quantization step.

Therefore, equations (4.37) and (4.41) can be described as follows:

PT1 −→ Y = Ŝ1 · Tp1 ·X · T⊤
p1 · Ŝ1 = Tp1 ·X · T⊤

p1 ⊙ (s1 · s⊤1 ) (4.43)

PT2 −→ Y = Ŝ2 · Tp2 ·X · T⊤
p2 · Ŝ2 = Tp2 ·X · T⊤

p2 ⊙ (s2 · s⊤2 ) (4.44)

PT3 −→ Y = Ŝ2 · Tp2 ·X · Tp3 · Ŝ3 = Tp2 ·X · Tp3 ⊙ (s2 · s⊤3 ), (4.45)

where s1, s2 and s3 are column vectors containing the diagonal elements
of the scaling matrices Ŝ1, Ŝ2 and Ŝ3, respectively. The symbol ⊙ denotes
element-wise multiplication. Based on Equations (4.43), (4.44) and (4.45),
(si · s⊤j ) can easily be integrated into the computation of the quantization.
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4.5 Performance assessment

4.5.1 Proposed fast algorithms and arithmetic com-
plexities

This section addresses the efficient computation of the proposed approxima-
tion, Tp1. Direct computation of the approximation from (4.43) requires 34
additions and 6 shifts operations, making it too complex. To resolve this, a
sparse matrix factorization is employed to reduce the number of operations.
The proposed approximation can then be calculated by multiplying sparse
matrices based on the usual butterfly structures [63] :

Tp1 = P · A2 · A1 ·B, (4.46)

where

B =



1 0 0 0 0 0 0 1
0 1 0 0 0 0 1 0
0 0 1 0 0 1 0 0
0 0 0 1 1 0 0 0
0 0 0 1 −1 0 0 0
0 0 1 0 0 −1 0 0
0 1 0 0 0 0 −1 0
1 0 0 0 0 0 0 −1


A1 =



1 1 0 0 0 0 0 0
2 0 0 0 0 0 0 0
0 0 1 1 0 0 0 0
0 −1 2 −1 0 0 0 0
0 0 0 0 1 0 0 0
0 −1 0 1 0 0 0 0
0 0 0 0 0 1 1 0
0 0 0 0 0 −1 1 0
0 0 0 0 0 0 0 −1



A2 =



1 0 1 0 0 0 0 0 0
0 1 −1 0 0 0 0 0 0
0 0 0 1 0 0 0 0 0
0 0 0 0 1 0 0 0 0
0 0 0 0 0 1 0 0 0
0 0 0 0 0 0 0 1 0
0 0 0 0 0 0 1 0 1
0 0 0 0 0 0 −1 0 2


P =



1 0 0 0 0 0 0 0
0 0 0 0 0 0 0 1
0 1 0 0 0 0 0 0
0 0 0 0 0 0 1 0
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 1 0 0 0 0 0
0 0 0 1 0 0 0 0


and

Tp2 = P̂ · Â2 · Â1 · B̂, (4.47)
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with:

B̂ =



1 0 0 0 0 0 0 1
0 1 0 0 0 0 1 0
0 0 1 0 0 1 0 0
0 0 0 1 1 0 0 0
0 0 0 1 −1 0 0 0
0 0 1 0 0 −1 0 0
0 1 0 0 0 0 −1 0
1 0 0 0 0 0 0 −1


Â1 =



1 0 0 1 0 0 0 0
0 1 1 0 0 0 0 0
0 1 0 0 0 0 0 0
0 −1 2 −1 0 0 0 0
1 0 0 −1 0 0 0 0
0 0 0 0 1 0 0 0
0 0 0 0 0 1 1 0
0 0 0 0 0 −1 1 0
0 0 0 0 0 0 0 1



Â2 =



1 1 0 0 0 0 0 0 0
1 0 −2 0 0 0 0 0 0
0 0 0 1 0 0 0 0 0
0 0 0 0 1 0 0 0 0
0 0 0 0 0 1 0 0 0
0 0 0 0 0 0 1 0 −1
0 0 0 0 0 0 −1 0 −2
0 0 0 0 0 0 0 1 0


P̂ =



1 0 0 0 0 0 0 0
0 0 0 0 0 0 1 0
0 0 0 1 0 0 0 0
0 0 0 0 0 1 0 0
0 1 0 0 0 0 0 0
0 0 0 0 0 0 0 1
0 0 1 0 0 0 0 0
0 0 0 0 1 0 0 0


Table 4.4: Fast algorithm of the proposed 1D transform Tp1.

Step 1 Step 2 Step 3
y1 = u1 + u2 + ut1;

u1 = x1 + x8; v1 = x1 − x8; y2 = (−v1 ≪ 1)− ut2;
u2 = x2 + x7; v2 = x2 − x7; y3 = u1 ≪ 1− ut1;
u3 = x3 + x6; v3 = x3 − x6; y4 = ut2 − v1;
u4 = x4 + x5; v4 = x4 − x5; y5 = u4 − u2;
ut1 = u3 + u4; ut2 = v2 + v3; y6 = v2 − v3;

y7 = u3 ≪ 1− u2 − u4;
y8 = v4;

Table 4.4 and Figure 4.1 show the fast algorithm and the SFG corre-
sponding to the above matrix decomposition of the proposed matrix Tp1,
respectively. Table 4.5 and Figure 4.2 show the fast algorithm and the SFG
corresponding to the above matrix decomposition of the proposed matrix Tp2,
respectively. Table 4.6 present the fast algorithm of the matrix Tp3. Table 4.7
assesses the arithmetic complexity and gives a comparison in terms of a num-
ber of addition and bit-shift operations. Note that X = [x1, x2, . . . , x8] and
Y = [y1, y2, . . . , y8] are the 8-point input and output vectors, respectively.

Table 4.7 compares the arithmetic complexity of the proposed transform
with other existing techniques in terms of the number of additions and bit-
shift operations. The results indicate that the complexity of the forward
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Figure 4.1: SFG for Tp1. Input data xn, n = 1, 2, . . . , 8, output ym, m =
1, 2, . . . , 8. Dashed lines and black nodes represent multiplications by -1 and
2 respectively.

Figure 4.2: SFG for Tp2. Input data xn, n = 1, 2, . . . , 8, relates to output ym,
m = 1, 2, . . . , 8. Dashed lines and black nodes represent multiplications by
-1 and 2 respectively.

76



4Chapter 4. Improved DTT approximations for efficient image compression

Table 4.5: Fast algorithm for the proposed Tp2 matrix

Step 1 Step 2 Step 3

y1 = u2 + u3 + t1;
u1 = x1 + x8; v1 = x1 − x8; y2 = (−v1 ≪ 1)− t2;
u2 = x2 + x7; v2 = x2 − x7; y3 = u1 − u4;
u3 = x3 + x6; v3 = x3 − x6; y4 = t2 − v1;
u4 = x4 + x5; v4 = x4 − x5; y5 = t1 − (u2 ≪ 1);
t1 = u1 + u4; t2 = v3 + v2; y6 = v2 − v3;

y7 = (u3 ≪ 1)− u2 − u4;
y8 = v4;

Table 4.6: Fast algorithm for the proposed 1D inverse transform Tp3

Step 1 Step 2 Step 3

u1 = x1 + x8; y1 = t5;
u2 = x2 + x7; t1 = u1 + u4 y2 = (−v1 ≪ 1)− t4;
u3 = x3 + x6; t2 = u2 + u3; y3 = (t3 ≪ 3)− t6;
u4 = x4 + x5; t3 = u1 − u4; y4 = t4 − v1;
v1 = x1 − x8; t4 = v2 + v3; y5 = (t7 ≪ 2)− t5;
v2 = x2 − x7; t5 = t1 + t2; y6 = v2 − v3;
v3 = x3 − x6; t6 = (u3 ≪ 2)− t5; y7 = t6;
v4 = x4 − x5; t7 = t1 − u2 y8 = v4;

transform of the proposed approximation is comparable to that of the one
presented in [94]. However, the proposed approximation has a lower com-
plexity in the inverse operation. When compared to the DTT approxima-
tions [94], [32], as well as to the exact DTT [86], it can be seen that the
number of operations has been reduced by 22%, 26.67%, and 69.86%, respec-
tively. While some elements of the Tp1 matrix can be adjusted to reduce the
computational complexity further, this would negatively affect compression
efficiency. Therefore, the additional computational cost has been kept in or-
der to maintain the best compression results, as demonstrated in the final
section.

4.5.2 MSE, Cg and transform efficiency

The proposed approximation has been evaluated in comparison to previous
DTT approximations [94, 32] and the exact DTT [86] in terms of both sim-
ilarity and coding performance. The MSE [59], defined in (4.48), has been
used to measure similarity. Meanwhile, the coding performance has been
assessed using the coding gain Cg [59] and the transform efficiency (η) [59,
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Table 4.7: Arithmetic complexity comparison for 8-point DTT approxima-
tions (1D and 2D).

8-point 1D 2D
Approximation adds b-shifts Total adds b-shifts Total

DTT[86] Forward 44 29 73 352 232 584
DTT[86] Inverse 44 29 73 352 232 584

Total 146 1168
O15[94]. Forward 20 0 20 160 0 160
O15[94]. Inverse 29 8 37 232 64 296

Total 57 456
O16[32]. Forward 24 6 30 192 48 240
O16[32]. Inverse 24 6 30 192 48 240

Total 60 480
PT1 Forward (Tp1) 19 3 22 152 24 176
PT1 Inverse (Tp1) 19 3 22 152 24 176

Total 44 352
PT2 Forward (Tp2) 19 3 22 152 24 176
PT2 Inverse (Tp2) 19 3 22 152 24 176

Total 44 352
PT3 Forward (Tp2) 19 3 22 152 24 176
PT3 Inverse (Tp3) 20 4 24 160 32 192

Total 46 368

104], as defined in Eqs. (4.49) and (4.50), respectively.
Let C = S · T and Ry = C · Rx · CT , where Rx is the covariance of x

whose elements are given by ρ|i−j|, i, j = 1, 2, . . . , 8 and a correlation factor
ρ = 0.95.

MSE(C1, C2) =
1

N
Trace{(C1 − C2) ·Rx · (C1 − C2)

T}, (4.48)

where Trace denotes the trace of a matrix, which is defined as the sum of its
diagonal elements.

Cg = 10log10

1
N

∑N−1
i=0 σ2

xi(∏N−1
i=0 σ2

xi
||fi||2

) 1
N

, (4.49)

where N is the number of transform coefficients, σ2
xi

is the variance of ith

transform coefficient being the ith diagonal element of the matrix Ry and
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||fi|| is the 2-norm of the ith basis function of the transform matrix.

η =

∑N
i=1 |ri,i|∑N

i=1

∑N
j=1 |ri,j|

· 100, (4.50)

where ri,j are elements of Ry.
As demonstrated in Table 5.1, the proposed approximations has a com-

petitive coding gain Cg and transform efficiency η. In terms of coding gain,
they outperforms the DTT approximation in [94] by 1.25 dB, 0.33 dB and
1.63 dB compared to Pt1, Pt3 and Pt2 . The calculated MSE indicates that
the proposed approximations are close to the exact DTT and are a better
approximation than the DTT approximation in [94]. Additionally, it still
maintains a low computational complexity, as previously discussed in Sub-
section 4.5.1.

Table 4.8: Performance assessment.

Method Cg[db] η MSE
DTT[86] 8.68 92.86 -
WHT 7.95 - −
Haar 7.94 - −

SDCT[64] 7.79 - −
O15[94] 6.6 83.50 0.0149
O16[32] 8.57 89.52 0.0022
PT1 7.85 85.77 0.0115
PT2 8.23 89.02 0.008
PT3 6.93 91.73 0.008

On the other hand, as shown in Table 5.1, the approximation in [32]
outperforms the proposed ones in terms of coding gain and transform effi-
ciency. However, it has a higher deviation from orthogonality compared to
the proposed approximations, as indicated in Table 4.3. This higher devia-
tion results in a difference between the inverse and the transpose, affecting
the image quality during the reconstruction process. In contrast, the pro-
posed approximations have a lower coding gain and efficiency, but they have
the advantage of a lower deviation from orthogonality, leading to a smaller
error between the inverse and the transpose. Additionally, the proposed
approximations have a lower arithmetic complexity, as shown in Table 4.7.
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4.5.3 Hardware implementation

According to Table 4.7, the proposed DTTs have a lower arithmetic com-
plexity. To verify this advantage, the proposed DTTs and the 1-D DTT
approximation[32] were implemented on the Xilinx Virtex-6 XC6VSX475T-
1FF1759-2 using Xilinx ISE Design Suite 12.2. The results displayed in Table
5.3, compare the use of slice registers, slice Look-Up Table (LUT)s, and Flip
Flops, as the Xilinx tool does not report the number of Configurable Logic
Block (CLB)s. These results show that the proposed approximation uses
fewer resources and consumes less power.

Table 4.7 demonstrates that the proposed DTTs significantly reduces the
arithmetic complexity when compared to [32]. To investigate the practical
implications of this advantage, we implemented the 1-D 8-points transfor-
mation process of the proposed DTT approximations (Tp1 and Tp2 presented
by the algorithms in Tables 4.5 and 4.6, respectively), as well as O16 [32], on
the Xilinx Virtex-6 XC6VSX475T-1FF1759-2 using Xilinx ISE Design Suite
12.2. Table 5.3 reports the results of our experiments, comparing the slice
registers, slice LUTs, Flip Flops (FF), Tcpd (ns), Fmax (MHz), power (W),
and power/MHz (mW/MHz) for each implementation.

Table 4.9: Hardware resource consumption for 1D forward transformation
using Xilinx Virtex-6 XC6VSX475T-1FF1759

O16 [32] Tp1 [95] Tp2[103]
Slice Registers 212 188 179
Slice LUTs 248 177 173

FF 316 262 253
Tcpd (ns) 1.924 1.908 1.913

Fmax (MHz) 519.656 524.054 522.657
Power (W) 4.686 4.63 4.633

Power/MHz (mW/MHz) 9.017 8.835 8.86

Our experiments demonstrate that the proposed DTT approximation Tp2

surpasses O16 in hardware resources, delay (Tcpd), and power consumption.
The delay is reduced by 11 ps, and there is a power consumption gain of 1.74%
per MHz. While the absolute difference in power consumption between the
proposed approximations and O16 (53 mW for Tp2 and 56 mW for Tp1) may
seem insignificant for the 1-D 8-point transform, it should be noted that this
value may increase significantly for the 2-D transform, reaching up to 848
mW, which could lead to hundreds of watts for the smallest images.

When comparing the DTT approximation Tp2 with Tp1, we observe that
Tp2 requires fewer hardware resources, while the delay and power consump-
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tion are only slightly similar. Our findings indicate a marginal loss of 0.26%
in delay (Tcpd) and 0.28% in power consumption per MHz for Tp2 com-
pared to Tp1. Overall, our experiments confirm that the proposed DTT ap-
proximations are a competitive alternative to existing approximations, with
considerable advantages in terms of reduced arithmetic complexity and lower
power consumption per MHz. These findings have important implications for
signal processing applications, particularly in image and video compression,
where efficient coding and decorrelation properties are essential for real-time
applications and embedded systems.

4.6 Applications in image compression

To further evaluate the effectiveness of the proposed algorithms, we con-
ducted a JPEG compression experiment using a dataset of 47 8-bit images
obtained from a public image bank [66]. The images were partitioned into
8×8 blocks and transformed using the proposed matrices and matrices from
[86, 94, 32, 95]. The transformed images were then compressed using a range
of quality factors, and their quality was assessed using two image quality
metrics, namely PSNR and SSIM. These metrics were calculated for each
quality factor (QF ) value, ranging from 4 to 88 with a step of 4, for all 47
images. Subsequently, the average image quality metrics and bit-rate were
computed based on these calculations.

Fig. 4.3 demonstrate that the proposed DTT approximations outperform
existing methods in terms of PSNR and SSIM for bit-rates greater than 0.5
bpp. Notably, the proposed PT3 approximation achieves the highest PSNR
quality among all the approximations for all bit-rates, closely approaching
the PSNR quality of the exact DTT. For bit-rates around 1.6 bpp, PT3 ex-
hibits considerable PSNR gains, up to more than 4 dB, 3 dB, and 2.5 dB,
respectively, compared to O16 [32], PT1 [95] and O15 [94]. Additionally, the
proposed PT2 and PT3 approximations outperform O15 [94] for low bit-rates
up to 0.5 bpp. The results emphasize the suitability of the proposed ap-
proximations for applications in remote sensing and embedded systems with
limited resources.

Moreover, the complexity analysis reveals that PT2 exhibits the lowest
complexity among all the transformations since it employs the same encoder
architecture, while O15 employs two distinct transformations. However, PT2

exhibits PSNR degradation at higher bit-rates compared to PT3 and O15 [94].
Nonetheless, we emphasize that the proposed approximations are efficient
and demonstrate superior performance, making them a viable alternative for
image compression applications.
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Fig. 4.3b shows that the proposed approximations outperform O16 [32]
and O15 [94], except for bit-rates greater than 1.5 bpp where degradation is
noticeable for PT2 compared to O15. Notably, the proposed approximation
PT3 achieves the highest PSNR quality among all the approximations for all
bit-rates, closely approaching the PSNR quality of the exact DTT [86].

Furthermore, Fig. 4.3b reveals that for low bit-rates up to 0.5 bpp, the
proposed PT1, PT2 and PT3 approximations outperform O15 [94], while PT2

demonstrates performance similar to O16 [32]. It is worth noting that bit-
rates below 0.5 bpp are particularly suitable for embedded systems. This
highlights the suitability of the proposed approximations for embedded sys-
tems with limited resources such as [39]. Despite the PSNR degradation of
PT1 and PT2 at higher bit-rates, it should be emphasized that it exhibits the
lowest complexity among all the transformations since it employs the same
encoder architecture, while O15 employs two distinct transformations.
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Figure 4.3: Average quality measures using the considered approximations
vs bitrate.

For the visual evaluation, we selected three images from the dataset with
different frequency content: ’Lena’ with low frequencies, ’Baboon’ with high
frequencies, and ’Boat’ with medium frequencies. We compressed these im-
ages at bit-rate around 0.5 bpp to assess the visual quality of the proposed
compression methods. The results are presented in Fig. 4.4, which indicate
that both proposed transforms, PT2 and PT3, outperform the other approx-
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imations. For ’Lena’ image, PT2 showed an improvement of more than 0.37
dB compared to the best of the previous approximations (as seen in Fig. 4.4f
vs. Fig. 4.4b). When comparing the best of the previous approximations,
O16 [32], to PT2, the proposed approximation showed a gain of 0.27 dB (as
seen in Fig. 4.4e vs Fig. 4.4b). For images with high-frequency elements,
such as ’Baboon’, all transformations showed similar quality, except O15 [94],
which had the lowest quality. O16 [32] had a slight negligible gain of 0.05 dB
compared to PT2 (as seen in Fig. 4.4q vs Fig. 4.4n)
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PSNR =
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(d) T23[95]
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b-r=0.5 bpp

(e) PT1
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(f) PT2
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Figure 4.4: Reconstructed images for bit-rate ≈ 0.5 bpp.

The results for a bit-rate of 1.92 bpp are presented in Fig. 4.5. The pro-
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Figure 4.5: Reconstructed images for bit-rate ≈ 1.92 bpp.

posed transformations exhibit superior quality compared to other approxi-
mations, with PT3 providing an improvement of up to 2 dB in most images.
In comparison to O15, PT2 exhibits a marginal decrease of 0.04 dB for ’Lena,’
along with improvements of 0.52 dB and 0.78 dB for ’Boat’ and ’Baboon’,
respectively. Compared to the exact DTT [86], the best-proposed transfor-
mation, PT3, demonstrates a loss of 1.32 dB, 1.31 dB, and 1 dB for ’Lena’,
’Boat’, and ’Baboon’, respectively. Nonetheless, the proposed transforma-
tions exhibit remarkably low computational complexity, requiring 69.86%
fewer operations, as shown in Table 4.7.
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4.7 Conclusion

This chapter presents novel approximations of the exact DTT, designed to
exhibit minimal deviation from orthogonality and demonstrate efficacy in
image processing applications such as image compression. These new ap-
proximations approach near-orthogonality and each is characterized by a
computationally efficient algorithm requiring only 19 additions and 3 bit-
shift operations. Notably, the forward and inverse transformations utilize
the same algorithm, resulting in reduced arithmetic complexity compared to
previous DTT approximations [94, 32] and the exact DTT [86], with reduc-
tions of 22.0%, 26.67%, and 69.86%, respectively.

Moreover, the proposed approximations not only yield superior image
quality but also demonstrate enhanced hardware efficiency, as evidenced by
their lower power consumption in FPGA implementations. These findings
underscore the significant potential of the proposed DTT approximations for
applications in mobile image processing and battery-powered devices.

Future research could focus on further improving the approximation’s
efficiency by enhancing the orthogonality of the transformation matrix. This
could involve reducing additional deviations or reallocating them to high-
frequency elements. Additionally, while current DCT/DTT approximations
utilize the standard JPEG quantization matrix, future work could explore
designing customized quantization matrices tailored for each approximation
to further optimize performance.
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Chapter 5

Optimizing Image Quality
through Low-Complexity
Implementation of DTT for
Efficient image Compression

Introduction

Discrete transforms [59, 105] play a pivotal role in various signal processing
applications, particularly in data compression, where they map input data
to a smaller set of output data. Consequently, the DCT finds wide appli-
cation in various transform-based methods, including standards and DSP
techniques such as JPEG still image compression [43, 106] and video com-
pression codecs [107, 44]. Moreover, transforms represent one of the most
computationally demanding components in modern video encoders [108], pri-
marily due to the substantial computational resources required for arithmetic
operations. Consequently, several attempts have been made to reduce the
number of arithmetic operations by approximating the exact DCT, with suc-
cessful efforts achieving as low as 14 additions [54, 55, 58].

Recently, the DTT [86] has emerged as a lower complexity discrete trans-
form for picture coding, exhibiting characteristics similar to the DCT. How-
ever, the DTT has a lower number of approximations compared to the DCT,
with only three approximations reported in the literature [94, 32, 95]. Among
these approximations, the lowest number of operations is 23, with 19 addi-
tions presented in [95].

While DTT is an orthogonal transform, its approximations are not or-
thogonal, leading to two options. First, one can use the transpose matrix in
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the backward transform, as done in [32, 95]. This option allows for the use of
a single architecture for both forward and backward transforms but results
in a loss of image quality. Alternatively, one can use the inverse matrix, as
demonstrated in [94]. This option provides the best possible quality offered
by the transform kernel but requires more hardware resources as two different
architectures are needed.

However, the slight deviation from orthogonality offers certain advan-
tages. Firstly, it leads to lower errors when using the transpose matrix since
the transpose is almost equal to the inverse. Secondly, the inverse kernel has
a complexity that is almost the same as the kernel itself. The approxima-
tion with the lowest deviation from orthogonality is presented in [95], where
the transpose of the kernel is used as an approximation to its inverse. In
this chapter, we present the inverse of the kernel and implement both vari-
ants within a single architecture. The proposed method resolves the issue of
hardware complexity and demonstrates superior image quality compared to
previous approximations.

5.1 proposed 8 points transform

The transformation proposed in [95] is based on the matrix and its transpose.
However, in this study, we propose a new transformation that utilizes the
inverse of the matrix instead of the transpose. The matrix kernel of the
transformation Tp1 [95] exhibits non-orthogonality, indicating that its inverse
does not equal its transpose. Consequently, implementing the transformation
with two separate architectures is required, leading to increased hardware
resource consumption.

It is worth noting that while the kernel of Tp1 deviates slightly from or-
thogonality, the deviations are considerably lower compared to other trans-
formations such as those presented in [94, 32]. Notably, these deviations
primarily occur in rows 3, 5, and 7 of the matrix. Therefore, we can merge
the two architectures (for the kernel and its inverse) into a single architec-
ture, retaining most of the rows while only modifying rows 3, 5, and 7. The
inverse matrix of Tp1 can be defined as follows:

T−1
p1 = Tp1i ·D4, (5.1)
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with:

Tp1i0 =



1 −2 3 −1 3 0 1 0
1 −1 −1 1 −9 1 −3 0
1 −1 −1 1 −1 −1 5 0
1 0 −1 0 7 0 −3 1
1 0 −1 0 7 0 −3 −1
1 1 −1 −1 −1 1 5 0
1 1 −1 −1 −9 −1 −3 0
1 2 3 1 3 0 1 0


, (5.2)

D1i = diag(
1

8
,
1

12
,
1

16
,
1

6
,
1

32
,
1

4
,
1

32
,
1

2
). (5.3)

On the contrary, the output of rows 3, 5, and 7 in the inverse kernel
exhibits larger bit sizes compared to the original kernel. Consequently, it be-
comes necessary to reconcile these differences. One straightforward approach
is to use the largest size as a common bit size, but this would incur a higher
hardware resource requirement. Another solution is to reduce the bit size
of the output in the inverse kernel (11 bits as maximum). This leads to a
modified kernel, denoted as Tp1i, which is presented in equation (5.4).

Tp1i =



1 −2 3
2
−1 3

8
0 1

4
0

1 −1 −1
2

1 −9
8

1 −3
4

0
1 −1 −1

2
1 −1

8
−1 5

4
0

1 0 −1
2

0 7
8

0 −3
4

1
1 0 −1

2
0 7

8
0 −3

4
−1

1 1 −1
2
−1 −1

8
1 5

4
0

1 1 −1
2
−1 −9

8
−1 −3

4
0

1 2 3
2

1 3
8

0 1
4

0


(5.4)

An alternative proposition involves further reducing the size of the out-
put to a maximum of 10 bits instead of 11 bits. This proposition offers two
advantages. Firstly, it is expected to result in lower hardware resource re-
quirements compared to the approach using 11 bits. Secondly, by applying
the bit reduction prior to addition, power consumption can be effectively
reduced. Therefore, the proposed transformations can be summarized as
follows:

PT4 −→ Y1 = Tp1 ·X · Tp1i ·D4, (5.5)

PT5 −→ Y2 = Tp4 ·X · Tp4i ·D5, (5.6)

with:
X: 8 points input vector.
Y : The transform domain of the input X.
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Tp1: Defined in equation (3.6) [95].
Tp1i: Defined in equation (5.4).

D4 = diag(
1

8
,
1

12
,
1

8
,
1

6
,
1

4
,
1

4
,
1

8
,
1

2
), (5.7)

Tp4 =


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
, (5.8)

Tp4i =


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
, (5.9)

D5 = diag(
1

2
,
1

3
,
1

2
,
2

3
,
1

2
,
1

4
,
1

2
,
1

2
), (5.10)

It is crucial to highlight that Y1 is not equal to Y2, but there exists a
similarity between PT4 and PT5. Specifically, we observe that:

PT5 −→ Y2 = Tp4 ·X · Tp4i ·D5

= α1 · (Tp1 ·X · Tp1i) · α2 ·D5,
(5.11)

where: α1 = diag(1
2
, 1
2
, 1
2
, 1
2
, 1, 1, 1

2
, 1)

and α2 = diag(1
2
, 1
2
, 1
2
, 1
2
, 1
2
, 1, 1

2
, 1).

The recovery of the reconstructed block X is achieved through the inverse
transformation, as outlined below:

P−1
T4 −→ X1 = Tp1i ·D4 · Y1 · Tp1, (5.12)

P−1
T5 −→ X2 = Tp4i ·D5 · Y2 · Tp4, (5.13)

here, X1 and X2 represent the reconstructed blocks, serving as approxima-
tions to the input block X.
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5.2 Performance assessment

In this section, an evaluation is conducted based on the coding gain (Cg)
[109], transform efficiency (η) [59, 109], and deviation from orthogonality (δ)
[109] of the 8× 8 transformation kernels. The results presented in Table 5.1
demonstrate that O16 exhibits the most favorable outcomes in terms of Cg,
η, and mean squared error (MSE) [59, 109]. Notably, the approximation Tp1

ranks second in terms of Cg, while demonstrating the best results in terms
of δ compared to previous approximations. These findings establish that O16

showcases superior coding performance, albeit accompanied by errors arising
from its high δ. Conversely, Tp1 offers acceptable coding performance with a
reduced level of error.

Nevertheless, while the proposed transformations exhibit a lower Cg when
compared to Tp1, they offer superior compression efficiency owing to their
inherent reversibility facilitated by the utilization of the kernel and its inverse.
Furthermore, these proposed transformations demonstrate elevated values of
η, underscoring their enhanced compression efficiency. However, among the
array of proposed transformations, it is noteworthy that PT5 stands out,
showcasing higher values of both Cg and η in comparison to PT4.

Table 5.1: Performance assessment.

Method Cg[db] η MSE δ
DTT [86] 8.68 92.86 - 0
O16 [32]. 8.57 89.52 0.0022 0.024
Tp1 [95] 7.85 85.77 0.0115 0.014
PT4 7.34 85.87 0.0115 0.014
PT5 7.64 86.35 0.0115 0.014

It is important to highlight that the similarity in MSE and δ values be-
tween the proposed approximations and Tp1 can be attributed to the fact
that the formulas for MSE and δ exclusively employ the matrix utilized in
the forward transform and its transpose. This observation underscores that
all the aforementioned approximations pertain to the identical matrix when
subjected to the transpose operation.

5.3 Arithmetic complexity

This section provides an analysis of the arithmetic complexity of the proposed
transformations in comparison to other existing transformations [32, 95].
Table 5.2 presents the arithmetic complexity of the proposed transformations
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as well as those defined in [32, 95]. The results indicate that the proposed
transformations rank as the second-best in terms of arithmetic complexity,
following the performance of Tp1 [95].

In particular, it is worth noting that PT4 and PT5 exhibit an equal number
of additions, while PT5 entails a higher number of bit-shift operations com-
pared to PT4. It is important to emphasize that bit-shift operations primarily
involve wiring and thus have a minimal impact on energy consumption. Fur-
thermore, PT5 eliminates the need for 11-bit additions and replaces them
with 10-bit additions, resulting in a reduction of 11-bit additions to 0.

Overall, these findings highlight the favorable arithmetic complexity of
the proposed transformations, with PT5 introducing significant improvements
by reducing the number of 11-bit additions while maintaining the overall
computational efficiency.

Table 5.2: Arithmetic complexity comparison for 8-point DTT approxima-
tions.

8-point 1D
Approximation adds b-shifts Total

DTT[86] Forward 44 29 73
DTT[86] Inverse 44 29 73

Total 88 58 146
O16 [32]. Forward 24 6 30
O16 [32]. Inverse 24 6 30

Total 48 12 60
Tp1 [95] Forward 19 3 22
Tp1 [95] Inverse 19 3 22

Total 38 6 44
PT4 Forward 19 3 22
PT4 Inverse 22 6 28

Total 41 9 50
PT5 Forward 19 6 25
PT5 Inverse 22 10 32

Total 41 16 57

Figures 5.1 and 5.2 represent the SFG of the data, which provide visual
confirmation of the number of operations involved in the proposed PT4 and
PT5 transformations, respectively. In these figures, the black wires represent
connections that are common for both forward and backward transforms,
the red wires represent connections specific to the forward transform, and
the blue wires represent connections specific to the backward transform. The
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Figure 5.1: Signal graph flow of data for the proposed PT4 transformation.
Where •, ◦, □ and △ present 1-bit right-bit-shift, 1-bit left-bit-shift, 2-bits
left-bit-shift and 3-bits left-bit-shift, respectively.

SFGs offer a comprehensive overview of the data flow and enable a better un-
derstanding of the computational processes involved in the transformations.

5.4 Hardware implementation

This section discusses the hardware implementation of the proposed algo-
rithms in a FPGA platform. FPGA technology offers a flexible and recon-
figurable hardware solution that is well-suited for real-time signal processing
applications. In this section, we present the details of the FPGA implemen-
tation, including the design considerations, resource utilization, and perfor-
mance evaluation. The goal is to demonstrate the feasibility and effectiveness
of the proposed algorithms in a hardware implementation, showcasing their
potential for efficient and low-power processing in practical applications.

The results of the implementation are tabulated in Table 5.3, showcasing
that the proposed approximations, denoted as PT4 and PT5, demand rea-
sonable hardware resources when compared to O16 and Tp1. Notably, PT5

necessitates 16 additional slice registers and 37 more slice LUTs, while mani-
festing a reduction of 31 in FF when juxtaposed with Tp1. In comparison with
O16, PT5 exhibits a decline in resource utilization, specifically a decrement of
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Figure 5.2: Signal graph flow of data for the proposed PT5 transformation.
Where •, ◦, □ and △ present 1-bit right-bit-shift, 1-bit left-bit-shift, 2-bits
left-bit-shift and 3-bits left-bit-shift, respectively.

Table 5.3: Hardware resource consumption using Xilinx Virtex-6
XC6VSX475T-1FF1759

O16 [32] Tp1 [95] PT4 PT5

Slice Registers 212 188 216 204
Slice LUTs 248 177 223 214

FF 316 262 243 231
Tcpd (ns) 1.924 1.908 2.331 2.314

Fmax (MHz) 519.7 524.1 428.9 432.1
Power (W) 4.686 4.63 4.579 4.564

8 slice registers, 34 slice LUTs, and 85 FF.
Furthermore, the proposed approximations exhibit diminished power con-

sumption compared to their precursors, revealing a noteworthy reduction of
66 mW and 122 mW for the superior approximation, PT5, in contrast to Tp1

and O16, respectively. It is worth noting, however, that the proposed approx-
imations tend to demonstrate lower frequency (Fmax) and prolonged delay
(Tcpd) as compared to the previous approximations. Nonetheless, this trade-
off is counterbalanced by the pronounced advantage of enhanced compression
efficiency, which will be expounded upon in the subsequent section.
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Figure 5.3: Quality evaluation of the proposed transformations compared to
[86, 32, 95].

5.5 Image applications

In this study, the proposed approximations were integrated into a JPEG
compression chain, along with the transformations of [86, 32, 95]. To eval-
uate the performance of the algorithm, 47 grayscale images from a public
dataset [66] were used. The decompressed images obtained using the inverse
2-D transforms were compared to the original images. The quality of the
decompressed images was assessed using two well-established metrics: the
PSNR [61] and the SSIM [67]. These metrics provide objective measures of
image quality, with higher PSNR and SSIM values indicating better image fi-
delity and similarity to the original images, respectively. By employing these
metrics, the study evaluated the effectiveness of the proposed algorithm in
preserving image quality during the JPEG compression process.

5.5.1 Results and discussion

The image quality assessment results, presented in Fig. 5.3, demonstrate
the superiority of the proposed approximations compared to other existing
approximations [32, 95] in terms of PSNR. For bit-rates lower than 0.4 bits
per pixel (bpp), the reconstructed images using the proposed approximations
exhibit similar quality to the other approximations. However, at higher bit-
rates, the proposed approximations outperform the others, yielding a gain of
over 2 dB in PSNR.
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Regarding the SSIM, the results of the proposed approximation align
closely with the other approximations [32, 95]. There is a negligible loss in
SSIM for bit-rates below 0.5 bpp, and a slight gain for bit-rates exceeding
0.6 bpp.

These findings indicate that the proposed approximations achieve supe-
rior image quality, particularly at higher bit-rates, while maintaining com-
parable performance to other approximations in terms of PSNR and SSIM.
This demonstrates the efficacy of the proposed approach in enhancing the
quality of reconstructed images in the context of JPEG compression.

5.6 Visual evaluation

For the purpose of visual evaluation, an image containing medium-frequency
elements, denoted as ’Boat,’ has been meticulously chosen from a publicly
available database [66]. The process of image reconstruction entailed the
application of the inverse transformation utilizing the approximations eluci-
dated in Table 5.2. The outcomes of this endeavor are meticulously exhibited
in Fig. 5.4. All of the images underwent compression at a lower bit-rate of
0.5 bpp, a value judiciously selected to represent a pragmatic choice for em-
bedded systems, signifying a substantial 90% reduction in image size.

(a) DTT [86]
PSNR = 31.98
dB
b-r=0.5 bpp

(b) O16[32]
PSNR = 30.52
dB
b-r=0.5 bpp

(c) Tp1[95]
PSNR = 30.32
dB
b-r=0.5 bpp

(d) PT4

PSNR = 30.71
dB
b-r=0.5 bpp

(e) PT5

PSNR = 30.51
dB
b-r=0.5 bpp

Figure 5.4: Reconstructed images at bit-rate equals to 0.5 bpp.

The insights garnered from the results depicted in Fig. 5.3 illuminate the
commendable performance of the proposed approximations at higher bit-
rates. Notably, the approximation Tp1 [95] does not yield optimal image
quality results in comparison to O16 at lower bit-rates. However, its enhanced
iterations, PT4 and PT5, manifest more favorable outcomes in the same bit-
rate domain. Further inspection of the reconstructed image at 0.5 bpp, as
portrayed in Fig. 5.4, accentuates a significant enhancement in quality at-
tributed to the proposed approximations. Particularly noteworthy is the case
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of PT4, which exhibits an impressive 0.39 dB and 0.19 dB improvement in
image quality relative to Tp1 [95] and O16 [32], respectively. In contrast, PT5

showcases a 0.19 dB enhancement when compared to Tp1 [95], accompanied
by a marginal 0.01 dB degradation when compared with O16 [32].

Certainly, the proposed approximations, namely PT4 and PT5, not only
yield notable enhancements in image quality but also manifest as reductions
in power consumption. Specifically, PT4 exhibits a decrease of 66 mW and 122
mW in power consumption as compared to Tp1 [95] and O16 [32], respectively.
Similarly, PT5 showcases diminished power consumption, with reductions of
51 mW and 107 mW when compared to Tp1 [95] and O16 [32], respectively,
as meticulously detailed in Table 5.3.

5.7 Conclusion

In conclusion, this chapter introduces a novel approach to approximate the
transform matrix by utilizing its inverse in a merged architecture. The pro-
posed method demonstrates superior performance in terms of reconstructed
image quality compared to existing approximations. It achieves an optimal
balance between image quality, hardware resources, and energy consumption.
By leveraging the advantages of the inverse kernel, this approach effectively
eliminates errors caused by the transformation while significantly reducing
hardware requirements and power consumption through the use of a single
architecture. The results highlight a significant improvement in image quality
while maintaining acceptable power consumption levels. Furthermore, this
method can be applied to various quasi-orthogonal matrices found in the
existing literature, extending its applicability to a wide range of scenarios.
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Chapter 6

New Quantization Tables and
Coefficient Ordering for
Improving Efficiency of
Approximate DCT and DTT
Transformations

Introduction

Image compression is a critical step in various applications, including telemedicine
[110, 111, 22], remote sensing [112, 24, 113], Artificial intelligence , video
compression codecs [44, 114, 115], and video conferencing. Transform-based
image compression techniques have been widely used to achieve high com-
pression rates while maintaining good image quality. These techniques con-
vert the image from the spatial domain to a transform domain using vari-
ous transformations, such as DTT [86], DCT [105], Discrete Sine Transform
(DST), Walsh-Hadamard Transform (WHT) [116], and KLT[117].

In the realm of embedded systems and real-time applications, transform-
based image compression adopts approximation techniques to mitigate the
computational complexity of the encoder. Prior research has extensively ex-
plored approximating the DCT [29, 58, 54, 55, 47, 49] and the DTT [94, 32,
95]. Nevertheless, achieving a low-complexity approximation that strikes the
optimal balance between image quality and bit-rate reduction remains an en-
during challenge. It is important to note that the transformation step itself,
particularly in the context of orthogonal kernels, is lossless. However, its im-
pact on image quality hinges on coding performance and energy compaction
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[95].
While the transformation kernel is a pivotal factor affecting image quality

and bit-rate, it is by no means the sole determinant. Quantization, zig-zag
patterns, and Huffman coding also wield considerable influence in this regard.
Notably, studies have diligently sought to optimize Huffman tables [118, 119]
and quantization tables for DCT-based JPEG [120, 121, 122, 123, 124], as
well as for DTT-based JPEG [125, 126]. These investigations have under-
scored the pivotal role of quantization tables in compression performance.
However, existing research primarily concentrates on optimizing quantization
for DCT and DTT without specifically addressing their respective approxi-
mations.

Transform-based image compression leans on quantization to streamline
the storage of coefficients. Yet, the standard quantization table, meticulously
tailored for the DCT [127], may not consistently yield optimal compression
performance for diverse approximations. This underscores the necessity of
crafting new quantization tables tailored for each approximation, grounded
in the unique characteristics of their coefficients. Furthermore, the sequence
in which coefficients are ordered post-quantization can exert a profound in-
fluence on compression efficiency. The ubiquitous zig-zag order, frequently
employed in image compression techniques, lacks the capability to discern
the relative importance of each coefficient across various approximations.

This chapter reevaluate the conventional quantization table and zig-zag
order applied to DCT and DTT approximations. The overarching objective
is to enhance the capabilities of transform-based compression. The proposed
methodology takes into account not only the approximation technique but
also the quantization and zig-zag pattern to attain superior image quality
while limiting the size of the compressed data.

Our approach entails the introduction of a modified quantization table
that accords heightened significance to coefficients housing critical image
data. This strategic adjustment will enhance image quality. Moreover, we in-
troduce a coefficient reordering mechanism that prioritizes coefficients based
on their relevance, thereby augmenting compression efficiency. A salient fea-
ture of our methods is their capacity to enhance performance without intro-
ducing supplementary arithmetic complexity, rendering them highly efficient.
The contributions made by our work are as follows:

• An algorithm is introduced to generate optimal coefficient orders tai-
lored to each specific approximation.

• A Novel coefficient ordering schemes are introduced, offering an alterna-
tive to the conventional zig-zag pattern, resulting in reduced bit-rates.
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• Quantization tables are redefined based on the coefficient orders derived
from the algorithm.

To assess the effectiveness of our proposed method, comprehensive evalua-
tions were conducted across various transform-based compression techniques,
encompassing DTT and DCT approximations [29, 54, 55, 58, 47, 49, 94, 95].
Consistently, our experimental findings underscore the superiority of our ap-
proach in terms of image quality when compared to the conventional quan-
tization and zig-zag order methods. Additionally, a reduction in compressed
data size is observed, indicative of enhanced image compression efficiency.

The subsequent sections of this chapter are structured as follows: Section
6.1 presents related works. Section 6.2 comprises an analysis of previous ap-
proximations, focusing on image quality and coding performance, followed
by the description of the proposed algorithm. In Section 6.3, we conduct a
performance evaluation of each approximation within the proposed method.
The results of the image compression application, both in JPEG-like and
JPEG, are detailed in Section 6.4 and Section 6.5, respectively. Finaly, Sec-
tion 6.6 gives the conclusion and presents the outcomes of this study.

6.1 Related Work

In this section, we delve into the body of existing literature that contex-
tualizes our research and provides valuable insights into the landscape of
image compression, specifically focusing on transformation approximations
and quantization tables. Firstly, we examine previous works pertaining to
the efficient approximations of linear transformations, and second, we delve
into the design of quantization tables.

6.1.1 Transform Approximations

BAS (BAS8) [47] proposed an 8x8 transform matrix by selectively incorpo-
rating 0s and 1/2s into the 8× 8 SDCT matrix described in [64]. BAS11 [49]
presents a novel eight-point transformation approach. It introduces an arbi-
trary parameter into the transformation matrix, building on the method in
reference [47], and employs specific row permutations. This parameter sub-
stitution ensures orthogonality while row permutations boost energy com-
paction.
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6.1.2 Quantization Tables

Quantization is a fundamental aspect of image compression, serving to reduce
the number of bits required to encode images while preserving crucial image
details. The standard quantization table [43] is meticulously designed to
minimize distortion under the condition of maximum compression, with a
primary focus on typical images and the visual characteristics of the average
viewer. In this process, it aggressively reduces the representation of high-
frequency coefficients, leading to data compression.

Moreover, alternative quantization tables have been developed, taking
into account the characteristics of the human visual system (HVS). Notably,
the Qhvs table [121], is based on the assumption of isotropic properties within
the HVS. This quantization approach models the HVS as a nonlinear point
transformation, followed by the application of a modulation transfer function.

The literature on image compression includes a plethora of quantization
tables, each with its unique approach to balancing compression and image
quality. These tables have been proposed in various studies, such as [120,
121, 122, 123, 124, 125, 126]. It’s worth noting that our proposed method
is versatile and can be applied effectively with any defined quantization ta-
ble when used in conjunction with a specific approximation technique. This
adaptability allows our method to be employed in various image compression
scenarios and provides a comprehensive solution for improving the perfor-
mance of different quantization tables when applied alongside appropriate
approximations.

6.2 Proposed Method

6.2.1 Analysis of Previous Approximations

In this study, our main focus was to evaluate the quality of commonly used
approximations, such as DCT and DTT, and compare them with selected
transformations for potential improvement. Specifically, we analyzed the
quality of the exact DTT and DCT and compared them with their respective
approximations. Fig. 6.1 showcases the PSNR graphs for DTT and DCT,
along with their corresponding approximations. The graphs of the exact DTT
[86] and DCT represent the ideal shape, where the initial coefficients exhibit
a significant increase in quality, followed by a gradual improvement in quality
for the subsequent coefficients. However, deviations from this ideal shape are
observed in the approximations presented in Fig. 6.1. Certain coefficients
within these approximations exhibit remarkably high quality, underscoring
their significance. However, it is noteworthy that these coefficients may not
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be optimally positioned. For instance, a substantial improvement in quality
is observed when coefficients such as 6, 10, 16, 21, and others are included.
This observation underscores their importance in enhancing image quality.
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Figure 6.1: Average PSNR vs number of retained coefficients (r) of DCT
(black) and DTT (blue) approximations.

6.2.2 Proposed Algorithm

To address the issue of achieving higher image quality in various approxima-
tions, including Tp1 [95], O15 [94], Tp [58], MCB [54], P14 [55], Cintra-Bayer
approximation (CB) [29], and BAS series [47], we propose an algorithm that
adjusts the quantization and zig-zag pattern for each approximation. The
conventional JPEG quantization process and the zig-zag pattern may not be
optimal for all approximations and may significantly affect important trans-
form coefficients. Our algorithm aims to customize the quantization and
zig-zag order for each specific approximation, thereby maximizing the over-
all quality of the transformed image. To achieve this, we have introduced
Algorithm 2, which outlines the steps involved in determining the optimal
coefficient order for obtaining the highest quality of the recovered image.

The algorithm takes into account 47 images obtained from a publicly
available database [66]. To evaluate the impact of changing the nth coeffi-
cient on image quality. Each image is compressed using the selected approx-
imation, and the algorithm examines the quality of the reconstructed images
with only n coefficients (n = 2, 3, 4, ..., 64). In this process, the previous r co-
efficients are held fixed, with r < n, while the remaining coefficients ranging
from n+1 to 64 are set to zero. By systematically varying the nth coefficient
and assessing its impact on image quality, the algorithm identifies the coef-
ficient that yields the greatest improvement. This coefficient is then added
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Figure 6.2: Proposed modification in the JPEG for study purposes
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Figure 6.3: Proposed modification in the JPEG without adding complexity.
Approximation Q table and approximation order are presented in TABLE
6.1
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to the fixed set of elements, thus refining the coefficient order for subsequent
iterations.

Algorithm 2 The proposed algorithm

Require: Dataset with a various set of images
Ensure: Optimized Order of Coefficients (OOC)
images← readImages() ▷ Read all the images in [66]
In ← length(images)
OOC ← [1]
Cs← [2, 3, ..., 64]
while length(Cs) > 0 do

for i← 1, 2, 3, ..., In do
encImg ← encode(images[i]) ▷ Encode the image with the

JPEG-LIKE compression.
for c← 1, 2, 3, ..., length(Cs) do

C ← add(Coafs, Cs[c]) ▷ Add the value of Cs[c] into the array
OOC

decImg ← decode(encImg,C) ▷ Decode the encoded image
encImg with only the coefficients in C

q[i, c]← Eval(images[i], decImg) ▷ Eval(a, b) return
PSNR(a, b)× UQI(a, b).

end for
end for
Avg ← mean(q)
maxIndex← indexOfMax(Avg) ▷ Index of the maximum value in

Avg
bestC ← Cs[maxIndex]
OOC ← add(OOC, bestC) ▷ Add bestC to OOC.
Cs← remove(Cs, bestC) ▷ Remove bestC from Cs.

end while
return OOC

6.2.3 Implementations in JPEG

Two methods are available for implementation. First, altering the coefficient
order post-transform introduces complexity but is suitable for research, as
shown in Fig. 6.2. One limitation is that it adds processing steps to the
JPEG chain, increasing compression process complexity. For practicality,
we opted for the initial implementation, which proved to be straightforward
to implement. This approach involved introducing a ”reorder” step in the
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standard JPEG workflow, between coefficient calculation and quantization.
This step rearranges the coefficients based on their importance while keeping
the quantization table and zig-zag pattern unchanged. The second method
involves adjusting the zig-zag order and quantization table in Fig. 6.3, which
maintains standard JPEG complexity. Unlike the first method, it does not
require additional steps. Nonetheless, it faces the limitation of consistent
decoding across different systems. It is important to note that this study is
designed for embedded systems and low-complexity devices that use custom
approximations rather than the standard JPEG. Achieving compatibility ne-
cessitates adjustments in both the encoder and decoder to accommodate the
proposed changes in the transform kernel, quantization table, and coefficient
order. The new quantization table and coefficients order defined for each
approximation are presented in Table 6.1.

6.2.4 Proposed Quantization and Coefficients Order

In the field of image compression, adjusting the quantization of the coeffi-
cients can significantly impact the quality of the recovered images. However,
this process can also cause a slight increase in the output data size due to the
change in the order of coefficients based on their importance. Surprisingly,
the last coefficient that mostly becomes zero due to quantization may be
more important than the first few coefficients. To address this issue, we pro-
pose a novel approach to changing the standard zig-zag pattern to reflect the
importance of the coefficients in each approximation, allowing us to achieve
a lower image bit-rate while maintaining high image quality.

All existing approximations in the literature commonly employ the stan-
dard quantization table and zig-zag order, as shown in Table 6.1. However, in
this study, we have introduced a novel approach by modifying both the coef-
ficients order (the result of Algorithm 2) and the corresponding quantization
table for each examined approximation, as presented in Table 6.1. The pro-
posed quantization table is derived from the standard table and the results
of Algorithm 2, with coefficients adjusted according to their respective im-
portance. Notably, in the proposed table, coefficients r2 and r3 are swapped
compared to the standard table, indicating a higher importance of the first
coefficient in the second row. Consequently, these coefficient swaps are re-
flected in the corresponding quantization table. This approach ensures that
the quantization process aligns with the modified order of the coefficients,
optimizing the compression performance.

Our method involves rearranging coefficients based on their significance
before quantization, resulting in similar coefficients being obtained at dif-
ferent locations. By adhering to standard coefficients and preserving their
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Table 6.1: Standard and new quantization table and coefficient order (zig-
zag) for each approximation.

Transform Coefficient order Quantization table

Standard



r1 r2 r6 r7 r15 r16 r28 r29
r3 r5 r8 r14 r17 r27 r30 r43
r4 r9 r13 r18 r26 r31 r42 r44
r10 r12 r19 r25 r32 r41 r45 r54
r11 r20 r24 r33 r40 r46 r53 r55
r21 r23 r34 r39 r47 r52 r56 r61
r22 r35 r38 r48 r51 r57 r60 r62
r36 r37 r49 r50 r58 r59 r63 r64





16 11 10 16 24 40 51 61
12 12 14 19 26 58 60 55
14 13 16 24 40 57 69 56
14 17 22 29 51 87 80 62
18 22 37 56 68 109 103 77
24 35 55 65 81 104 113 92
49 64 78 87 103 121 120 101
72 92 95 98 112 100 103 99



CB [29]



r1 r3 r5 r8 r13 r14 r16 r17
r2 r6 r10 r20 r26 r29 r27 r33
r4 r9 r21 r25 r34 r40 r36 r44
r7 r18 r24 r31 r37 r46 r43 r52
r11 r22 r32 r38 r45 r53 r49 r59
r12 r28 r39 r47 r54 r58 r56 r63
r15 r23 r35 r41 r48 r55 r51 r61
r19 r30 r42 r50 r57 r62 r60 r64





16 12 12 14 16 19 40 26
11 10 14 22 40 61 58 56
14 13 24 29 55 68 72 56
16 24 37 57 92 109 55 104
18 49 51 78 80 103 95 100
17 51 65 81 62 112 113 103
24 35 64 87 87 77 103 92
22 60 69 98 121 101 120 99



Tp [58]



r1 r3 r7 r5 r11 r9 r16 r14
r2 r12 r20 r17 r37 r26 r44 r46
r6 r19 r21 r23 r34 r28 r42 r48
r4 r18 r24 r22 r43 r29 r47 r50
r10 r33 r32 r35 r56 r45 r58 r60
r8 r25 r27 r30 r49 r31 r53 r54
r13 r36 r38 r39 r57 r52 r61 r62
r15 r41 r40 r51 r59 r55 r63 r64





16 12 16 12 18 13 40 19
11 17 22 26 92 40 56 109
10 22 24 35 55 51 69 87
14 24 37 49 55 61 81 98
14 56 51 64 113 80 112 120
14 29 58 60 95 57 103 62
16 72 78 65 121 104 92 101
24 87 68 103 100 77 103 99



O15 [94]



r1 r3 r5 r9 r13 r7 r14 r19
r2 r6 r12 r18 r26 r17 r27 r38
r4 r21 r42 r45 r62 r31 r64 r56
r10 r20 r34 r36 r49 r29 r50 r54
r8 r22 r43 r46 r61 r32 r63 r57
r15 r24 r30 r35 r39 r28 r40 r53
r11 r23 r44 r47 r59 r33 r60 r58
r16 r25 r41 r48 r51 r37 r52 r55





16 12 12 13 16 16 19 22
11 10 17 24 40 26 58 78
14 24 69 80 101 57 99 113
14 22 55 72 95 61 98 62
14 49 55 109 92 51 103 121
24 37 60 64 65 51 68 103
18 35 56 81 100 56 120 112
40 29 87 87 103 92 104 77



Tp1 [95]



r1 r3 r5 r8 r12 r16 r32 r13
r2 r6 r10 r19 r21 r29 r44 r27
r4 r9 r18 r23 r64 r37 r63 r35
r7 r17 r22 r30 r36 r42 r54 r39
r11 r20 r60 r34 r24 r53 r45 r47
r15 r26 r33 r41 r49 r55 r61 r51
r28 r38 r62 r52 r43 r59 r58 r56
r14 r25 r31 r40 r46 r50 r57 r48





16 12 12 14 17 40 51 16
11 10 14 22 24 61 56 58
14 13 24 35 99 92 103 64
16 26 49 60 72 69 62 65
18 22 120 55 37 103 80 81
24 40 56 87 95 77 92 103
51 78 101 104 55 100 112 113
19 29 57 68 109 98 121 87



BAS11a0 [49]



r1 r3 r5 r7 r14 r17 r13 r19
r2 r8 r10 r16 r28 r31 r32 r30
r4 r9 r21 r23 r34 r41 r40 r37
r6 r15 r22 r24 r42 r45 r48 r44
r12 r25 r33 r39 r49 r55 r52 r51
r20 r29 r36 r47 r54 r64 r63 r59
r11 r27 r38 r46 r53 r62 r60 r58
r18 r26 r35 r43 r50 r61 r57 r56





16 12 12 16 19 26 16 22
11 14 14 40 51 57 51 60
14 13 24 35 55 87 68 92
10 24 49 37 69 80 87 56
17 29 56 65 95 77 104 103
22 61 72 81 62 99 103 100
18 58 78 109 103 101 120 112
24 40 64 55 98 92 121 113



BAS8 [47]



r1 r3 r5 r7 r14 r13 r25 r18
r2 r8 r10 r17 r26 r32 r45 r30
r4 r9 r15 r21 r31 r36 r47 r35
r6 r16 r20 r23 r38 r42 r57 r39
r12 r24 r29 r37 r44 r50 r59 r51
r11 r27 r34 r41 r49 r56 r61 r54
r22 r43 r46 r53 r58 r63 r64 r62
r19 r28 r33 r40 r48 r55 r60 r52





16 12 12 16 19 16 29 24
11 14 14 26 40 51 80 60
14 13 24 24 57 72 81 64
10 40 22 35 78 69 121 65
17 37 61 92 56 98 100 103
18 58 55 87 95 113 92 62
49 55 109 103 112 103 99 101
22 51 56 68 87 77 120 104


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characteristics, our approach ensures that the Huffman coding table remains
unchanged. This is because Huffman coding assigns shorter codes to symbols
with higher frequencies, which aligns with our method’s strategy.

6.3 Performance Assessment

The Cg is a metric commonly used in the literature to evaluate the effective-
ness of a compression technique. It measures the level of energy compaction
achieved by the transformation process, with a higher Cg indicating better
compression efficiency [59]. However, it is important to note that the tra-
ditional Cg metric only considers the transformation kernel and does not
account for the quantization process. To properly evaluate the performance
of the proposed quantization table, it is necessary to use a mCg that takes
into account the quantization table [58]. The results of this evaluation can be
found in Table 6.2, where the mCg is calculated using the following formula
[58]:

mRy = (C ·Rx · CT )⊘Q, (6.1)

where C is a transformation matrix, ⊘ is the element-wise division, Rx de-
notes the covariance matrix of the signal x, with its elements based on the
exponentiated absolute difference of their corresponding indices, i.e., ρ|i−j|.
Here, the indices i and j range from 1 to 8. In this study, the correlation
factor ρ is set to 0.95, which has been demonstrated to be a reliable ap-
proximation for natural images in previous literature [59], Q is defined as
follows:

Q =

{
Q0 if QF = 50

round((Q0 · SF + 50)÷ 100) otherwise ,

where Q0 is one of the quantization tables listed in Table 6.1, used in the
compression process, and SF is defined as follows:

SF =

{
5000÷QF if QF < 50

200− 2×QF if QF > 50,

with QF is the quality factor selected by the user to control image quality

Table 6.2: mCg of approximate transforms with the new quantization tables.

Method BAS11a0 BAS8 MCB Tp CB O15 Tp1

Standard Q 11.3990 11.6158 10.7077 10.73 11.6940 13.0094 11.4924
Proposed Q 11.8867 11.7336 11.0032 11.0032 12.2190 13.8063 11.6699
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and bit-rate. The mCg is computed using the same formula as the conven-
tional Cg, which is shown in equation (6.2). However, it is evaluated in the
quantized domain mRy of Rx, which is defined in equation (6.1).

mCg = 10log10

1
N

∑N−1
i=0 σ2

yi(∏N−1
i=0 σ2

yi ||fi||2
) 1

N

, (6.2)

where N is the number of transform coefficients, σ2
yi

is the variance of ith

transform coefficient being the ith diagonal element of the matrix mRy and
||fi|| is the 2-norm of the ith basis function of the transform matrix.

The performance evaluation presented in Table 6.2 demonstrates the su-
periority of the proposed quantization tables for each approximation com-
pared to the standard quantization table. Specifically, the results indicate
a higher mCg value for all approximations when the proposed quantization
table is utilized. This observation highlights the effectiveness of the proposed
quantization table in achieving improved image compression outcomes.

6.4 Application in JPEG-Like Image Com-

pression

The proposed algorithm has been integrated into a JPEG-like image com-
pression framework, utilizing the matrices presented in previous studies [29,
54, 55, 86, 94, 32, 95, 47, 49]. The algorithm was evaluated using a dataset
of 47 8-bit images obtained from a public image bank [66]. Each image was
divided into 8 × 8 blocks and subjected to a 2-D transformation using the
matrices specified in [29, 54, 55, 86, 94, 32, 95, 47, 49]. During the com-
pression, only the first r coefficients were retained for each block, with the
remaining coefficients being ignored. The value of r varied from 1 to 40.

The compressed images were obtained by applying the inverse 2-D trans-
form using the approximation. The evaluation of image degradation was per-
formed by comparing the compressed images with their corresponding origi-
nal images. To assess the quality of the compressed images, two commonly
used measures were employed: the PSNR [61] and the APE of the approx-
imation UQI compared to the UQI of the exact DCT or DTT (APE(UQI))
[62].

These measures were applied to the 47 images for each value of r and the
average image quality measures were calculated. The proposed algorithm
has been integrated into the JPEG-Like compression framework to assess the
improvement in quality. The results of the improved algorithm are presented
in Fig. 6.4 a. The plots in cyan represent the improved results.
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Figure 6.4: Quality evaluation vs the number of retained coefficients (r).108
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6.4.1 Results and Discussion of DCT Approximations

The results depicted in Fig. 6.4 demonstrate that the proposed algorithm
significantly outperforms the original CB approximation [29]. In terms of
PSNR, the average gain in quality was found to be 0.5687 dB. On the other
hand, the MCB [54], P14 [55] and Tp [58] approximations show a significant
increase in quality when compared to CB. Particularly, the P14 approxima-
tion demonstrates an increase of almost 2 dB when the 36th coefficient is
included. When the proposed algorithm is applied to the aforementioned
approximations within the JPEG-Like channel, significant improvements in
quality are observed. Specifically, the algorithm demonstrates an average
improvement of nearly 1 dB for the MCB approximation [54], exceeding
2 dB for the P14 approximation [55], and approximately 1 dB for the Tp

approximation [58]. Furthermore, when evaluating the performance of the
proposed transformation using APE(UQI), the results demonstrate lower er-
rors compared to the original transformations. Specifically, the improved
14+ transformation exhibits a significant reduction of approximately 10% in
errors when the 9th coefficient is added. These improvements highlight the
superior performance of the proposed algorithm in enhancing the quality of
compressed images.

6.4.2 Results and Discussion of BAS Approximations

The proposed algorithm was also tested on BAS series approximations to
further evaluate its effectiveness. Specifically, two well-known approxima-
tions, BAS8 [47] and BAS11 [49], with α = 0 were selected for testing. The
results demonstrate that the proposed approximation yields better image
quality when compared to the original approximations. When implemented
on BAS8 [47], the proposed algorithm yields a gain in quality of approxi-
mately 1 dB for 19 < r < 35 compared to the standard order. Furthermore,
it outperforms the approximation of BAS11 [49] without the proposed al-
gorithm, despite the latter using higher arithmetic complexity. When the
proposed algorithm was applied to BAS11 [49], it yielded an important gain
in quality that exceeded 1 dB, allowing it to lead in terms of image quality.
The results are presented in Fig. 6.4 b.

6.4.3 Results and Discussion of DTT Approximations

The algorithm has been applied to the transformations O15 and Tp1, and
the results are presented in Fig. 6.4 c. The results show an important
improvement in terms of quality, where the proposed algorithm allows the
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transformation to behave better, with a gain that reaches more than 1.9 dB
in some cases for O15. The average gain in quality of the proposed method is
equal to 0.9717 dB and 0.4355 dB for O15 [94] and Tp1 [95], respectively. The
approximation O16 outperforms the approximation O15 without the proposed
algorithm with an important gain in quality, especially before the intercept
point. The original intercept point was at r = 29 without the proposed algo-
rithm. However, with the addition of the proposed algorithm, the intercept
point returns to r = 17. This change also leads to a decrease in quality gains
for the O16 approximation compared to O15 with our method. Moreover, a
higher gain after the intercept point. It does not mean that the improved O15

is better than O16, because the approximation O16 uses the matrix and its
transpose, which allows to use a single architecture. In contrast, the approx-
imation O15 uses the matrix and its inverse. Therefore, two architectures are
required.

6.4.4 Visual Evaluation

A visual evaluation was carried out by selecting three image types (as seen
in Fig. 6.5): ’Lena’ (with low-frequency components), ’Boat’ (with medium-
frequency features), and ’Baboon’ (with high-frequency elements). This eval-
uation involved subjecting these images to JPEG-like compression while re-
taining 10 and 19 coefficients. The results of the evaluation are presented in
Fig. 6.5 and Table 6.3.

The effectiveness of the proposed method for image compression was eval-
uated by visual assessment of the reconstructed images. The evaluation was
performed on a set of test images using two different numbers of retained
coefficients, 9 and 19. The visual evaluation of the reconstructed images
was carried out using PSNR. Fig. 6.5 presents the visual evaluation of the
reconstructed images using the proposed algorithm with 9 retained coeffi-
cients, respectively. The results demonstrate a significant improvement in
image quality for all the test images compared to the original images. The
improvement is more than 0.3 dB in most cases, with the improved O15 for
19 retained coefficients showing a particularly noticeable improvement in the
’Boat’ image (Table 6.3) with an increase of over 1.3 dB. It is noteworthy
that the proposed algorithm achieved these results without requiring any ad-
ditional arithmetic complexity. These results confirm the effectiveness of the
proposed method in improving the quality of transform-based image com-
pression.
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Figure 6.5: Reconstructed images with 9 retained coefficients (r = 9)
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Table 6.3: Quality of reconstructed images (PSNR[dB]) with 19 retained
coefficients.

Method Lena Boat Baboon
Tp [58] 32.9 29.15 24.78

Improved 14+ 33.12 30.35 24.7
O15 [94] 33.43 29.86 23.99

Improved O15 34.55 31.58 24.85

6.5 Application in JPEG Image Compression

The proposed algorithm for image compression was developed with the con-
sideration that it was trained using JPEG-LIKE compression and did not
account for the quantization process. However, the quantization tables and
coefficients order for each approximation were established based on the al-
gorithm. To evaluate the effectiveness of the proposed quantization tables
and coefficients order, we assess their performance in the JPEG compression
chain. This chain includes the quantization step along with the Huffman
coding to ensure that the proposed approach has no negative impact on the
compression efficiency.

To evaluate the performance, the same database [66] used in the opti-
mization was used for the evaluation using JPEG-Like compression. This
database [66], contains a variety of images that simulate different scenar-
ios. This ensures that the results are applicable to a wide range of image
types. However, for added validation and confidence, 24 images from the Ko-
dak Photo CD dataset [128] were also chosen. Moreover, comparable results
can be obtained for other types of compression that involve a quantization
process. These images were compressed using the JPEG standard with the
Tp [95] approximation. Therefore, the quality of the reconstructed images
was assessed using established metrics, including SSIM [67], PSNR [61], and
APE(UQI) [62]. The results of this evaluation are depicted in Fig. 6.6.

The evaluation of the JPEG channel highlights the significant improve-
ments in image quality achieved by the proposed method compared to the
standard quantization and zig-zag approaches. Results in Fig. 6.6 clearly
demonstrate a substantial gain in quality across all evaluated metrics. No-
tably, all DCT approximations with 14 additions yield similar results, with
variations in the quantization tables and coefficients order.

In terms of PSNR, the proposed method exhibits an average gain in
quality of approximately 0.3 dB compared to the Tp approximation. This
improvement indicates the effectiveness of the proposed quantization tables
and coefficients order in enhancing the image quality. It is important to
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Figure 6.6: Evaluation of image quality measures for the images in the dataset
[128] using 14 additions DCT approximations at different compression ratios
(bit-rates).

highlight that these gains are achieved without any increase in arithmetic
complexity, making the proposed method a highly efficient solution for im-
age compression.

To comprehensively assess our algorithm, we conducted experiments with
an alternative quantization table based on the human visual system (Qhvs)
[121]. The table was restructured using the order of the coefficients generated
by our algorithm, resulting in the modified quantization table presented in
Table 6.5, alongside the original version [121].
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The outcomes of implementing this modified quantization table are de-
picted in Fig. 6.6. Notably, our proposed method demonstrates a substantial
improvement in image quality across all metrics, with a particular empha-
sis on PSNR. The enhanced Qhvs table, specifically tailored for Tp, denoted
as (improved 14+/Qhvs), surpasses all other quantization tables in terms of
PSNR. This underlines the versatility of our method, showing its applicabil-
ity across various image types, as validated on two distinct databases [66,
128].

Furthermore, our approach is compatible with a range of quantization
tables proposed in the literature, as evidenced by successful testing with two
different quantization tables: the standard table and Qhvs [121].

Table 6.4: Improved quantization table for Tp based on Qhvs

Original Qhvs



16 16 16 16 17 18 21 24
16 16 16 16 17 19 22 25
16 16 17 18 20 22 25 29
16 16 18 21 24 27 31 36
17 17 20 24 30 35 41 47
18 19 22 27 35 44 54 65
21 22 25 31 41 54 70 88
24 25 29 36 47 65 88 115



Improved Qhvs



16 16 16 16 24 21 22 27
16 16 18 24 16 22 27 24
16 18 21 16 19 44 25 22
17 16 16 19 20 25 35 65
17 16 18 17 29 25 54 65
17 18 20 31 31 54 30 70
21 24 25 29 36 41 47 88
22 17 35 36 41 47 88 115


JPEG compression was also applied to the ’Lena,’ ’Boat,’ and ’Baboon’

images. The resulting images can be found in Fig. 6.7 and Table 6.5. It
was observed that the proposed quantization tables and coefficients order
produced better results in terms of quality when applied to the approxima-
tions Tp [95] and O15 [94]. In comparison to the standard quantization tables
and coefficients order, the gain in quality was approximately 0.5 dB in cer-
tain cases, such as the ’Lena’ image at 0.4 bpp and the ’Boat’ image when
compressed using O15. The average gain in quality was approximately 0.3
dB. The results suggest that the proposed algorithm can potentially improve
the quality of compressed images without the need for additional arithmetic
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Table 6.5: Quality of reconstructed images (PSNR[dB]) at a bit-rate around
0.8 bpp

Method Lena Boat Baboon
MCB [54] 35.80 31.80 25.23
P14 [55] 35.49 31.62 25.06
Tp [58] 35.97 32.08 25.27

Improved 14+ 36.28 32.36 25.41
O15 [94] 35.06 30.89 24.03

Improved O15 35.40 31.23 24.50
Tp1 [95] 36.15 32.18 25.61

Improved Tp1 36.20 32.16 25.68

complexity. The effectiveness of the proposed quantization tables and coef-
ficients order further enhances the performance of the algorithm when used
in the JPEG compression chain.

6.6 Conclusion

This chapter presents an innovative approach to enhance image compression
efficiency for various DTT and DCT approximations. It highlights the im-
portance of customized quantization tables and coefficient orders tailored for
each approximation. Importantly, our implementation does not introduce
additional computational complexity, thanks to an algorithm that optimizes
coefficient order based on their impact. We applied this algorithm to var-
ious approximations, such as MCB, CB, BAS series, P14, and O15 [94, 54,
55, 29, 47, 49], resulting in an average quality improvement of over 0.3 dB.
Visual evaluations conducted using both JPEG-LIKE and standard JPEG
compression confirm the effectiveness of our approach.

This work offers a practical solution for image compression and paves the
way for testing the method in video coding standards. Importantly, our ap-
proach is not limited to specific approximations and can be applied to new
ones to enhance their performance. Our work has immediate relevance in the
context of wireless networks where efficient image compression plays a criti-
cal role in minimizing bandwidth consumption, ensuring faster transmission,
and ultimately enhancing the overall user experience. Future research direc-
tions could involve defining entirely new quantization tables tailored for each
approximation, as well as exploring further improvements and applications
across various contexts.
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(a) Tp

bit-rate=0.41 bpp
PSNR = 32.68 dB

(b) improved 14+

bit-rate=0.4 bpp
PSNR=32.94 dB

(c) O15

bit-rate=0.4 bpp
PSNR = 32.29 dB

(d) improved O15

bit-rate=0.4 bpp
PSNR=32.58 dB

(e) Tp

bit-rate=0.79 bpp
PSNR = 35.97 dB

(f) improved 14+

bit-rate=0.79 bpp
PSNR= 36.28 dB

(g) O15

bit-rate=0.81 bpp
PSNR = 35.06 dB

(h) improved O15

bit-rate=0.79 bpp
PSNR=35.40 dB

Figure 6.7: Reconstructed images for bit-rate ∈ {0.4, 0.8}
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General Conclusion

This thesis has explored and addressed several key challenges in the design
and implementation of efficient embedded monitoring systems, particularly
in the context of WSNs and IoT applications. The focus has been on devel-
oping low-complexity compression techniques and efficient coding methods
that reduce the energy consumption and computational complexity of sensor
nodes, all while maintaining an acceptable level of image quality.

The rapid growth of IoT and its integration with WSNs has brought for-
ward the need for more efficient resource management in embedded systems,
where energy, bandwidth, and storage are limited. Embedded monitoring ap-
plications require continuous data acquisition and real-time analysis, making
it crucial to optimize data transmission and reduce computational demands
on the sensor nodes. In this context, this research focused on the develop-
ment and evaluation of new low-complexity DCT and DTT approximations,
as well as methodologies for optimizing image compression.

A comparative study of existing techniques was carried out, leading to
the proposal of novel low-complexity transform approximations tailored for
resource-constrained environments. These transforms were evaluated based
on their performance in terms of PSNR, SSIM, and bitrate, and compared
against existing methods to demonstrate their effectiveness. Moreover, the
thesis explored how these techniques can be applied in real-world systems by
implementing them on FPGA, which validated their feasibility in practical
embedded monitoring applications.

One of the significant outcomes of this research is the development of a
pruned version of the proposed DCT approximation, which further reduces
the computational cost without compromising the overall performance of the
system. This enables the design of energy-efficient systems that are highly
suitable for real-time monitoring in environments such as industrial settings,
wildlife observation, or environmental monitoring.
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Main Contributions

The primary contributions of this thesis can be summarized as follows:
- Low-complexity Transform Approximation: The development of

novel DCT and DTT approximations that significantly reduce the number
of arithmetic operations required, making them ideal for embedded monitor-
ing applications where energy efficiency is crucial. These techniques showed
improvements in image compression performance while maintaining image
quality compared to existing methods.

- Pruned Transform Versions: The introduction of pruned versions of
the transform approximations further reduces the computational complexity
while maintaining an acceptable image quality. This allows for more efficient
data transmission, particularly for ROI in image-based monitoring applica-
tions.

- FPGA-based Validation: The proposed techniques were implemented
on FPGA, demonstrating the practicality and efficiency of the low-complexity
transformations in real-world systems. The validation results confirm that
the proposed methods can be integrated into embedded monitoring systems
with limited hardware resources, providing both energy savings and perfor-
mance improvements.

- Optimized Quantization and Coding: The thesis also contributed
by developing an optimized methodology for generating quantization tables
and ordering coefficients, which further enhanced the image quality while
minimizing the compression complexity.

Limitations of the Work

While the contributions of this research provide significant improvements
in the area of embedded monitoring, several limitations should be acknowl-
edged. First, the proposed techniques were tested primarily in simulation en-
vironments and implemented on specific hardware platforms (FPGA), which
may limit their generalizability to other hardware architectures or more com-
plex sensor networks.

Additionally, the proposed algorithms primarily focused on reducing the
arithmetic complexity of image compression. Although the proposed trans-
formations achieved the lowest number of operations (14 additions) while
still delivering superior image quality compared to their competitors, fur-
ther reducing the number of operations in the transformation step seems
unlikely. The fundamental constraints of the transformation process, partic-
ularly for efficient low-complexity kernels, may limit additional reductions in
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arithmetic complexity. However, future work could explore enhancing image
quality by optimizing the quantization process or developing more efficient
quantization tables, which could improve overall compression performance
without increasing transformation complexity.

In general, the transformation step is not inherently lossy in most tradi-
tional approximations, particularly in orthogonal transformations. However,
DTT approximations, which are near-orthogonal, introduce a degree of loss
during the transformation process. This means that valuable information is
discarded even before the quantization stage, which further degrades image
quality. Moreover, near-orthogonal approximations require distinct archi-
tectures for both forward and inverse transformations, leading to increased
hardware resource consumption.

Future work could focus on reducing the errors introduced during the
transformation step for near-orthogonal kernels, potentially improving both
accuracy and efficiency. Furthermore, designing a unified hardware architec-
ture for both forward and inverse transformations could significantly reduce
hardware resource requirements, making these approximations more feasible
for real-world embedded applications.

Finally, while the pruned transform approximations offer significant re-
ductions in computational complexity, there may be further room for im-
provement, especially in highly constrained environments where even minor
reductions in resource consumption can have a large impact on system per-
formance.

Future Work

Building on the findings of this research, several avenues for future explo-
ration present themselves. These include:

- Enhanced Hardware Integration: Although the proposed tech-
niques were successfully implemented on FPGA, future work could focus
on integrating them with more advanced hardware platforms or low-power
processors, such as microcontroller units (MCUs) or system-on-chip (SoC)
designs, to further optimize the energy efficiency of embedded systems.

- Further Compression Optimization: The proposed methodologies
for quantization and coding could be further optimized, particularly with
respect to specific applications where even greater efficiency in data com-
pression and transmission is required. Investigating new ways to adaptively
adjust compression parameters based on real-time data conditions could also
be a valuable direction.

- Real-world Deployment: Finally, future work could involve the de-
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ployment of the proposed techniques in larger-scale, real-world WSNs and
IoT deployments. This would provide further insights into the practical chal-
lenges of implementing low-complexity compression techniques in diverse and
dynamic environments, and allow for the validation of the techniques in live
monitoring scenarios.

Final Remarks

The work presented in this thesis has advanced the state-of-the-art in em-
bedded monitoring systems by providing new, efficient methodologies for
data compression and coding within resource-constrained WSNs environ-
ments. The proposed techniques, validated through simulation and FPGA
implementation, offer practical solutions for improving energy efficiency and
maintaining data quality in embedded systems. This research opens up new
possibilities for the development of smarter, more efficient, and more sustain-
able monitoring systems, which are critical for the growing field of IoT and
its many applications.
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