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Study and Development of Efficient Data Compression Techniques 

Mukesh Sahu 

ABSTRACT 

The explosive rise of digital data across healthcare, environmental monitoring, 

industrial automation, and smart cities has intensified the need for efficient and reliable 

data compression. Resource-constrained platforms such as wireless sensor networks 

(WSNs) and Internet of Things (IoT) devices face the sharpest challenges: they operate 

with limited memory, energy, and processing power, yet must transmit critical 

information without error. Conventional compression methods are not always suited 

to these constraints, and because the data cannot tolerate distortion, lossless 

compression is essential. The central aim of this thesis is to study existing techniques 

and to develop new methods of lossless compression that are faster, lighter, and more 

adaptive to practical environments. 

The work unfolds in six major phases, each addressing a distinct gap. Phase 1 begins 

with a comprehensive benchmarking study of classical algorithms such as Huffman, 

RLE, LZW, Zstd, LZMA, and LZ4 across synthetic data, real sensor traces, and Indic-

language corpora. This baseline analysis revealed clear limitations in speed, memory 

demand, and energy efficiency when applied to low-power devices. Building on this, 

Phase 2 introduces a syntactic approach, the LZWP algorithm, which improves 

throughput by refining dictionary updates while maintaining compression ratio, 

making it suitable for real-time IoT workloads. 

In Phase 3, the focus shifts to semantic compression through ontology-driven 

frameworks. An ontology-based healthcare pipeline and OntoRLE for WSNs 

demonstrated that lightweight semantic preprocessing could uncover hidden structure 

in data, leading to better compressibility without compromising accuracy. Phase 4 

explores hybrid pipelines, combining algorithms such as cascade of Zstd and LZ4HC, 

then applying them to Devanagari Hindi corpora and IoT text streams. These cascaded 

methods achieved a stronger balance between compression ratio, speed, and 

decompression efficiency compared to standalone techniques. 
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Phase 5 presents one of the thesis’s most significant contributions: MOR-ALDC 

(Memory-Optimised Residual Adaptive Lossless Data Compression). By combining 

residual transformation with canonical Huffman coding, MOR-ALDC reduced 

memory requirements and improved both compression efficiency and execution speed. 

This design was particularly effective for WSNs, where memory footprint and energy 

usage are critical bottlenecks. 

The final stage, Phase 6, brings these advances closer to deployment through Artificial 

Intelligence guided models and hardware acceleration. A decision module was 

integrated into an FPGA-based compressor to determine, in real time, whether 

compression should be applied and which algorithm is best suited under given energy 

and bandwidth conditions. This edge framework, validated through prototype 

experiments, confirmed that intelligent, adaptive compression can operate reliably at 

scale in IoT systems while saving energy and improving responsiveness. 

Across all phases, the proposed methods consistently outperformed classical baselines 

in compression ratio, memory footprint, throughput, and energy savings. These results 

carry significant implications for real-world applications. In environmental 

monitoring, the methods enable long-lived sensor deployments in remote or sensitive 

areas. In healthcare, they allow reliable, low-cost transmission of patient data in 

telemedicine settings. In digital inclusion, they improve efficiency for Indic-language 

text, supporting local-language applications and e-governance. And in IoT and edge 

computing, the Artificial Intelligence guided framework contributes to greener, more 

sustainable digital infrastructure. 

The research also opens clear directions for future work. These include on-node 

continual learning to adapt decisions as data evolves, dynamic orchestration of hybrid 

pipelines, and semi-automatic ontology generation to reduce human effort in new 

domains. Further work on cross-sensor compression, ASIC-level implementations, 

lightweight security integration, and long-term field trials will strengthen both 

technical maturity and real-world reliability. 

Overall, the thesis progresses systematically from benchmarking to syntactic, 

semantic, hybrid, and statistical approaches, before advancing into Artificial 
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Intelligence driven hardware acceleration. Each stage responds to specific gaps, while 

together they form a coherent framework for efficient, adaptable, and deployable 

lossless compression. Beyond technical contributions, the research highlights broader 

social impact by supporting sustainable sensor networks, affordable healthcare, 

inclusive digital services, and more reliable critical systems. 
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CHAPTER 1 

 

INTRODUCTION 

The exponential growth of digital technologies in recent decades has led to an 

unprecedented increase in the amount of data being generated every second. 

Applications ranging from healthcare and industrial automation to environmental 

monitoring and smart cities rely on the continuous flow of data for decision-making 

and efficient operation. Managing this vast volume of information requires 

techniques that not only reduce storage needs but also allow faster and more reliable 

communication. Among these, efficient data compression techniques has emerged as 

an essential tool because it reduces data size while preserving accuracy. This chapter 

introduces the motivation for the study, outlines the key concepts of data 

compression, and presents the problem context, research objectives, scope, 

significance, and overall organization of the thesis. 

 

1.1 Background and Motivation 

 

  Although lossless compression has been studied extensively, most 

established methods were designed for environments with abundant memory and 

processing power. With the emergence of wireless sensor networks (WSNs) and low-

power IoT devices, the requirements have shifted dramatically. These platforms 

typically operate with only a few kilobytes of memory, limited computational ability, 

and strict energy budgets, yet they must process diverse and continuous data streams 

in real time. 

 

Traditional algorithms such as Huffman coding, LZW, and hybrid pipelines 

deliver competitive compression ratios but often demand significant memory or 

computational resources. This makes them less suitable for embedded or battery-

powered systems, where efficiency and adaptability are as important as compression 

effectiveness. Furthermore, real-world applications increasingly require algorithms 

that can adjust to varied data types and still remain lightweight enough for practical 

deployment.This gap between conventional compression approaches and the unique 

constraints of IoT and WSN platforms defines the motivation for the present research. 

The central aim is to develop and evaluate techniques that are not only efficient in 

reducing data size but are also adaptive, resource-aware, and feasible for real-world 

deployment on constrained devices. 
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1.2 Fundamentals of Data Compression 

 

Data compression is the process of transforming original data into a more 

compact representation by identifying and eliminating redundancies or patterns. Its 

primary objective is to reduce the size of data while either preserving its full integrity 

(in the case of lossless compression) or maintaining acceptable quality (in lossy 

compression). The main motivation behind compression is to reduce storage space, 

accelerate data transmission, and enhance overall system efficiency. 

 

Fig. 1.1: General Data Compression And Decompression Process 

The general workflow of data compression and decompression is illustrated 

in Fig. 1.1, which shows how the original data is passed through a compressor 

(encoder), transmitted or stored in compressed form, and later reconstructed by a 

decompressor (decoder) at the receiving end. In general, data compression involves 

two stages: 

i. Modeling: In this step, the data is analyzed to identify repeating patterns or 

statistically frequent symbols. A model is constructed to represent the data 

more compactly. 

ii. Coding: Here, the data is encoded using fewer bits based on the model. Often, 

symbols that appear more frequently are assigned shorter codes, and infrequent 

ones are assigned longer codes. 

 

1.2.1 Types of Data Compression 

 

Data compression algorithms are broadly classified into two categories: 

i. Lossless Compression: This ensures the exact reconstruction of the original data 

after decompression. It is essential in domains where accuracy is critical, such as 

medical imaging, scientific data, financial records, and program files. Popular 

lossless techniques include Run-Length Encoding (RLE), Huffman coding, 

Arithmetic Coding, and Lempel-Ziv variants like LZ77, LZ78, and LZW. 

ii. Lossy Compression: In this case, some data is discarded during compression. It 

is typically used for images, audio, and video where exact replication is not 

required, and minor losses are imperceptible to human senses. Lossy methods 

achieve higher compression ratios through quantization and approximation 

techniques. 
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Lossy and lossless techniques are not mutually exclusive. In fact, many lossy 

algorithms employ lossless compression as a final stage to encode the quantized data, 

thus benefiting from the advantages of both approaches. This thesis, however, 

concentrates exclusively on lossless compression, since IoT and WSN applications 

demand exact data recovery. 

 

1.3 Problem Context and Need for Research 

 

Despite many advances in the field, existing lossless compression techniques 

show notable shortcomings when deployed in real-world IoT and Wireless Sensor 

Network (WSN) environments.some  are summarized below: 

i.  Lack of adaptability: Most conventional algorithms treat all data in the same 

way,   ignoring its structure or semantics. This reduces their effectiveness when 

dealing with varied inputs such as sensor readings, biomedical signals, or 

multilingual text. 

ii.   High resource demands: Methods that achieve good compression ratios often do 

so at the cost of higher memory usage or slower execution. This is unsuitable for 

devices working with only a few kilobytes of RAM and tight energy budgets. 

iii.  Rigid hybrid approaches: While multi-stage compression pipelines can be 

powerful, they are usually fixed in design and do not adapt well across different 

data types or hardware platforms. 

iv.   Narrow evaluation focus: Much of the existing research emphasizes compression 

ratio alone. In practice, other factors such as energy efficiency, latency, and 

hardware feasibility are equally important, particularly in embedded or battery-

operated systems. 

v.  Variety of modern datasets: Applications today involve everything from periodic 

environmental logs and healthcare telemetry to large-scale text databases, 

demanding solutions that are flexible and robust across domains. 

 

These issues underline the need for compression techniques that are not only 

efficient in terms of data size reduction but also lightweight, adaptive, and feasible 

for deployment on constrained devices. This forms the practical and technical basis 

for the work presented in this thesis. 

 

1.4 Objectives of the Research 

 

The present research is guided by the following objectives: 
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i. To develop new preprocessing algorithms to improve dataset performance. 

ii. To develop an architecture that can be adapted to yield greater throughput. 

iii. To develop an efficient data compression algorithm for memory organization 

in IoT and WSN nodes. 

iv. To develop new compression/decompression algorithms for next-generation 

communication systems. 

v. To develop energy-efficient compression techniques using FPGAs. 

 

 1.5 Research Scope and Coverage 

This thesis is devoted to the study and developmentof efficient lossless data 

compression techniques, particularly for Internet of Things (IoT) and Wireless Sensor 

Network (WSN) environments where devices often operate with very limited memory, 

energy, and processing capacity. While compression ratio has traditionally been the 

central focus, this work also emphasizes energy efficiency, processing speed, memory 

usage, and hardware feasibility, since these are equally critical for real-world 

deployment. 

 

The research scope covers several dimensions. One focus is on enhancing 

classical methods such as LZW and Huffman coding through lightweight adaptations. 

Examples include residual transformation combined with canonical Huffman coding 

to achieve high efficiency at low memory cost, and frequency-pruned LZW variants 

designed to reduce computational burden without loss in performance. Another 

direction is semantic and domain-specific compression, where structural patterns 

inherent in the data (e.g., healthcare telemetry, environmental monitoring logs) are 

exploited through preprocessing and representation techniques to yield higher 

compression effectiveness. 

 

The thesis also investigates hybrid pipelines that combine two algorithms in 

sequence, such as Zstd followed by LZ4HC, which are tested for applications in 

multilingual text (including Devanagari-encoded Hindi) and sensor data. These 

approaches are evaluated for their adaptability to diverse datasets. Building on these 

algorithmic advances, the work introduces AI-assisted decision modules that can 

guide compression workflows in resource constrained nodes. Lightweight models for 

signal classification, anomaly detection, and energy-aware decision-making are 

incorporated to dynamically determine whether to compress, bypass, or adaptively 

encode data. This demonstrates how modern AI techniques can be integrated with 

traditional compression to enhance efficiency in real-world IoT deployments. 
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Validation is carried out on diverse datasets including synthetic data, 

environmental sensor streams, biomedical monitoring signals, and multilingual text 

ensuring that the results are broadly applicable.Finally, the thesis explores hardware 

feasibility by implementing selected algorithms and modules on FPGA platforms and 

low-power edge devices. RTL simulation and synthesis analysis confirm compliance 

with LUT and BRAM budgets, demonstrating that the proposed methods are not only 

effective in software but also practical for hardware deployment. 

 

The scope of this thesis remains within lossless compression techniques, with 

lossy methods discussed only for comparative purposes. By bridging algorithmic 

design, AI-based adaptability, and hardware validation, the work provides deployable 

solutions that are both efficient and scalable for next-generation IoT and WSN 

systems. 

 

1.6 Significance of the Study  

 

Efficient data compression is essential not only for minimizing storage 

requirements but also for enabling faster, more cost-effective, and scalable data 

transmission across diverse platforms. While several compression methods exist, 

practical deployment often demands a balance between compression efficiency, 

processing speed, memory footprint, and energy consumption, a balance that many 

current approaches fail to achieve. 

 

Through this research we  addresses that challenge by advancing lossless 

compression techniques that are both performance oriented and deployment-ready. 

The contributions extend beyond improving compression ratio to include runtime 

efficiency, resource awareness, and hardware feasibility.The techniques and insights 

developed here are relevant to a broad spectrum of domains, including: 

i. Large-scale data archiving in digital libraries, repositories, and enterprise 

storage. 

 

ii. Real-time data streams from scientific experiments, industrial monitoring 

systems, and healthcare instrumentation. 

iii. Text processing and storage, with a particular emphasis on multilingual and 

non-Latin scripts such as Devanagari. 
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iv. Embedded and constrained systems where memory, energy, and processing 

budgets are tightly limited. 

  

By combining algorithmic innovations, hybrid pipelines, and hardware level 

validation, this study creates a direct pathway from research concepts to practical 

implementation. The outcomes hold the potential to reduce operational costs, increase 

system longevity, and open new possibilities for efficient data management in both 

centralized and distributed environments. 

 

1.7 Organization of the Thesis 

 

The thesis is organized into nine chapters, each focusing on a specific dimension of 

the research work: 

1. Chapter 2 – Literature Review presents a survey of classical and modern data 

compression methods, covering dictionary-based algorithms, entropy coders, 

hybrid pipelines, and semantic approaches, while highlighting their strengths 

and limitations. Research Gaps  consolidates insights from existing work and 

formulates the research gaps guide this study. 

 

 

2. Chapter 3 – Methodology explains the experimental framework, datasets, 

performance metrics, and implementation tools adopted throughout the 

research. 

 

 

3. Chapter 4 – Baseline Analysis of Classical Techniques benchmarks standard 

algorithms such as Huffman, LZW, RLE, LZMA, Zstd, and LZ4 on diverse 

datasets, establishing baseline performance for comparison with advanced 

methods. 

 

 

4. Chapter 5 – Time Efficient Dictionary Based Compression (LZWP). Presents an 

optimized LZW variant (LZWP) with frequency-pruned initialization, designed to 

reduce encoding time while retaining compression efficiency. Includes 

implementation details, examples, and benchmarking results demonstrating its 

advantage in resource-limited scenarios. 

 

 

5. Chapter 6 – Details ontology-driven approaches for healthcare and WSN data. 

Includes (i) an ontology-based healthcare framework that normalizes patient records 

before compression, and (ii) the OntoRLE algorithm for WSNs that uses semantic 



7 
 

clustering. Results are compared against baselines using CR, throughput, 

PSNR/RMSE, stability period, and network lifetime. 

 

 

6. Chapter 7 – Hybrid Lossless Compression Techniques investigates hybrid codec 

cascades applied to Devanagari Hindi text data. Benchmarks compression ratio, speed, 

decompression efficiency, and overall compression effectiveness. The most efficient 

hybrid algorithm was identified from all the possible combinations of the selected 

algorithms. Discusses trade-offs and suitability for real-time systems 

 

 

7. Chapter 8 – Residual Based Compression describes algorithmic advances 

including residual-plus-canonical Huffman setup, demonstrating gains in 

compression efficiency, speed, and especially  low memory and power usage. 

 

 

8. Chapter 9 – Divided in two parts first is Edge and and other is  FPGA 

Acceleration with AI-Guided Compression focuses on system-level 

deployments. It presents a three-tier IoT–Edge–Cloud framework and AIoT–

MOR-ALDC on a hardware-accelerated compressor core on FPGA, enhanced 

with an AI-based decision module that dynamically determines when and how 

to compress based on signal characteristics and energy conditions. The 

feasibility of these techniques is validated in terms of real-time performance 

and hardware resource utilization. 

 

 

9. Chapter 10 – Conclusions , Future Work and Social Impact summarizes the 

overall findings, highlights the thesis contributions, and suggests future 

directions such as adaptive retraining, multi-sensor data fusion, explainable AI, 

and advanced FPGA/ASIC implementations.Social impact of the findings of 

the work done in the thesis is also discussed. 

1.8 Concluding Remark 

This chapter set the stage for the thesis by outlining the motivation, 

background, fundamentals, objectives, and scope of the study. It emphasized the 

importance of developing efficient compression techniques that are lightweight and 

adaptable to the constraints of IoT and WSN environments. Building on this 

foundation, the next chapter reviews existing approaches, highlights their limitations, 

and draws out the research gaps that shape the direction of the work. 
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CHAPTER 2 

LITERATURE REVIEW 

This chapter reviews how lossless data compression evolved, beginning from 

its theoretical foundations and walking through the classical algorithms that 

demonstrated practical feasibility. After this the standardized codecs that enabled 

broad adoption across industries are studied, then moved to more recent approaches 

developed for domain-specific and resource-constrained environments. Here, each 

phase reflects shifting priorities whether the focus was on achieving maximum 

compression, minimizing computational cost, or ensuring feasibility on real-world 

hardware. Following this path helped us to show how the field has advanced by 

balancing efficiency with practicality, and it also reveal the limitations that continue 

to motivate current research. 

A number of different studies provide a valuable context enabling better 

understanding of this development. Mishra and Singh (2016) gave a broad review 

covering key categories of entropy-based methods used for compression, dictionary-

based techniques, and transform based approaches. Fitriya et al. (2017) extended the 

perspective by grouping algorithms according to the application domains, and 

emphasizing mostly on the trade-offs between compression ratio and computational 

complexity. In contrast, Jayasankar et al. (2021) approached this subject from several 

dimensions in one go, including data quality, coding schemes, data type, and 

application area, thereby adding slight difference to earlier reviews. More recently, 

Ebraheem and Ali (2021) emphasised the importance of aligning algorithm selection 

with specific constraints, and as per the requirements of the system in which it will 

be deployed. 

Taken together, all these surveys underline two key points: first, nonexistence 

of a single best method for all contexts, and secondly, the fact that compression 

research has consistently been shaped by the environment applied. They also point to 

organizing the literature by data quality (lossless versus lossy), by the type of data 

(text, image, audio, video), by coding scheme (entropy, dictionary, transform-based), 

and by the application domain (such as medical imaging or wireless sensor networks). 

This multi-perspective framework provides the basis for a more detailed discussion 

of classical, standardised, and modern codecs which is done in the subsequent 

sections. 
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2.1 Classical Codecs: Theoretical Foundations and Early Algorithms 

The origin of data compression techniques can be traced back to Claude 

Shannon’s pioneering work that he did on information theory (Shannon, 1948). By 

introducing the concept of entropy, He established a theoretical lower bound on the 

number of bits required to represent information without loss in any digital system. 

This benchmark became the foundation for following research, creating a path for the 

development of algorithms that sought to approach this limit. Holtz (1993) expanded 

on these ideas by analyzing entropy measures, and early coding schemes, including 

Huffman and Lempel–Ziv methods, as the tools to quantify redundancy. Some, 

Broader surveys such as Hosseini (2012) have since provided a comparative 

evaluation of these algorithms, reinforcing the fundamental role across diverse 

application domains. Expanding on the classical information and theoretical 

principles, Devetak and Winter (2003) explored the data compression in the presence 

of a quantum side information. Their study generalized the concept of conditional 

entropy to a specific area of quantum systems, establishing limits on compression 

efficiency when an auxiliary quantum information is available. Although theoretical, 

this work also reinforces the universalness of entropy-based coding frameworks, that 

underpin both classical as well as an emerging quantum compression paradigm. 

The first most widely adopted practical compression algorithm was Huffman 

coding (1952). It assigned shorter codes to frequent symbols and longer codes to the 

infrequent ones, producing an efficient variable-length representation of data. Due to 

its simplicity and speed, Huffman coding was very quickly integrated into text and 

image compression systems. Over time, refinements were done. Canonical Huffman 

coding, for example, organises codewords in lexicographic order, thus enabling the 

decoder to reconstruct the codebook from code lengths alone, thereby reducing the 

storage requirements. This variant, adopted in various standards such as JPEG and 

DEFLATE, as given by Deutsch (1996), was particularly attractive for memory-

limited environments like embedded systems and sensor networks. 

Golomb coding (1966), he presented an entropy-based compression method 

which was specifically designed for geometrically distributed data. The technique 

encodes integers using a quotient and remainder representation, thus achieving an 

effective balance between coding efficiency and its implementation simplicity. A 

simplified variant, known as Rice coding, was later proposed by Rice (1979). His 

method became very particularly popular in space and scientific data compression 

applications, because of its less computational complexity and suitability for 

implementations on hardware. 

Parallel to all these developments, the Lempel-Ziv (LZ) family introduced 

dictionary-based compression algorithms. LZ77 (1977) incorporated a sliding 

window scheme to reference repeated sequences, while LZ78 (1978) built a 

dictionary of phrases during every encoding. Welch’s (1984) refinement led to a new 
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algorithm widely known as LZW, which had become the basis of popular formats 

such as GIF and ZIP. All these algorithms demonstrated the practicality of dictionary-

based approaches and still continue to influence and motivate modern codecs. 

A major breakthrough came when arithmetic coding was introduced by 

Rissanen (1983), which was further refined by Witten et al. (1987). In this technique 

entire message is represented as a fractional value within the interval [0, 1]. It is 

altogether different from the Huffman’s symbol-by-symbol encoding approach, In 

arithmetic coding complete probability distribution of a sequence is modelled, thus 

achieving compression ratios that approach well within Shannon’s theoretical limit. 

Comparative studies by Porwal et al. (2013) highlighted various advantages of 

entropy-based methods such as Huffman and arithmetic coding, while Kavitha (2016) 

showed how different classical approaches RLE, LZW, Huffman, and transform-

based methods, each balanced efficiency along with simplicity. Similarly, Azeez and 

Lasis (2016) again stated the importance of classical algorithms as baselines for all 

modern work. 

Simpler compression approaches have also been playing a significant role in 

the evolution of lossless data compression. Run-Length Encoding (RLE), which was 

introduced in the 1950s, compresses data by representing consecutive occurrences of 

identical values as pairs of symbol and count. Although the efficiency is limited to 

datasets which contain long sequences of repeated symbols, such as in fax or binary 

images, RLE demonstrated why it was necessary to adapt compression algorithms to 

specific data characteristics. In recent years, Flergolla and Wolf (2021) proposed 

preprocessing-based refinements which have shown an improved RLE’s performance 

on structured datasets, while Klein et al. (2019) have introduced optimized Huffman 

variants that has been able to achieve compression results closer to the theoretical 

entropy limit. 

Fig 2.1 illustrates the workflows of major classical codecs, Huffman coding, 

RLE, Lempel–Ziv, arithmetic coding, and Golomb coding. These diagrams 

complement the theoretical discussion by showing a step-by-step process such as 

frequency analysis, pattern recognition, code table construction, and compressed 

output generation. 

While all these codecs laid the foundation of the field, they were designed as 

general-purpose tools and these did not account for the constraints of modern 

embedded platforms. Their limitations in memory, energy efficiency, and adaptability 

have led to newer generations of standardized and domain-specific methods. Fig 2.2 

provides a broad classification of the lossless compression techniques, dividing all of 

them into dictionary-based schemes and entropy coding approaches. Together, all 

these classical methods represent the first systematic demonstrations of redundancy 

reduction and serve as the enduring baselines for subsequent advancements in data 

compression. 
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Fig. 2.1: Overview of Fundamental Lossless Compression Algorithms and Their 

Encoding Steps 
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Fig. 2.2: Classification Of Data Compression Techniques by Quality, Type, Coding 

Scheme, And Applications.  
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Table 2.1: Comparison of Classical Lossless Compression Algorithms with Their 

Operating Principles, Advantages, and Limitations 

Algorithm Method 

Type 

Principle Strengths Limitations Applications 

Huffman 

Coding 

Entropy-

based 

Variable-length codes 

assigned based on symbol 

frequency 

Simple, fast, 

widely used 

Less efficient 

for sources 

with skewed 

distributions 

Text 

compression, 

image formats 

(JPEG 

baseline), 

DEFLATE 

Run-Length 

Encoding 

(RLE) 

Residual

/Transfo

rm-

based 

Encodes consecutive runs 

of the same symbol as 

(symbol, count) pairs 

Extremely 

simple, fast 

Poor 

compression 

for non-

repetitive data 

Fax 

transmission, 

bitmap 

images, 

simple sensor 

data 

LZ77 / 

LZ78 

Dictiona

ry-based 

Uses sliding window or 

dictionary to replace 

repeated patterns with 

references 

Universal, 

forms basis for 

many modern 

codecs 

Dictionary 

maintenance 

overhead 

ZIP, GIF, 

PNG, Unix 

compress; 

CCSDS 

standards 

Arithmetic 

Coding 

Entropy-

based 

Represents entire message 

as a sub-interval of [0,1) 

based on symbol 

probabilities 

Achieves 

compression 

close to entropy 

limit 

More 

computational

ly complex 

Multimedia 

coding 

standards, 

JPEG2000, 

video coding 

 

A comparative summary of the classical lossless compression algorithms is 

provided in Table 2.1. The table highlights the various principles, strengths, 

limitations, and applications of the major codecs which are discussed in this section. 

However, despite their elegance and efficiency, these classical codecs were primarily 

designed for the general-purpose algorithms and did not evolve into widely accepted 

standards. They lack interoperability, robustness, and application-specific tailoring 

that later generations of standardized codecs have introduced to support industrial 

and domain-specific needs. 

2.2 Standard Codecs: Industry Adoption and Implementations 

While the classical codecs have established the theoretical groundwork for 

the data compression, the widespread adoption of these depended on the development 

of standardized formats which could guarantee their interoperability across various 

platforms and different applications. Despite their strong theoretical foundations, 

early compression works have often overlooked real world constraints including 

memory usage, encoding time, and compatibility with the streaming data. Addressing 
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this, Scaglione and Servetto (2002) have proposed models for integrating 

compression into the multi-hop sensor networks. Their work has demonstrated how 

compressing correlated sensor readings before routing can lead to significant gains in 

energy efficiency also improvising performance critical factors for resource-

constrained systems like WSNs and IoT nodes. 

Standard codecs refer to compression methods that are formalised by 

international or domain-specific bodies, making them reliable and suitable for use in 

industries ranging from web communication, image storage to satellite telemetry. 

Unlike the purely academic algorithms, these codecs were designed with both 

compression efficiency and robustness in mind, compatibility, and ease of 

deployment on real hardware systems was also accounted for. Comprehensive 

surveys by Sayood (2012) and Salomon and Motta (2006) provided structured 

overviews of how classical schemes such as Huffman coding, arithmetic coding, and 

the Lempel-Ziv family evolved into practical standards. The analyses of these 

highlight the transition from theoretical efficiency to real-world implementations, 

showing us, how industrial adoption was often driven by striking a balance between 

compression ratio, computational complexity, and hardware feasibility in one go. 

This section reviews some of the very most influential standardised codecs. 

Including widely used formats such as PNG, GIF, and JPEG2000, as well as domain-

specific recommendations like CCSDS for remote sensing application. Together, they 

illustrate how standardisation has bridged the gap between research-oriented 

algorithms and their deployment in everyday systems for better application. 

2.2.1 Image and File Compression Standards 

The development of all standardized image compression techniques began 

with early work on digital facsimile transmission. Hunter and Robinson (1980) have 

proposed one of the first international standards for digital facsimile coding, 

establishing a method to efficiently encode and transmit scanned document data. 

Their contribution provided a conceptual foundation which was used later for image 

compression standards, where bit-level efficiency and transmission reliability had 

become central design goals. 

One of the earliest and most widely adopted codecs derived from these 

principles was Graphics Interchange Format (GIF), introduced by CompuServe 

(1987). GIF employed LZW algorithm to compress bitmap images. Although it was 

limited to an 8-bit colour depth, its simplicity and due to its broad software support 

led to its rapid adoption and long-lasting popularity. 

In parallel, the demand for higher visual quality in multimedia applications 

has encouraged the development of wavelet-based standards. JPEG2000, introduced 
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in the early 2000s, adopted advanced wavelet transforms combined with coding 

techniques such as Embedded Zerotree Wavelet (EZW) and Set Partitioning in 

Hierarchical Trees (SPIHT). These methods have enabled superior image quality and 

higher compression ratios compared to the conventional classical DCT-based JPEG 

standard. As noted by Taubman and Marcellin (2002), the success of JPEG2000 lies 

in the ability of it to combine classical concepts with modern transform techniques, 

resulting in a very flexible and satisfactorily scalable compression system. 

2.2.2 Remote Sensing and Space Data Standards 

In specialized application domains such as satellite telemetry and remote 

sensing, the Consultative Committee for Space Data Systems (CCSDS, 2005), 

established a family of data compression standards, which were specifically tailored 

to suit for space mission applications. These standards were designed such as to 

achieve an optimal balance between the compression efficiency, hardware simplicity, 

and robustness of the system to transmission errors, making them particularly suitable 

for the resource-constrained on-board systems. They commonly based on predictive 

modelling and utilised variants of Huffman coding; both were carefully optimised to 

exploit the statistical characteristics of the scientific and sensor data. A detailed 

survey by Blanes et al. (2014) reviewed different compression approaches for 

spaceborne and Earth-observation imaging, and covered standards such as CCSDS-

123, CCSDS-122, and JPEG2000. Their work highlighted on how spectral correlation 

in multispectral and hyperspectral data can be effectively exploited, through 

prediction or transform-based methods, to achieve significant gains in compression 

efficiency. Blunier, Magli, and Serra-Sagristà (2014) further examined the optical 

space imaging systems, emphasizing on how predictive and transform-based methods 

are adapted to meet the computational limits of the on-board satellite hardware. These 

studies collectively demonstrated the fact that how standards like CCSDS evolve to 

balance efficiency, robustness, and implementation feasibility in space environments. 

Beyond satellite imaging, the compression standards have also shown 

significant improvement and have given good results for mesh and 3D geometry data, 

particularly for use in computer-aided design (CAD) and virtual reality-based 

applications. Li et al. (2014) reviewed these standards, showing how they enable 

efficient storage, and proved beneficial on the transmission of complex 3D structures 

while maintaining geometric integrity. 

2.2.3 Wireless Sensor Network Implementations 

For the resource-constrained environments such as Wireless Sensor Networks 

(WSNs), standard codecs must be adapted to reduce both computation as well as the 

communication overheads. Sadler and Martonosi (2006) proposed Static-LZW (S-

LZW) for use in TinyOS motes, they demonstrated substantial energy savings 
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compared to transmitting uncompressed data. Similarly, Kimura and Latifi (2005) 

have examined lightweight node compression schemes, emphasizing simplicity and 

efficiency as critical factors for real-world deployment. 

These works highlight the fact that, by combining algorithmic optimizations 

with hardware-aware design choices, we can get meaningful improvements in speed 

and energy consumption. Such approaches have strengthened the requirement for 

embedding compression directly into sensor node operations, rather than treating it 

as a post-processing step. 

2.2.4 Hardware Acceleration of Standard Codecs 

The growing demand for real-time data processing, has forced the attention 

of researchers to implement conventional compression algorithms on dedicated 

hardware platforms, such as Field-Programmable Gate Arrays (FPGAs) and 

Application-Specific Integrated Circuits (ASICs). Hardware implementations enable 

codecs to meet performance and energy targets, that are often difficult to achieve with 

software alone. Xu and Zhou (2010), for example, developed an image-compression 

intellectual-property (IP) core based on a processor and local bus architecture, they 

demonstrated that FPGA deployment can achieve genuine real-time operation. 

Similarly, Shah and Vithlani (2011) realised a two-dimensional discrete wavelet 

transform (2D-DWT) accelerator which utilised distributed arithmetic, enabling 

efficient image compression with a very modest hardware. 

To enhance the performance of dictionary-based codecs, Simrandeep and 

Sulochana (2012) designed a 5-bit Content Addressable Memory (CAM), which 

utilises a dictionary structure for the LZW compression algorithm. Their approach 

has shown to reduce search latency, and improvised data throughput, highlighting the 

benefits of memory-optimized hardware for accelerating classical algorithms. 

Building on this, Kamble and Patil (2015) implemented the LZW algorithm on an 

FPGA platform, showing that how a parallel dictionary operation can significantly 

improve throughput, and still maintain a lossless performance. These studies have 

very well illustrated how well-established algorithms like LZW can also be re-

engineered for hardware, to meet the demands of embedded and real-time systems. 

At the entropy-coding level, Shao et al. (2022) have proposed a VLSI 

architecture giving high-throughput for a canonical Huffman encoder, it also achieves 

substantial improvements in speed, and hardware efficiency over traditional designs. 

Their work has demonstrated a continuous need in the evolution of classical 

compression methods, through low-level architectural innovation and circuit 

optimization. 
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Extending the same line of research, Battini et al. (2014) has introduced a 

secure image-compression architecture, which was built around a two-dimensional 

discrete cosine transform (2D-DCT). Their Verilog-HDL implementation on an 

FPGA, has achieved high throughput, while embedding encryption directly within 

the compression pipeline. This integration of performance and security clearly 

explains the potential of hardware algorithm co-designed for next-generation 

embedded systems. 

Collectively, these studies demonstrate how hardware acceleration extends 

the practical reach of standard codecs, far beyond software-only implementations. 

FPGA and ASIC platforms consistently deliver notable gains in throughput, latency, 

and energy efficiency, even though often at the expense of flexibility and design 

simplicity. Despite this progress, traditional codecs such as PNG, JPEG 2000, and 

CCSDS remain computationally intensive, and less suited for ultra-constrained 

platforms like wireless sensor nodes, where both memory as well as power are 

limited. 

A complementary way to classify compression technologies is to do it by its 

application domain, rather than its coding principle. As illustrated in Fig 2.3, 

compression strategies primarily align with three major domains: medical imaging, 

scientific and engineering data, and wireless sensor networks. Each domain imposes 

unique priorities medical applications emphasise diagnostic fidelity, and resilience to 

error, whereas WSNs prioritise low power operation and minimal memory usage. 

This application-driven perspective highlights, how the shared theoretical 

foundations have evolved, to address diverse real-world requirements. That, naturally 

leads into the following discussion on domain-specific and hybrid codec designs. 

2.2.5 Concluding Remarks on Standard Codecs 

Standard codecs represent the foundation on which the compression research 

moved from theory to practice. By embedding various classical algorithms into 

formalised formats and specifications, these codecs demonstrated interoperability, 

reproducibility, and large-scale adoption across various different industries. General-

purpose formats such as PNG and ZIP enabled universal file sharing and storage, 

whereas specialized standards like CCSDS addressed the unique requirements of 

space missions, and some lightweight adaptations of these were designed for wireless 

sensor networks (WSNs). Together, these efforts illustrate the steps in which 

compression methods evolved from academic theories into reliable, industry-ready 

solutions. 
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An important aspect of these are the lessons learned from standardisation 

efforts. They clearly demonstrate that for real-world adoption, we require more than 

just high compression ratios. We must focus on robustness, compatibility, hardware 

feasibility, and adaptability. These insights have paved the way for modern codecs, 

which increasingly integrate hybrid pipelines, domain-specific customization, and, 

more recently, machine learning approaches. The next section builds on this 

foundation, by examining contemporary and emerging codecs. These codecs extend 

beyond standardization to address the demands of specialized and resource-

constrained environments. 

 

Fig 2.3: Application-Based Classification of Data Compression Techniques 

 

2.3 Modern and Emerging Codecs: Domain-Specific and Hybrid Approaches 

Modern data compression research has shown to progress far beyond 

conventional, algorithm-specific approaches toward a more integrated and adaptive 

codec designs. These newer frameworks have combined multiple principles such as 

transform analysis, residual modeling, semantic representation, and hybrid encoding 

to achieve higher efficiency across a plethora of diverse data types. They are 

particularly valuable for applications that must maintain lossless fidelity, while 

operating under stringent resource constraints, such as IoT nodes and wireless sensor 



19 
 

networks. The following subsections examine these emerging techniques, beginning 

with transform and residual based methods. 

2.3.1 Transform and Residual Based Techniques 

Transform and residual based approaches go far beyond the capabilities of 

dictionary and entropy coding.  Since, they exploit correlations in the data before the 

final encoding stage. In transform coding, data are decorrelated so that maximum 

information is concentrated into a smaller number of coefficients, making following 

entropy coding like to be better in efficiency. Surveys by Sudhakar et al. (2005) and 

Rehman et al. (2014) evaluated ten wavelet transform based families, ranging from 

Haar to Biorthogonal, combined them with Set Partitioning in Hierarchical Trees 

(SPIHT) and Embedded Zerotree Wavelet (EZW). Their results displayed that 

applying SPIHT on Daubechies-4 could deliver a 10-15 dB gain in Peak Signal-to-

Noise Ratio (PSNR) at 0.5 bits per pixel, corresponding to about a 3.5× reduction in 

image size which is amazing. In three-dimensional graphics, Peng et al. (2005) and 

Li et al. (2014) reported similar benefits by using codecs such as Edge Breaker and 

single-rate mesh schemes, which achieved transmission rates of less than two bits per 

vertex, which is sufficient for real-time web-based streaming of computer aided 

design models. Together, these studies demonstrated that how transform coding can 

efficiently handle the structured visual as well as the graphical data. 

Residual coding provides a lighter alternative well suited for time-series data 

which is common in sensing and biomedical applications. Khelifati et al. (2019) 

introduced CORAD, a sparse dictionary-based scheme, it leveraged both temporal 

and cross-series correlations, achieving up to 40:1 lossless compression on IoT 

datasets, while it still guarantees online error bounds. Rasheed et al. (2021) proposed 

a log2 sub-band compression method for bio signals, he decomposed them into 

frequency sub-bands, and then encoded each band separately. This improved 

compression ratios and also retained its diagnostic fidelity, making it valuable in 

healthcare signal pipelines. Similarly, Mo et al. (2011) applied a hybrid of residual 

coding with adaptive Huffman coding to temperature signals, achieving efficient 

lossless compression on the sensor nodes with limited resources. 

Other approaches have attempted to combine compression efficiency with 

robustness in noisy environments. Tan et al. (2010) designed a bit-error-aware 

scheme that used linear prediction followed by entropy or block-based residue 

coding, while protecting only key coding parameters with forward error correction. 

This balance allowed for high compression without compromising waveform 

integrity. Kiely et al. (2010) further advanced residual compression with Adaptive 

Linear Filtering Compression (ALFC), which used adaptive prediction and entropy 

coding of residuals. Implemented with integer-only arithmetic, ALFC allowed 

independent packet decoding and demonstrated higher compression ratios and better 

energy efficiency than S-LZW in seismic WSN deployments. 
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Dimensionality reduction techniques have also been explored as residual-

inspired methods. Guo, Xie, and Jin (2018) presented a randomized SVD-based 

approach for compressing NMR data, showing that significant storage savings could 

be achieved without compromising accuracy. More recently, Hwang et al. (2023) 

proposed a hybrid multi-stage codec for waveform data that combined prediction and 

coding across multiple stages, providing flexibility for time-series compression in 

IoT and biomedical contexts. 

Alongside these coding techniques, preprocessing transforms play a crucial 

role in boosting compression efficiency. Quantization methods, both scalar and 

vector, as well as predictive transforms, are often applied prior to coding. The 

Burrows–Wheeler Transform (BWT), introduced by Burrows and Wheeler (1994), 

reorders symbols in a sequence to enhance the efficiency of subsequent compression 

stages, particularly Run-Length Encoding (RLE) and Huffman coding. Combined 

compression pipelines such as BWT + RLE + Entropy coding, which are 

implemented in tools like bzip2, remain highly effective for structured text, scientific 

datasets, and sensor log compression. Beyond algorithmic pipelines, Sanborn and Ma 

(2005) argued that the autocorrelation function could be used to measure redundancy 

within datasets, guiding the choice of coding techniques and improving 

compressibility in structured or periodic signals. 

While transform-based methods excel in multimedia applications such as 

images, video, and 3D graphics, they are less directly applicable to generic sensor 

data streams. Residual coding schemes, though more lightweight, are often not paired 

with semantic preprocessing or designed with hardware efficiency in mind. These 

limitations highlight a key motivation for this thesis: to combine residual coding with 

semantic preprocessing in order to achieve efficient entropy reduction under the strict 

resource and energy budgets of Wireless Sensor Networks (WSNs) and IoT 

platforms. 

2.3.2 Domain-Specific Compression  

Domain-specific compression methods have gained importance as 

applications increasingly demand solutions tailored to the properties of specific 

datasets. One of the most prominent areas is medical imaging, where compression 

must balance efficiency with strict requirements of diagnostic fidelity. Sridevi et al. 

(2012) reviewed schemes for medical image compression and emphasized that 

healthcare applications push codecs beyond generic performance metrics toward 

clinically safe compression. Butta et al. (2015) provided a complementary review of 

ECG data compression methods, again highlighting the critical role of preserving 

waveform features essential for diagnosis. Building on these reviews, Rebollo-Neira 

(2019) proposed a sparsity-based approach for ECG signals that achieved strong 

compression ratios with low distortion, demonstrating how signal structure can be 

exploited to enhance performance. The growing adoption of wearables and IoT-based 
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healthcare systems has further expanded research into lightweight biomedical codecs. 

For example, Chang and Sobelman (2024) developed a compact ECG compression 

scheme for medical IoT devices, while Sharma et al. (2022) implemented FPGA-

based IQ-data compression to reduce latency and processing overhead at the edge. 

These studies illustrate how domain-specific medical codecs increasingly incorporate 

both algorithmic and hardware-level optimizations. 

Beyond biomedical data, domain-specific methods have also been applied to 

semi-structured healthcare records. Pandey et al. (2020) presented a hybrid pipeline 

combining run-length encoding with infix and bit-reduction techniques, exploiting 

recurring clinical tokens in electronic health records to achieve notable storage 

savings. In a similar spirit of data-aware design, Subramanian et al. (2021) proposed 

a hybrid compression pipeline for 3D medical images that integrated Volume of 

Interest (VOI) extraction with LZW–Arithmetic coding, outperforming traditional 

Huffman and RLE while preserving diagnostic regions. Together, these works 

highlight how healthcare applications demand codecs that are not only efficient but 

also tuned to the unique statistical or semantic patterns of clinical data. 

Domain-specific compression also extends to remote sensing and scientific 

imaging. Bartrina-Rapesta et al. (2017) designed a lightweight contextual arithmetic 

coder for satellite imaging, carefully balancing efficiency against the hardware 

limitations of on-board systems. Gundogar et al. (2018) introduced a hyperspectral 

image compression scheme based on tridiagonal matrix transformations, showing 

improvements in both storage and transmission for Earth observation datasets. Lin 

(2019) proposed early-stage lossless compression techniques for raw image 

acquisition, demonstrating benefits for initial image processing pipelines. These 

works show how compression for scientific data prioritizes reliability and hardware 

feasibility alongside efficiency. 

Emerging application domains have also motivated customized codecs. Su et 

al. (2019) developed a DCT-based compression scheme for 5G vehicular networks, 

emphasizing real-time communication efficiency. Patel and Chaudhary (2017) 

investigated transform- and hybrid-based methods for wireless multimedia sensor 

networks (WMSNs), demonstrating how multimedia compression in resource-limited 

environments requires balancing fidelity with energy and memory constraints. 

Text compression has likewise benefited from domain-aware approaches. 

Logeswaran (2002) demonstrated that combining a neural network predictor with 

arithmetic coding could reduce entropy beyond classical methods for English text. 

Jrai et al. (2015) improved Arabic text compression ratios by normalizing Unicode 

input before applying adaptive LZW, achieving gains from 58% to 71% on large 

corpora. These examples underscore how language-specific preprocessing can 

significantly improve compression efficiency in text domains. Expanding on 

language-specific optimizations, Amaeer et al. (2019) proposed an efficient 



22 
 

compression scheme for Bangla natural text by transforming 16-bit Unicode 

characters into an 8-bit representation. This Unicode reduction significantly 

minimized redundancy and achieved compression gains of 50–63%, outperforming 

standard Huffman and LZW algorithms. Their study highlights how exploiting 

linguistic and encoding characteristics can substantially improve compression ratios 

for regional language datasets. 

Recent studies further illustrate the growing sophistication of script- and 

domain-aware pipelines. Suarjaya (2012) introduced J-Bit Encoding, a bit-level 

manipulation strategy that achieved 15–20% compression on hybrid multimedia files 

comprising audio, text, and video. Extending this concept to linguistic preprocessing, 

Amir et al. (2019) demonstrated that converting Bangla 16-bit Unicode text to an 8-

bit representation yielded 50–63% compression gains, outperforming standard 

Huffman and LZW approaches. Ignatoski et al. (2020) compared arithmetic (entropy-

based) and LZW (dictionary-based) coding across eight European languages, 

showing that LZW tends to outperform entropy-based methods in languages with 

higher redundancy and smaller alphabets. 

Taken together, these studies reveal that domain-specific codecs achieve their 

effectiveness by leveraging data characteristics whether physiological signals, 

clinical records, satellite imagery, vehicular communication, or text corpora. While 

such approaches often remain narrowly tuned to their respective applications, they 

demonstrate the potential of combining preprocessing, classical methods, and hybrid 

pipelines to maximize redundancy removal in ways that general-purpose codecs 

cannot. 

2.3.3 Hybrid and Adaptive Methods 

The evolution of compression technology has steadily moved toward hybrid 

and adaptive frameworks designed to overcome the limitations of traditional single-

algorithm codecs. In a hybrid design, two or more classical approaches are 

strategically combined so that the strengths of one method can compensate for the 

weaknesses of another. Boopathiraja and Kalavathi (2018) demonstrated this 

principle by integrating LZW and arithmetic coding into a unified compression 

pipeline for multispectral images, achieving markedly better efficiency than either 

technique on its own. Similarly, Tariq et al. introduced a serial hybridization strategy, 

where algorithms were applied in a specific sequence to maximise redundancy 

removal and improve overall performance. Their results showed that thoughtful 

ordering of algorithms can significantly influence compression effectiveness. 

Beyond improving efficiency, hybrid frameworks have also been extended to 

enhance data security. Usama, Malluhi, and Zakaria (2021) developed a secure data-

compression method that merges chaotic encryption with adaptive Huffman coding. 
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The scheme not only increased compression performance but also strengthened 

confidentiality, illustrating how hybrid designs can serve dual purposes in both data 

reduction and protection. 

Hybridisation has further proven valuable for language-specific applications. 

Awajan and Abu Jrai (2015) proposed a hybrid model for Arabic text that combined 

multiple coding strategies to improve efficiency while preserving linguistic fidelity. 

Their work highlighted that hybrid codecs are adaptable across diverse domains, from 

imagery and sensor data to text with complex character sets. Along similar lines, 

Zheng et al. (2021) designed a hybrid pipeline uniting Huffman and LZW coding, 

achieving measurable gains in compression ratio on structured sensor datasets. 

However, their findings also pointed to a recurring challenge hybrid codecs tend to 

introduce added algorithmic complexity and require careful parameter tuning to 

maintain stability and speed. 

Parallel to these developments, adaptive compression schemes have emerged 

to address data sources whose characteristics evolve continuously, such as those 

encountered in wireless sensor networks or real-time multimedia systems. Adaptive 

approaches dynamically modify their coding parameters in response to changes in 

data patterns, striking a balance between compression efficiency and computational 

cost. While adaptivity enhances responsiveness and optimises performance under 

varying conditions, it also introduces implementation challenges. High processing 

demands and limited on-chip resources often constrain their deployment in 

lightweight or energy-sensitive environments. 

Taken together, hybrid and adaptive designs represent a natural evolution of 

compression research from fixed, single-stage models to intelligent, context-aware 

systems capable of adjusting to both data behaviour and system constraints. 

2.3.4 Energy and Memory Constrained Environments  

For embedded systems, Wireless Sensor Networks (WSNs), and Internet-of-

Things (IoT) platforms, data compression must balance two critical constraints: 

reducing transmission volume while keeping on-node memory and energy 

consumption extremely low. Even simple, fixed-memory implementations have 

demonstrated significant benefits. For example, Sadler and Martonosi (2006) showed 

that Static-LZW on TinyOS motes, using a compact 256-entry dictionary, could 

deliver substantial energy savings compared to raw transmission. Marcelloni (2008) 

reinforced this principle by demonstrating that modest algorithmic simplifications 

and minimal bookkeeping could extend network lifetimes, underscoring how small 

design choices often lead to disproportionately large system gains. 
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Recent research has increasingly focused on adaptive compression techniques 

that trade modest local computational effort for significant reductions in network 

traffic. Knowledge-aware run-length encoding schemes, as proposed by Sharaff et al. 

(2022), effectively group semantically related runs to minimize payload sizes in 

structured and context-rich datasets. Similarly, predictor-based pipelines with 

periodically updated codebooks adapt to evolving signal statistics, achieving high 

efficiency on benchmark datasets such as the Intel Lab traces shows by Ketshabetswe 

et al. (2021). However, these adaptive schemes introduce a tension: model updates 

and probability estimation require extra CPU cycles and sometimes additional 

communications, which can offset compression-related energy savings in highly 

dynamic deployments (Lungisani et al., 2022). In this context, Ahmad et al. (2019) 

proposed a lossless compression algorithm designed for energy-efficient WSNs, 

demonstrating improvements in both compression ratio and energy consumption. 

Their work reinforces the importance of tailoring codecs to the tight energy budgets 

of embedded sensing systems. 

Another line of work explores transform and aggregation techniques. Discrete 

Wavelet Transform (DWT) based codecs, for example, decorrelate frequency-rich 

environmental signals and achieve strong compression ratios, though their need for 

buffering and heavy arithmetic makes them impractical for low-end motes producing 

short, categorical payloads by Manuel et al. (2023). Mehta and Lobiyal (2017) 

highlighted that cluster-based data aggregation can effectively reduce communication 

overhead by exploiting spatial correlations among sensor nodes. However, 

approaches that rely primarily on coarse similarity measures often fail to capture the 

deeper semantic relationships inherent in sensor observations. In parallel, sparsity-

driven techniques, such as distributed compressive sensing, have demonstrated strong 

potential by reducing transmission volume through the exploitation of joint sparsity 

across network nodes. Nevertheless, these methods typically shift the computational 

complexity to sink-side reconstruction and seldom provide interpretable, node-level 

grouping, as observed by Li et al. (2019).  

In recent years, compression techniques originally developed for numerical 

and matrix-based workloads have been adapted for energy-aware data processing. 

For example, compressed sparse matrix-vector multiplication (SpMV) has 

demonstrated considerable potential for energy savings when implemented on 

hardware accelerators. However, as noted by Tosoni et al. (2025), existing evaluations 

have predominantly targeted numerical computation pipelines, with limited emphasis 

on the heterogeneous and multimodal sensor streams characteristic of modern IoT 

environments. 

Across these family’s dictionary and run-length methods, adaptive predictor 

plus entropy pipelines, transforms and clustering, and sparsity-driven approaches a 

common limitation emerges: there is little support for an inexpensive, general-

purpose preprocessing stage that can inject domain semantics into the pipeline. 

Without such a stage, even efficient kernels must operate on raw, noisy 
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measurements, limiting their effectiveness in heterogeneous deployments. This gap 

suggests the need for lightweight, ontology-aware preprocessing layers that capture 

semantic structure at minimal on-node cost, thereby improving the performance of 

low-overhead codecs without adding significant computational or communication 

burdens. 

2.3.5 Emerging Trends: AI-Integrated Compression  

One of the most notable recent developments in data compression is the 

growing integration of machine learning and artificial intelligence (AI). Unlike 

handcrafted entropy coders, neural network models can learn probability distributions 

directly from data, often uncovering redundancies that traditional methods overlook. 

In some cases, these approaches have been shown to outperform classical algorithms. 

For example, Guorui Li et al. (2019) employed denoising autoencoders to enhance 

energy-efficient data collection in wireless sensor networks, demonstrating how 

learned representations can reduce transmission loads. In the healthcare domain, 

Hanoune and Lysmos (2020) investigated AI-inspired compression in an intelligent 

e-health gateway, showing that lightweight models could support medical monitoring 

without sacrificing robustness. 

Extending this direction, Nasif et al. (2021) proposed a deep learning-assisted 

adaptive Huffman codec, where neural models guided codeword assignment. While 

the approach improved adaptability, its computational overheads limited deployment 

on severely resource-constrained devices. Building on this idea, Nasif et al. (2024) 

developed a deep learning–guided Huffman compression framework, reporting 

further gains in adaptability and compression ratio. However, as with many AI-driven 

methods, the increased processing requirements restricted applicability to lightweight 

IoT nodes. 

More broadly, AI-based compression strategies are beginning to show 

promise in diverse areas, including video coding, anomaly detection in sensor data, 

and domain-specific biomedical applications. Yet, most remain specialized, relying 

on offline training or demanding significant memory and computational resources. 

These characteristics limit their feasibility in the constrained environments of WSNs 

and embedded IoT platforms. 

This analysis highlights a clear research opportunity. While AI-driven codecs 

demonstrate strong adaptability and compression potential, what is missing is a 

generalizable, lightweight framework that can combine the efficiency of classical 

methods with the adaptability of machine learning, all within the practical constraints 

of real-world deployments. Addressing this challenge is one of the motivations 

underpinning the present thesis. 
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2.3.6 Concluding Remarks on Modern Codecs 

Modern codecs build upon the foundations of classical and standardized 

methods but extend them through hybridization, adaptivity, and domain-specific 

customization. Unlike earlier approaches that primarily sought to maximize 

compression ratios, modern designs also account for the demands of specialized 

application domains such as healthcare, remote sensing, and low-power sensor 

networks. Their ability to tailor coding strategies to data characteristics and hardware 

environments marks a decisive shift from “one-size-fits-all” compression toward 

context-aware solutions. 

At the same time, the growing integration of artificial intelligence and 

machine learning into compression pipelines signals a paradigm shift. Learning-

based methods show strong potential to uncover redundancies beyond the reach of 

handcrafted algorithms and to adapt dynamically to changing data conditions. 

However, they remain constrained by training requirements, memory footprints, and 

computational overheads, which limit their deployment on lightweight embedded 

devices. 

Taken together, these developments highlight both the progress and the 

remaining gaps. While modern codecs achieve impressive performance in specific 

contexts, they often lack generality across heterogeneous IoT deployments. This 

creates an opportunity for approaches that combine semantic preprocessing, residual 

coding, and lightweight adaptive mechanisms to deliver both efficiency and 

practicality. Addressing this need provides a central motivation for the research 

presented in this thesis. 

2.4 Contemporary Codecs Evaluated in This Thesis 

Alongside the classical algorithms and widely adopted standards, a number 

of modern codecs have been developed and optimized for practical deployment. 

Some of these are general-purpose, designed to perform reliably across diverse 

computing environments, while others are domain-specific, tailored for scientific, 

aerospace, or resource-constrained applications. The codecs selected for evaluation 

in this thesis represent this broad design spectrum and highlight key trade-offs 

between compression ratio, speed, memory usage, and suitability for embedded or 

low-power systems. 

Comparative evaluations by Bhattacharjee (2013) provide a useful benchmark 

for situating these codecs. Their study systematically examined the performance of 

multiple lossless data compression methods and demonstrated how algorithmic 

families differ when applied to varying data characteristics. Such empirical baselines 

remain valuable when positioning newer codecs such as Zstandard (Zstd), Brotli, and 



27 
 

Adaptive Lossless Data Compression (ALDC), which are included in this thesis for 

detailed assessment. 

Earlier comparative studies by Kodituwakku and Amarasinghe (2010) also 

shed light on the performance trade-offs among classical algorithms. Testing on text 

files of different sizes and types, they found that LZW delivered strong compression 

ratios for larger, more redundant datasets, while Run-Length Encoding (RLE) 

achieved high speed but offered poor compression for typical text. Huffman and 

Shannon–Fano methods were shown to offer balanced performance in terms of ratio 

and speed, whereas Adaptive Huffman introduced higher latency. A notable 

observation across these experiments was that compression time generally scaled 

with file size, except for RLE, which remained nearly constant. These results 

highlight how differences in algorithmic design translate into diverse operational 

profiles, providing context for evaluating contemporary codecs. 

Recent innovations illustrate how contemporary methods push beyond 

classical trade-offs. Liu et al. (2018) designed a hardware-oriented modification of 

the LZ4 algorithm, enabling efficient deployment in device-level compression units, 

thereby bridging software efficiency with hardware feasibility. More recently, Barina 

(2022) introduced X3, a lossless data compressor that integrates modern entropy 

modeling with practical system considerations, establishing a new reference point for 

contemporary codec evaluation. 

Collectively, these studies demonstrate the evolving balance between 

theoretical efficiency, practical performance, and system integration. By including 

Zstd, Brotli, ALDC, and related modern codecs in its evaluation, this thesis positions 

its analysis within the broader context of compression research—contrasting 

emerging methods with both classical baselines and standardized solutions. 

2.4.1 General-Purpose Modern Codecs  

Modern general-purpose codecs are designed to achieve strong compression 

while remaining practical across diverse applications such as cloud storage, web 

communication, and operating systems. They extend classical techniques like LZ77 

with advanced entropy models, block transforms, and dictionary optimizations, 

striking different balances between compression efficiency, speed, and resource 

requirements. The following representative codecs are evaluated in this thesis as they 

capture the spectrum of design trade-offs in contemporary practice. 

i.  Zstandard (Zstd)  

 

Introduced by Collet (2016), Zstd combines LZ77-style parsing with Finite State 

Entropy (FSE), a form of Asymmetric Numeral Systems for entropy coding. By 
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identifying repeated patterns through a sliding window and encoding symbols with 

probability-based codes, Zstd achieves excellent compression ratios while offering 

extremely fast decompression. Its adoption in large-scale storage systems and cloud 

platforms reflects its ability to balance efficiency with performance, making it one 

of the state-of-the-art codecs in current use. 

 

ii. Brotli 

 

Developed by Alakuijala and Szabadka (2016) for web and text compression, 

Brotli integrates LZ77 parsing, context modeling, and Huffman coding, supported 

by a static dictionary optimized for common web strings. It excels in compactly 

encoding HTML, CSS, and JavaScript resources, and its inclusion in HTTP 

standards has cemented its role as a widely deployed web codec. Brotli 

demonstrates how targeted dictionary design and entropy coding can make 

compression highly effective for specific application domains. 

 

 

iii.  Bzip2 

As a transitional codec from earlier generations, bzip2 (Seward, 1996) illustrates 

the progression toward modern block-based methods. Its pipeline applies the 

Burrows–Wheeler Transform (BWT) to reorder symbols, followed by Move-to-

Front (MTF) coding to cluster repeated symbols, and finally Huffman coding for 

entropy compression. While bzip2 achieves higher ratios than many early LZ-based 

methods, its relatively slow speed limits its adoption in time-sensitive applications. 

It is included in this evaluation primarily as a historical benchmark, showing how 

block-sorting techniques informed the design of later adaptive codecs. 

iv.  LZ4 and LZ4HC 

 

Collet (2011) introduced LZ4 as an extremely lightweight implementation of the 

LZ77 family. It focuses on identifying short repeated substrings and replacing them 

with references, prioritizing speed over compression ratio. The high-compression 

variant, LZ4HC, performs deeper searches for longer matches, trading some 

performance for improved ratios. Because of their exceptionally fast throughput 

and low latency, LZ4 variants are widely deployed in databases, operating systems, 

and real-time systems. Their evaluation in this thesis emphasizes the role of speed 

in resource-constrained environments where rapid compression and decompression 

are often more critical than maximum savings. 

 

 

v.  LZMA (Lempel–Ziv–Markov Chain Algorithm) 

 

 Developed by Pavlov (1998), LZMA represents the opposite end of the spectrum. 

It extends the LZ77 framework by supporting very large dictionaries and employing 

range coding (a variant of arithmetic coding) to encode symbol probabilities with 
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high precision. This yields excellent compression ratios but at the cost of substantial 

memory use and longer processing times. LZMA is included here as a reference 

point for “maximum compression” approaches, providing a strong baseline against 

which more lightweight codecs can be assessed. 

2.4.2 Domain-Specific Codecs  

While general-purpose codecs are designed to operate across a wide variety 

of applications, many compression methods have been developed for specific 

domains, where system or data characteristics impose unique requirements. Such 

codecs are particularly relevant in scientific, aerospace, and resource-constrained 

environments, where compression must balance efficiency with strict hardware or 

energy limitations. 

i. Rice Coding 

 

Introduced by Rice (1979), Rice coding is a simplified variant of Golomb coding, 

optimized for geometric distributions such as prediction residuals. It encodes each 

number as a quotient-remainder pair, using unary representation for the quotient 

and binary for the remainder. Its computational simplicity and efficiency led to its 

adoption in astronomy (e.g., FITS format) and in CCSDS standards for space 

telemetry. Rice coding remains an important example of how lightweight entropy 

models can be tailored for hardware-constrained environments. 

 

ii. FELACS (Fast and Efficient Lossless Adaptive Compression Scheme) 

 

Developed within CCSDS recommendations (2005), FELACS was designed for 

satellite imagery and telemetry. It predicts pixel values and encodes the residuals 

using adaptive rules, thereby ensuring both speed and low memory consumption. 

FELACS is highly effective for onboard spacecraft compression, where hardware 

must process large imaging workloads under stringent constraints. Its inclusion 

here illustrates how adaptive prediction-based methods can deliver efficiency in 

domain-specific scientific missions. 

 

iii.  Adaptive Lossless Data Compression (ALDC) 

 

ALDC extends dictionary-based compression with adaptive updates, allowing it 

to adjust to the statistical characteristics of the input stream. Initially applied in 

IBM storage systems, it has also been used in lightweight WSN deployments 

(Sadler & Martonosi, 2006). Kolo et al. (2012) advanced ALDC by partitioning 

sensor data into blocks and adaptively selecting code options for each block, 

achieving strong results on real-world WSN datasets. Later variants have 

emphasized memory optimization and energy efficiency, making ALDC a 
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particularly relevant codec for embedded sensing platforms. Its adaptability and 

low resource requirements align closely with the objectives of this thesis. 

Taken together, domain-specific codecs such as Rice, FELACS, and 

ALDC demonstrate how compression schemes evolve when designed around the 

constraints of specialized environments whether spacecraft imaging systems, 

scientific data pipelines, or sensor nodes. However, despite their strengths, none 

of these codecs simultaneously achieve high compression efficiency, minimal 

memory use, and energy awareness across diverse IoT deployments. This 

limitation underscores the need for new approaches that can bridge these trade-

offs, providing the motivation for the work presented in this thesis. 

Contemporary codecs such as Zstd, Brotli, LZMA, Rice, FELACS, and 

ALDC represent the state of the art in modern compression. However, none of 

these approaches simultaneously deliver high compression efficiency, ultra-low 

memory footprint, and energy awareness requirements that are critical for 

Wireless Sensor Networks and IoT platforms. This limitation highlights the need 

for new approaches that integrate residual and semantic preprocessing with 

lightweight, hardware-friendly coding strategies. Addressing this challenge forms 

a central focus of the work undertaken in this thesis. 

2.5 Hardware and System Level Implementations 

While software codecs offer flexibility and ease of deployment, implementing 

compression at the hardware or system level enables real-time throughput and 

energy-efficient operation capabilities that are especially critical in embedded and 

IoT contexts. Hardware acceleration reduces latency, minimizes software overhead, 

and allows codecs to function effectively under the stringent performance and energy 

constraints of edge devices. 

Early work in this area focused on FPGA and ASIC accelerators for classical 

algorithms. Rigler et al. (2007) demonstrated one of the first FPGA-based 

implementations of a combined Huffman and LZ77 codec for GZIP compression, 

showing how general-purpose lossless codecs could be re-engineered to achieve 

hardware-level speedups. Such efforts established the feasibility of embedding 

compression logic directly into hardware to meet real-time requirements. 

Subsequent research broadened the scope to include memory- and cache-

resident compression mechanisms. Mittal and Vetter (2016) examined GPU- and 

cache-level compression, reporting reductions of 15-20% in off-chip memory traffic 

with minimal latency overhead. These results underscored the potential of 
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compression not only as a data-storage or transmission tool but also as a system-level 

optimization technique for reducing bandwidth bottlenecks. 

More recent studies have analysed hardware compression from a system-

architectural perspective. Carvalho and Seznec (2021), for example, surveyed cache 

compression techniques and evaluated not only compression ratio and throughput but 

also associated trade-offs such as tag overhead, block placement, and decompressor 

latency. Their work highlights the complexity of integrating compression into modern 

memory hierarchies: while throughput gains are often significant, inefficiencies in 

cache design or decompression energy can offset the benefits. 

Collectively, these studies illustrate that successful hardware-level 

deployment of compression requires both microarchitectural detail and system-level 

coordination. FPGA/ASIC accelerators demonstrate the raw speed potential of 

classical methods, while cache and memory compression research shows how 

integration into broader architectures can extend benefits to system performance and 

energy efficiency. Taken together, this body of work confirms that hardware-aware 

design is a crucial component of real-world compression solutions, particularly for 

embedded, IoT, and high-performance platforms. 

2.5.1 FPGA and ASIC-Based Implementations  

Hardware accelerators for compression have been extensively investigated to 

achieve real-time throughput and energy efficiency, particularly in embedded systems 

where software-based methods may be too slow or power-hungry. Early contributions 

established the foundation for hardware algorithm co-design, demonstrating how 

codec design could be tightly integrated with circuit-level optimization. For example, 

Min-Bo, Lee, and Jan (2006) presented a lossless compression algorithm together 

with a dedicated hardware architecture, highlighting how compression efficiency 

could be enhanced by considering hardware constraints during algorithm 

development. 

Building on these principles, subsequent research focused on FPGA-based 

implementations that emphasized either optimization or security. Jeevan et al (2014) 

implemented a secure image compression system in Verilog HDL, integrating 

compression with on-chip data protection. Around the same time, Dhawale (2014) 

optimized Huffman coding in VHDL, demonstrating that low-level architectural 

improvements could significantly boost throughput on FPGA platforms. Teja et al. 

(2015) extended these efforts by designing a VLSI implementation of a multiplier-

less 2D DCT/IDCT, enabling efficient transform coding for real-time image 

compression. 
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More recent advances have aimed at maximizing throughput and aligning 

with international standards. Guguloth and Vadtya (2025) proposed a high-

throughput canonical Huffman codec with parallel frequency counting and pipelined 

codebook generation, achieving state-of-the-art real-time performance on Xilinx 

FPGAs. Similarly, Barrios et al. (2021) realized the CCSDS 123.0-B-2 standard via 

high-level synthesis (HLS), attaining near-lossless compression at 12.5 MS/s with 

minimal hardware resources, the first fully compliant FPGA realization of this 

standard. Hameed et al. (2018) contributed a low-power Huffman text compressor on 

Altera platforms, reporting significant energy savings. At the VLSI level, Sadaghiani 

and Ghanbari (2019) proposed an optimized compression processor based on a 

modified Loeffler architecture, achieving high-speed operation with reduced 

complexity. 

Domain-specific applications have also benefited from hardware 

implementations. For instance, Kamran Rasheed et al. (2021) developed a Verilog-

based lossless compression system for medical signals, showing that FPGA-based 

pipelines can meet the stringent latency and energy requirements of biomedical 

monitoring systems. 

Overall, FPGA and ASIC implementations have demonstrated that throughput 

and efficiency can be significantly enhanced when algorithms are adapted for 

hardware. However, these designs are typically optimized for fixed algorithms or 

specific standards, limiting their adaptability to the heterogeneous and dynamic 

conditions of IoT deployments. This underscores the need for lightweight, 

reconfigurable kernels that can combine hardware-level efficiency with algorithmic 

flexibility. 

2.5.2 Memory-System Compression 

Beyond FPGA and ASIC accelerators, compression has also been integrated 

directly into memory subsystems as a strategy to alleviate bandwidth bottlenecks and 

reduce off-chip traffic. Unlike software or peripheral hardware implementations, 

memory-system compression treats compression as a built-in feature of the memory 

hierarchy, thereby enhancing both bandwidth and effective capacity without requiring 

major redesign of the processor core. 

Early survey efforts provided a broad understanding of these architectural 

possibilities, emphasizing how compression could serve as a transparent layer in 

cache and memory subsystems. Their analyses highlighted that carefully designed 

schemes have the potential to improve effective memory bandwidth and capacity 

while incurring only modest hardware modifications. 
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Building on this foundation, as previously discussed, Mittal and Vetter (2016) 

also provided a detailed survey of cache-resident compression techniques, detailing 

practical implementations across high-performance computing environments. Their 

results demonstrated that memory-system compression can reduce off-chip traffic by 

15–20% while adding less than 5% latency overhead, underscoring its suitability for 

bandwidth-constrained, performance-critical systems. More specialized 

implementations have also been explored. For example, Mahdavi et al. (2019) 

proposed an area-efficient on-chip compression scheme for massive MIMO systems, 

showing that compressing channel data can significantly reduce storage overhead in 

high-throughput communication pipelines. 

Together, these studies confirm that memory-system compression provides 

tangible benefits in terms of bandwidth, storage efficiency, and performance. 

However, such designs are generally optimized for large-scale computing platforms 

and assume relatively abundant resources. Their reliance on sophisticated memory 

controllers and ample processing power makes them less directly applicable to ultra-

constrained platforms such as WSNs and IoT nodes, where strict memory and energy 

budgets dominate design considerations. This gap highlights the need for lightweight, 

memory-aware compression schemes that can deliver efficiency comparable to 

system-level approaches, but within the stringent constraints of embedded 

environments. 

2.5.3 Edge and Sensor-Level Integration  

At the sensing edge, compression can be co-designed directly with data 

acquisition systems to minimize redundancy at the earliest stage of signal capture. 

Trakimas and Sonkusale (2011) introduced an adaptive-resolution asynchronous 

analog-to-digital compression (ADATA) architecture for energy-constrained sensing 

platforms. Fabricated in 0.18 µm CMOS, their design dynamically adjusted sampling 

resolution according to signal activity, thereby achieving compression during data 

acquisition itself. The prototype reached a maximum sampling rate of approximately 

50 KS/s with a signal-to-noise-and-distortion ratio (SNDR) of 43 dB while 

consuming only 25 µW. This work demonstrated that joint ADC compression 

architectures can enable ultra-low-power operation in sensor nodes. 

Beyond data acquisition, compression has also been integrated with security 

and communication frameworks. Bartrina et al. (2017) presented an IoT-Edge-Cloud 

pipeline that combined compression with AES-128/HMAC-based security. Their 

implementation achieved transmission energy savings between 32% and 90% while 

maintaining image quality above 92 dB PSNR, showing how compression can 

complement encryption and authentication to support secure, energy-aware data 

transfer in IoT deployments. Together, these studies highlight how sensor- and edge-

level co-design enables compression to be embedded seamlessly into acquisition and 
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communication pipelines, thereby optimizing energy usage and transmission 

overhead. 

 While hardware and system-level implementations demonstrate impressive 

throughput and energy efficiency, they largely focus on accelerating existing codecs 

or standards without integrating semantic or machine-learning–based adaptability. 

This limitation points to the need for lightweight, FPGA-friendly kernels enhanced 

with semantic awareness, capable of adapting to heterogeneous sensor environments. 

Addressing this challenge aligns with the objectives of this thesis. 

2.6 WSN and IoT-Specific Compression  

Wireless Sensor Networks (WSNs) and Internet of Things (IoT) platforms 

impose unique constraints on data compression owing to their limited memory, 

processing power, and strict energy budgets. To address these challenges, research 

has produced a wide spectrum of lightweight and adaptive schemes that trade 

complexity for efficiency while exploiting the structural properties of sensor data. 

2.6.1 Distributed and Local Compression 

Srisooksai et al. (2012) analyzed both distributed and local compression 

approaches, showing that collaborative in-network strategies can significantly reduce 

transmission energy by leveraging spatial and temporal correlations among nodes. 

Singh (2019) extended this direction by studying Distributed Compressive Sensing 

(DCS), where sparsity-aware sampling across nodes reduced data volumes 

substantially. While effective in minimizing transmissions, standard DCS 

formulations required complex reconstruction at the sink and did not provide compact 

on-node storage for repetitive arrays, limiting their practicality in constrained 

deployments. Liang and Li (2014) contributed a robust WSN compression algorithm 

that emphasized resilience against noise and packet loss, ensuring that lightweight 

nodes could achieve reliable performance under adverse conditions. 

2.6.2 Wireless Multimedia Sensor Networks (WMSNs) 

Image and multimedia compression has received dedicated attention in 

resource-limited WSN settings. ZainEldin et al. (2015) surveyed image compression 

techniques for WMSNs, focusing on how fidelity can be balanced against constrained 

resources. Rekha and Samundiswary (2015) introduced adaptive image compression 

methods that reduced power consumption using predictive schemes, while still 

maintaining acceptable visual quality. These contributions highlight the unique trade-

offs in multimedia IoT deployments, where compression must preserve data fidelity 

while reducing both transmission cost and processing overhead. 
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2.6.3 Lightweight Adaptations of Classical Algorithms 

Several studies have revisited classical algorithms for WSN contexts by 

tailoring them to lightweight environments. Gupta et al. (2022) adapted Huffman 

coding for WSNs, demonstrating that frequency modeling at the node or cluster level 

improves efficiency. However, they also noted that frequent model updates can offset 

energy gains in dynamic environments. Roy and Chandra (2020) evaluated LZW on 

sensor traces, showing moderate compression for repetitive payloads, but limited 

overall energy savings due to dictionary maintenance overhead. Pushpalatha and 

Shivaprakasha (2020) tested RLE variants, confirming their computational simplicity 

and suitability for bursty signals, but pointing out the lack of stateful history reduced 

overall efficiency. Together, these works underline how adapting classical methods 

requires careful balance between computational simplicity and network-level 

benefits. 

2.6.4 Biomedical and IoT-Specific Applications 

WSN and IoT compression research has also been shaped by domain-specific 

demands, particularly in healthcare. Hanoune and Lysmos (2020) proposed 

compression mechanisms within an intelligent e-health gateway, integrating data 

reduction with secure monitoring applications. Yan et al. (2021) designed a QRS 

detector for biomedical IoT systems that combined compression with time-sharing 

architectures, offering dual benefits of signal analysis and energy-efficient 

transmission. More recently, Qiu et al. (2025) developed a robust topology-generation 

and data-transfer scheme to sustain reliability in IoT deployments. While not 

explicitly focused on compression efficiency, the approach complements existing 

work by addressing data delivery integrity. 

2.6.5 Domain-Specific Novel Approaches 

Innovations have also emerged in body sensor networks and metadata 

management. Wu and Yu-Chee (2011) demonstrated that exploiting both temporal 

and spatial correlations in body area networks (e.g., Pilates motion recognition) could 

reduce redundancy while preserving recognition accuracy. Thomas and Mathew 

(2016) applied a quadtree-based clustering method to compress sensor node address 

metadata, reducing communication overhead without compromising data integrity. 

Taken together, these studies demonstrate the diverse strategies applied to 

compression in WSN and IoT contexts from distributed sensing and multimedia 

pipelines to lightweight adaptations of classical methods and biomedical applications. 

Despite notable progress, existing methods often remain specialized, narrowly tuned, 

or limited by reconstruction costs at the sink. This highlights the need for 

generalizable, energy-aware frameworks that integrate lightweight coding with 
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semantic preprocessing, enabling efficient deployment across heterogeneous IoT 

platforms. 

2.6.6 Baseline IoT Approaches 

Alongside recent IoT-specific compression techniques, a number of earlier 

approaches continue to serve as important baselines in the literature. These methods 

illustrate how adaptive principles were first introduced into compression frameworks 

for constrained environments. 

One such approach is the Adaptive Data Compression Algorithm (ADCA), 

which varies the compression degree in real time according to available bandwidth 

and processing capacity (Mohamed et al., 2018). This flexibility enables nodes to 

respond to changing network and resource conditions, making it useful in 

environments where traffic and load fluctuate. Similarly, Real-Time Compression 

Quality Adjustment (RCQA) adapts error bounds dynamically based on the 

sensitivity of the data stream (Shoaib et al., 2015). By preserving high fidelity for 

critical information while allowing less vital streams to be compressed more 

aggressively, RCQA introduced the idea of content-aware trade-offs between fidelity 

and efficiency. A further reference point is the Stream Control Transmission Protocol 

(SCTP), which integrates compression with encryption and signing within a transport 

layer framework (Lu et al., 2016). Although originally intended as a reliable 

transmission protocol, its incorporation of compression and integrity mechanisms 

demonstrated how system-level protocols could combine multiple objectives—data 

reduction, security, and reliability within a single pipeline. 

These baseline methods are frequently used as benchmarks for evaluating 

modern IoT frameworks. While they provided valuable stepping stones and 

influenced subsequent designs, their performance in compression fidelity and energy 

efficiency remains modest when compared with contemporary schemes. Moreover, 

they often assumed processing and memory resources greater than those available in 

typical sensor nodes, limiting their portability to ultra-constrained WSN 

deployments. 

  Although effective in concept, most WSN and IoT compressors including 

baseline approaches such as ADCA, RCQA, and SCTP tend to exploit either temporal 

or spatial redundancy in isolation and rely on resource budgets larger than the sub-16 

KB memory typical of embedded nodes. This restricts their real-world applicability, 

highlighting the need for ultra-lightweight solutions that jointly exploit spatio-

temporal redundancy while remaining compatible with the strict memory and energy 

constraints of WSNs and IoT platforms. 

 



37 
 

2.6.7 Concluding Remarks WSN and IoT-Specific Compression 

Research in WSN and IoT compression has primarily focused on minimizing 

communication overhead and energy consumption through lightweight coding and 

data aggregation. Classical methods such as Huffman, LZW, and RLE have been 

adapted for constrained sensor nodes, while predictive and transform-based 

approaches have improved compression ratios for specific data types. These 

developments highlight the continuing effort to achieve reliable compression without 

compromising the limited computational and memory resources typical of embedded 

systems. 

Despite these advances, most existing techniques remain domain-specific and 

rely on complex reconstruction or limited correlation modeling. There remains a clear 

need for a generalized, energy-efficient, and memory-optimized compression 

framework that can exploit spatio-temporal and semantic redundancies across 

heterogeneous sensor data. Addressing this gap provides the foundation and 

motivation for the research framework developed in the subsequent chapters. 

2.7 Machine-Learning and Autoencoder Methods  

The growing availability of computational resources and sensor data has led 

to increasing exploration of machine learning (ML) and data-driven methods for 

compression. Unlike classical approaches, which rely on predefined statistical 

models, ML-based methods can learn patterns and redundancies directly from data, 

enabling more adaptive compression across heterogeneous sources. 

Jayasankar et al. (2021) provided a broad survey categorizing compression 

methods by coding scheme, data type, and application domain. Their analysis 

highlighted a clear trend: recent approaches increasingly incorporate machine 

learning to balance compression ratio, data fidelity, and computational cost, 

particularly in complex IoT environments. 

Specific techniques have demonstrated the potential of ML-driven 

compression in diverse domains. Guo et al. (2019) proposed a fast randomized 

Singular Value Decomposition (SVD) framework for nuclear magnetic resonance 

(NMR) datasets, applying Hadamard-based sketching before SVD to accelerate 

compression and inversion while maintaining accuracy. Zhao et al. (2018) developed 

an on-chip neural compression framework based on compressed sensing with sparse 

matrices, showing that ML-inspired methods can be mapped into hardware for 

practical deployment. Malhotra and Singh (2021) advanced this integration further 

by implementing decision tree classifiers on FPGA to selectively trigger 

compression, demonstrating how lightweight ML models can support hybrid 

hardware algorithm pipelines for energy savings. 
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 While machine-learning based methods show considerable promise 

achieving high compression ratios and reducing transmission costs they often depend 

on offline training and lack guarantees on worst-case latency or resource use. This 

makes them less suitable for ultra-constrained, real-time deployments typical of 

WSNs and IoT platforms. These limitations highlight the need for lightweight, real-

time semantic preprocessing layers that can adaptively guide compression without 

the computational burden of large ML models. Addressing this gap forms one of the 

central objectives of this thesis. 

2.8 Application-Specific and Emerging Solutions  

Beyond general-purpose codecs, a range of emerging solutions have been 

tailored to specialized domains and application specific requirements. These works 

illustrate how compression can be optimized for particular workloads, hardware 

environments, or communication pipelines. 

In the area of high-throughput hardware design, Bruni and Johansson (2020) 

developed DPTC, a configuration-free FPGA-based trace compressor operating at 

400 MS/s. Their method applied difference prediction and packed groups of four 

samples into 32-bit words, achieving 4-5 bits per sample within a low-latency, 

VHDL-optimized architecture. This demonstrated the feasibility of achieving 

compression at extreme sampling rates with minimal overhead. 

For wireless sensor networks, Mishra et al. (2022) compared RLE, Adaptive 

Huffman, and LZ4 across real-world datasets, analyzing trade-offs between 

compression ratio and energy consumption. Their findings showed that while LZ4 

offered stronger ratios, RLE remained the most energy efficient, positioning it as a 

practical choice for edge-sensor pipelines where energy budgets dominate. 

Compression has also been combined with security and hybrid optimization 

frameworks. Liu et al. (2021) proposed a multi-stage pipeline that integrated LZW 

and Huffman compression with Physical Unclonable Function (PUF)-based key 

generation. Their hardware-assisted design achieved 473 Mbps throughput and a 

compression ratio of 0.558, while simultaneously providing resilience against cloning 

attacks an example of compression coupled with cryptographic robustness. Similarly, 

Oswald and Sivaselvan (2018) explored hybrid pattern-mining and clustering 

pipelines combined with RLE and Huffman coding, reporting compression 

improvements between 18% and 751% relative to single-method baselines. 

In the context of next-generation communication systems, Lee et al. (2019) 

proposed an FPGA-compatible IQ compression scheme for LTE and 5G fronthaul 

links. Their design used cyclic prefix/suffix adjustments, decimation, bit-width 

truncation, and partial Huffman coding to achieve nearly 4× compression with only 
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an approximately 2% increase in Error Vector Magnitude (EVM). This demonstrated 

that compression could be tightly integrated into fronthaul pipelines without 

significantly affecting signal integrity. 

Taken together, these studies illustrate how application-specific designs can 

deliver impressive domain-level gains, whether in terms of energy efficiency, 

hardware throughput, or integration with security and communication standards. 

However, they are often monolithic and tightly coupled to particular datasets or 

platforms, limiting generalizability. This underscores the need for a modular, 

ontology-aware compression framework that can flexibly adapt across heterogeneous 

environments a central direction pursued in this thesis. 

2.9 Overall Synthesis 

Overall, the surveyed literature demonstrates the evolution of compression 

research from its theoretical foundations and classical codecs to standardized formats, 

hybrid pipelines, domain-specific methods, and, more recently, AI-driven 

approaches. These studies highlight significant progress in enhancing compression 

efficiency, computational performance, and application-oriented customization. 

At the same time, they also expose persistent limitations: inadequate support 

for stringent memory and energy constraints in WSNs, trade-offs between throughput 

and memory usage in hardware-oriented platforms, and the absence of lightweight 

semantic integration in many modern frameworks. Taken together, these recurring 

challenges underscore the unresolved issues in the field. The next chapter 

consolidates these observations into well-defined research gaps, which form the 

foundation for articulating the objectives of this thesis. 

2.10 Research Gaps 

Despite extensive progress in the field of data compression, significant 

limitations remain when these techniques are applied in real-world, resource-

constrained environments. The existing body of work demonstrates strong advances 

in compression ratio, algorithmic efficiency, and domain-specific optimization, yet 

recurring challenges such as high memory demands, limited adaptability, fragmented 

hybrid designs, and inadequate consideration of energy and latency persist. These 

shortcomings hinder the seamless deployment of compression in IoT, wireless sensor 

networks (WSNs), and embedded platforms. To address these challenges 

systematically, the following research gaps are identified, each of which directly 

motivates the objectives of this thesis. 

 



40 
 

2.10.1 Context-Agnostic Encoding 

 

Most compressors from classical Huffman and LZW to modern Zstd, Brotli, 

and LZ4 apply uniform strategies regardless of whether the input data is 

smooth, bursty, or periodic. This “one-size-fits-all” approach limits efficiency, 

as different signal patterns demand specialized coding strategies. 

 

2.10.2 Memory–Throughput Trade-Off 

 

High-performance hardware codecs deliver hundreds of Mbps throughput but 

require tens of kilobytes of RAM, which exceeds the sub-16 KB memory 

budgets of many IoT motes. On the other hand, ultra-lightweight schemes fit 

within kilobyte footprints but offer only modest compression and lack 

adaptability to diverse data. 

 

2.10.3 Fragmented Hybrid Solutions 

 

Hybrid pipelines (e.g., BWT→RLE→Huffman, or Zstd→LZ4HC) can 

significantly boost ratios. However, existing studies configure these manually 

for specific datasets. No unified framework exists for automatically adapting 

multi-stage pipelines across heterogeneous data types. 

 

2.10.4 Ad-Hoc Semantic Preprocessing 

 

Domain-aware preprocessing such as Arabic text normalization or ECG 

feature extraction has shown substantial benefits, but remains task-specific. A 

generalizable, ontology driven preprocessing framework is lacking to guide 

compressors toward the most informative segments of data. 

 

2.10.5 Narrow Evaluation Metrics 

 

Most research emphasizes compression ratio while neglecting latency, energy 

consumption, and memory footprint. For real time IoT deployments, 

compression gains are irrelevant if they come at the cost of prohibitive delays 

or excessive power draw. 

 

2.10.6 Siloed Benchmarks 

 

Benchmark datasets are often siloed by modality focusing on text, images, or 

sensor traces in isolation. Without unified testbeds that combine smooth 

signals, noisy bursts, periodic streams, and multilingual data, it is impossible 

to compare compressors fairly across use cases. 
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2.10.7 Limited On-Device Intelligence 

 

Recent ML-based compressors and autoencoder schemes achieve impressive 

results offline, but depend on heavy training and lack worst-case performance 

guarantees on constrained hardware. Few approaches exploit lightweight, real-

time classifiers or anomaly detectors to dynamically select the most efficient 

codec for current data. 

Together, these gaps reveal that existing methods are either too generic, too 

resource-hungry, or narrowly optimized. What is missing is a unified, context-aware 

framework that balances compression efficiency with memory, speed, and 

adaptability in resource constrained environments. This thesis addresses that need by 

combining semantic preprocessing, residual and hybrid coding, and AI-assisted 

hardware implementations into a coherent compression architecture. 

In this chapter, a comprehensive review of data compression research has 

been presented, spanning from the classical foundations of Shannon’s entropy and 

early codecs to contemporary advances in standard formats, hybrid methods, and AI-

integrated approaches. Special attention has been given to compression in constrained 

environments such as wireless sensor networks and IoT platforms, where memory, 

energy, and real-time operation pose unique challenges. Across these works, it is 

evident that each generation of techniques prioritized different objectives 

compression efficiency, speed, adaptability, or hardware feasibility yet no single 

approach fully addresses all the requirements of modern embedded and data-intensive 

systems. On the basis of these identified gaps, the objectives of the thesis were 

formulated, which in turn shaped the methodology. The next chapter presents the 

methodological framework developed to address these gaps. 
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CHAPTER 3 

 

METHODOLOGY 

This chapter builds on the research gaps discussed earlier and sets out the 

framework developed to tackle the shortcomings of existing compression methods. 

The approach combines semantic preprocessing, residual and hybrid coding 

strategies, and lightweight AI-assisted modules, all designed with the strict memory, 

energy, and processing limits of Wireless Sensor Networks (WSNs) and IoT devices 

in mind. The discussion begins with the overall design philosophy and workflow, and 

then moves on to describe the algorithmic framework, the datasets used, the 

evaluation metrics, and the implementation details. Each part of the methodology is 

closely linked to the challenges identified in the review, ensuring that the solutions 

are firmly grounded in the problems they are meant to address. 

 

3.1 Research Design 

The research was organised into six sequential phases, each addressing a 

specific objective and building upon the outcomes of the previous stage. This 

structured progression ensured a logical flow from baseline benchmarking to the 

development of domain-aware, hybrid, and hardware-assisted compression 

frameworks. The overall design is exploratory, developmental, and experimental: the 

exploratory stage involved benchmarking existing algorithms on diverse datasets, the 

developmental stage focused on designing novel compression frameworks, and the 

experimental stage validated these approaches through simulations and FPGA-based 

implementations. Together, these phases ensured that the contributions of this thesis 

are both scientifically rigorous and practically deployable. The sequential flow of the 

six phases is illustrated in Figure 3.1, which provides a visual overview of how the 

research progressed from baseline benchmarking to advanced hardware-assisted 

frameworks. 
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Fig.3.1: Sequential Flow of the Research Methodology across Six Phases 

 

3.2 Methodological Phases 

 

The research advanced in six connected phases, where the outcome of each 

stage shaped the direction of the next. This design ensured a smooth flow from 

benchmarking existing techniques to the development of syntactic refinements, 

semantic-driven methods, hybrid pipelines, residual-based frameworks, and finally 

hardware-assisted solutions. A concise overview of these phases is provided below, 

with detailed methods and results discussed in Chapters 4 to 9. 

 
Phase I: Baseline Benchmarking 

The study began with a comprehensive baseline analysis of standard 

compression algorithms such as RLE, Huffman, LZW, Zstd, LZ4, and LZMA. 

These were evaluated on diverse datasets, including sensor logs, synthetic traces, 

and multilingual text. This phase established reference points for compression 

ratio, throughput, and latency, while also highlighting the limitations of off-the-

shelf methods in IoT and WSN environments. 
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Phase II: Syntactic Compression (Time-Efficient Dictionary-Based) 

To address these gaps, the second phase introduced a syntactic refinement in the 

form of LZWP, a dictionary-based scheme optimised for throughput. By 

modifying dictionary update policies, LZWP achieved faster operation without 

major sacrifices in compression ratio. This phase demonstrated that classical 

compressors could be reshaped for resource-constrained platforms by improving 

efficiency at the syntactic level. 

 

Phase III: Semantic Compression (Ontology-Driven) 

Building on this, the third phase shifted focus from syntax to semantics. 

Healthcare data was normalised into RDF triples, while WSN readings were 

grouped with lightweight ontologies. A specialised method, OntoRLE, combined 

ontology-guided clustering with run-length encoding. This approach showed 

that embedding semantic knowledge into the pipeline could significantly 

improve compressibility while retaining contextual meaning. 

 

Phase IV: Hybrid Compression Pipelines 

The fourth phase combined insights from syntactic and semantic methods by 

designing multi-stage pipelines such as Zstd→LZ4HC. These were applied to 

Indic-language corpora and IoT text streams, demonstrating that carefully 

composed cascades could provide a better trade-off between compression ratio, 

speed, and decompression efficiency than single techniques. 

 

Phase V: Residual–Canonical Framework (MOR-ALDC) 

With the hybrid approach established, the fifth phase turned to WSN-specific 

optimisation. MOR-ALDC combined residual transformation, which captures 

temporal redundancy, with canonical Huffman coding to minimise memory and 

computation overhead. This framework was tailored to sensor networks where 

energy and memory are scarce, complementing the general-purpose hybrids of 

Phase IV. 

 

Phase VI: AI-Guided FPGA and Edge Framework 

The final phase focused on deployment. A lightweight AI decision module was 

developed to determine when compression should be applied, balancing 

computation cost with bandwidth and energy savings. MOR-ALDC was 

implemented in VHDL and tested on FPGA hardware, confirming that adaptive, 

energy-aware compression could operate in real time at the edge. 

 

Together, these six phases form a connected research flow: starting with 

benchmarking, moving into syntactic refinements, semantic enrichment, and hybrid 

pipelines, then advancing to residual-based optimisation, and finally proving 

feasibility through AI-guided FPGA deployment. 
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3.3 Experimental Setup 

 

The experimental setup was planned to include a wide range of codecs so that 

the evaluation would be both fair and comprehensive. Standard and well-known 

algorithms were first considered to establish reliable benchmarks. In addition, the 

study incorporated several advanced and customized approaches, such as LZWP, 

MOR-ALDC, AIoT MOR-ALDC, OntoRLE, and hybrid pipelines, each representing 

different design philosophies. Bringing these methods together allowed for a 

balanced comparison between conventional techniques and the proposed 

frameworks, highlighting both their strengths and limitations. All experiments were 

carried out under consistent protocols for dataset preparation, timing, memory 

profiling, and performance assessment to ensure reproducibility and meaningful 

results. 

 

3.3.1 Tools & Environments 

 

A Python-based benchmark harness was developed to systematically evaluate 

each codec. The framework automatically supplied input data to the compressors, 

measured encoding and decoding times, monitored memory usage, and recorded 

performance metrics such as compression ratio, throughput, and resource utilization 

for subsequent analysis. 

 

Algorithm prototyping for semantic compression was carried out in 

MATLAB, while ontology-based preprocessing frameworks were designed using 

Protégé. Packet-level IoT traffic traces were collected and analysed using standard 

packet capture tools (e.g., Wireshark). All software-based experiments were executed 

on standard personal computing environments available during the course of the 

research. For hardware validation, compression kernels based on residual 

transformation and canonical Huffman coding were implemented in VHDL and 

synthesized using Xilinx Vivado/Vitis on a Zynq-7020 FPGA board. This setup 

enabled a complete software–hardware evaluation of the proposed methods under 

realistic constraints. 

 
3.3.2 Datasets 

 

 
A diverse set of datasets was used to ensure that the proposed compression 

techniques were evaluated across both controlled synthetic cases and real-world 

applications. Each dataset was chosen not only for its availability but also for its 
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ability to stress-test specific aspects of the proposed framework. The datasets are 

described below: 

(i)  English text corpora:  

Standard benchmark collections, including the Canterbury Corpus and the 

Calgary Corpus, were employed. These corpora contain representative English 

text, source code, and document files of varying sizes and are widely used in 

compression research. They were selected to provide a standard baseline for 

evaluating compression ratio and speed against widely recognized reference 

material. 

(ii) Hindi Text Corpora:  

Devanagari-encoded Hindi stories were compiled from publicly available online 

sources. To evaluate scalability, the corpus was prepared in three representative 

sizes-145 KB, 1.6 MB, and 13 MB capturing small, medium, and large 

workloads. These datasets were designed to assess how well the compression 

schemes handle redundancy patterns distinct from English text, thereby testing 

their robustness across languages. 

(iii) Hindi Bible Dataset: 

 The publicly available Hindi Bible Dataset (Verma, 2021) was obtained from 

Kaggle. This dataset provides continuous text in Hindi and offers a standardized 

benchmark for evaluating compression performance on structured multilingual 

corpora. 

(iv) Healthcare streams:  

 

Twenty patient-monitoring logs from Kaggle (Sudarshan, accessed 2023) were 

used for ontology-driven compression experiments. The dataset includes patient-

related information such as visits, health camps attended, daily activities (e.g., 

blood pressure, heart rate monitoring), and treatment records. Its hierarchical 

structure makes it suitable for ontology-based modeling and semantic 

preprocessing. This dataset was selected to validate the ability of the framework 

to handle temporal healthcare data, a domain where data integrity and semantics 

are especially critical. 

 

(v) Synthetic sensor signals:  

Artificial datasets were generated to model smooth, bursty, and noisy signal 

patterns. These were used to deliberately stress-test the classification and 

adaptability of the framework under controlled conditions, ensuring that the 

algorithms can handle diverse real-world signal dynamics. 
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(vi)     Wireless sensor traces:  

Real-world WSN data was obtained from the Intel Berkeley Research Lab (Intel 

Lab, accessed 2025) and the UCI Air Quality repository (De Vito et al., accessed 

2025). These datasets represent common environmental monitoring workloads. 

They were selected to validate the practical feasibility of the proposed methods 

in realistic sensor network deployments, where energy and memory constraints 

are strict. 

(vii)     Multilingual concept graph:  

The AGROVOC Thesaurus (Food and Agriculture Organization, 2023) was 

incorporated as a structured multilingual ontology to guide semantic 

preprocessing and concept-based clustering of sensor and textual data. 

AGROVOC includes over 41,000 concepts with semantic linkages. This 

resource was chosen to demonstrate ontology-driven compression, allowing 

evaluation of semantic clustering methods for structured multilingual and cross-

domain datasets. 

(viii) Edge (packet-level) dataset:  

For the edge-computing experiments (Paper 4), a packet-level dataset was 

generated experimentally rather than drawn from an existing repository. 

Network traffic was captured using Wireshark to record realistic IoT 

transmissions across a small testbed of devices; a representative Wireshark 

screenshot verifying the capture procedure is included as Figure 5.1. The 

collected packets were grouped into four categories to cover a range of IoT 

applications: 

a) Image data: representing surveillance and healthcare imaging, where 

fidelity is crucial. 

b) Sensor data: representing real-time machine-to-machine telemetry 

typical of IoT. 

c) Financial data: representing high-integrity transactional streams where 

strict losslessness is essential. 

d) Textual data: representing logs and communication streams, often 

semi-structured or unstructured. 

This dataset was selected to mirror the heterogeneity of IoT workloads and test 

the framework across multimedia, environmental, financial, and communication 

domains. 

Together, these datasets provide a comprehensive platform for evaluation. By 

combining standard text corpora, multilingual datasets, synthetic and real-world 

sensor traces, healthcare records, structured ontologies, and experimentally generated 

IoT packet data, the framework was tested under diverse conditions ranging from 

controlled benchmarks to heterogeneous real-world workloads. This diversity 
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ensures that the proposed methods are assessed not only for compression ratio, but 

also for scalability, adaptability, and feasibility in practical deployment scenarios. 

3.3.3 Timing protocol  

Compression timings were recorded using the Python implementation with a 

high-resolution wall-clock timer (time.perf_counter()). Each reported value is the 

arithmetic mean of five independent runs and, unless stated otherwise, includes the 

preprocessing step and the encoding pass. Timings exclude network transfer and any 

delays beyond local file input/output (I/O). The corresponding system and timing 

details are summarized in Table 3.1. 

3.4 Software and Hardware Environment 

 

To ensure reproducibility and consistency, the development and evaluation of 

the proposed compression frameworks were carried out in a structured software and 

hardware environment. Different environments were used across phases, reflecting 

the evolution of the research and the specific requirements of each study. 

 

 

3.4.1 Programming Environment and Libraries: 

 

Python 3.12 served as the primary platform for implementing and benchmarking 

compression algorithms. Libraries included NumPy, Pandas, Matplotlib, and codec 

implementations such as zlib, LZ4, Zstandard, LZMA, Brotli, and bzip2. Machine 

learning modules (Random Forest, Isolation Forest, and Logistic Regression) were 

implemented using scikit-learn. These libraries ensured coverage of both classical 

and contemporary codecs. 

 

3.4.2  IDE & Development Environments: 

 

i. PyCharm Professional (2025 Edition): Used for Python-based modules, 

providing debugging, project management, and reproducibility. 

 

ii. NetBeans 8.2 with JDK 8: Used during early prototypes of algorithmic 

modules, especially for ontology-based methods (Papers 2 and 3). 

  

iii. MATLAB R2015b and MATLAB R2023a: Used for simulation and 

validation of semantic and ontological compression models, as well as hybrid 

frameworks. MATLAB facilitated experimentation with residual and 

transform-based techniques. 

 

iv. Protégé 4.3: Employed for ontology modeling in semantic preprocessing and     

compression experiments (Papers 2 and 3). 
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v. Stanford POS Tagger / Parser: Applied for part-of-speech tagging in 

multilingual preprocessing tasks. 

 

vi. WordNet Lexical Database: Used as a supporting thesaurus for semantic 

enrichment and preprocessing in textual and ontology-driven compression. 

 

 

3.4.3 Hardware Acceleration: 

 

        FPGA-related experiments were conducted using Xilinx Vivado 2023.2. The 

MOR-ALDC compression core was written in VHDL and synthesized for the Xilinx 

Zynq-7020 (Artix-7 family) platform. RTL simulation validated correctness prior to 

synthesis and resource utilization analysis. 

 

3.4.4 Edge Testbed and Packet Capture: 

 

 

       For edge-computing experiments, a small IoT testbed with Wi-Fi connectivity 

was used to capture real-time network traffic. Wireshark served as the packet 

analyser, ensuring system operation was unaffected during collection. Captured 

packets represented image, sensor, financial, and textual data, providing realistic IoT 

workloads for evaluation. 

 

 

 

3.5 System Configuration 

 

 

All experiments were carried out on a standardized computing setup to ensure 

reproducibility and fair benchmarking across datasets, algorithms, and frameworks. 

The complete configuration is provided in Table 3.1. 

This configuration was consistently used for all experimental phases, unless 

explicitly stated otherwise in later chapters. 
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Table 3.1: System Environment and Specifications 

Component Specification 

Device Model Custom Build (Device ID: DAE00FCA-A7AD-46AD-

AB687A912ACEAC9D) 

Operating System Windows 11 Home Single Language, Version 24H2 (OS 

Build 26100.4061) 

Processor 13th Gen Intel® Core™ i7-1355U @ 1.70 GHz, 10 Cores / 

12 Threads 

Memory 16 GB RAM (15.7 GB usable) 

Architecture 64-bit OS, x64-based processor 

Programming 

Environment 

Python 3.12 with NumPy, Pandas, Matplotlib, zlib, LZ4, 

Zstandard 

IDE PyCharm Professional 2025 Edition 

FPGA 

Development 

Xilinx Vivado 2023.2; VHDL compression core synthesized 

for Artix-7/Zynq-7020 (Artix-7 family) 

Timing Function Python time.perf_counter() (high-resolution wall-clock 

timer) 

Runs Averaged (N) 5 (arithmetic mean reported; mean ± std where available) 

Measured Times End-to-end, including preprocessing scan and encoding 

 

3.6 Evaluation Metrics 

 

 

The effectiveness of the proposed compression frameworks was evaluated 

using a comprehensive set of metrics. These were selected to capture both classical 

performance measures and resource-aware constraints critical for WSN and IoT 

deployments. The metrics are defined as follows: 

 

 

3.6.1 Compression-Oriented Metrics 

 

(i) Compression Ratio (CR): 

Compression ratio measures the reduction in size achieved by compression. It is 

defined as: 

𝐶𝑅 =
𝑆𝑖𝑧𝑒𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

Sizecompressed
     (3.1) 

 

where 𝑆𝑖𝑧𝑒𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙  andSizecompressed denote the original and compressed file 

sizes, respectively. A higher CR indicates greater compression efficiency. 

 

(ii)  Compression Time (CT):  

 

The total wall-clock time taken by the algorithm to complete compression, 

measured in seconds. Reported values include preprocessing and encoding 
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operations, while excluding delays due to external Input/Output (I/O) operations 

such as network transfer. 

 

 

(iii) Compression Speed (CS): 

This metric quantifies how fast the compression algorithm operates: 

 

CS =
Sizeoriginal

Compression Time
         (3.2) 

 

it is expressed in MB/s. Higher CS values indicate faster performance, which is 

critical for real-time or streaming applications. 

 

(iv) Decompression Speed (DS): 

Decompression speed evaluates the rate at which a compressed file can be 

restored to its original state: 

 

𝐷𝑆 =
Sizecompressed

Decompression  Time
    (3.3) 

 

measured in MB/s, a higher DS reflects faster data recovery, essential for time-

sensitive environments. 

 

(v)  Compression Percentage (CP): 

Compression Percentage quantifies the proportion of storage space saved after 

compression, relative to the original size. It is defined as: 

 

                  𝐶𝑃 =
Sizeoriginal−Sizecompressed 

Sizeoriginal
× 100          (3.4) 

 

 a higher CP value indicates greater memory savings, reflecting the effectiveness 

of the compression scheme in reducing storage or transmission requirements. 

 

 

3.6.2 Error and Quality Metrics 

 

(i) Root Mean Squared Error (RMSE):  

 RMSE is a standard metric for quantifying reconstruction error between original and 

reconstructed (or predicted) signals. For compression experiments in IoT and WSN 

contexts, RMSE is applied to packet-level or data-stream quantities rather than pixel 

intensities. In this thesis we use packet-level RMSE, computed as: 

 

𝑅𝑀𝑆𝐸 =  √
1

𝑁
∑ ( 𝑆̂𝑖 −  𝑆𝑖) 2𝑁

𝑖=1    (3.5) 
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where 𝑆𝑖 is the original (true) size of the i-th packet (bytes), 𝑆̂𝑖 is the reconstructed 

(proposed) packet size after decompression (bytes), and NNN is the number of packets 

in the test set. RMSE is therefore reported in the same units as packet size (bytes). 

Unless otherwise stated, the aggregate RMSE over the full test set is reported. Note 

that the subtraction order inside the square does not affect the result:  

(𝑆̂𝑖 − 𝑆𝑖)2 = (𝑆𝑖 − 𝑆̂𝑖)2 

 

(ii) Peak Signal-to-Noise Ratio (PSNR): 

 

Peak Signal-to-Noise Ratio (PSNR) is a widely used metric in image and signal 

processing to quantify the quality of a reconstructed signal relative to the original. 

Conventionally, it is defined as: 

 

                                  𝑃𝑆𝑁𝑅 = 10𝑙𝑜𝑔10 (
𝑀𝐴𝑋

𝑀𝑆𝐸
)  

  

where MAX denotes the maximum possible pixel or signal value (e.g., 255 for 8-bit 

data), and MSE is the mean squared error between the original and compressed-

reconstructed data. A higher PSNR value indicates better preservation of the original 

signal, with smaller distortion introduced during compression. 

 

Reformulated PSNR for This Thesis 

 

While the conventional PSNR is tailored for multimedia quality assessment, 

the focus of this thesis is on lossless and near-lossless compression efficiency in IoT 

and WSN environments. In such scenarios, the key concern is not pixel-level fidelity 

but rather the trade-off between data size and reconstruction error. Following our 

prior work, PSNR is reformulated as: 

 

                         𝑃𝑆𝑁𝑅 = 10𝑙𝑜𝑔10 (
𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐹𝑖𝑙𝑒 𝑆𝑖𝑧𝑒

𝑅𝑀𝑆𝐸
)           (3.6) 

 

here, the numerator corresponds to the size of the uncompressed data, while the 

denominator is the Root Mean Squared Error (RMSE) between the original and 

reconstructed streams. RMSE is used instead of MSE because it is expressed in the 

same units as the data, making the ratio more interpretable in compression contexts. 

This reformulation emphasizes how effectively the compression scheme reduces 

storage size while keeping reconstruction error minimal an especially relevant measure 

for resource-constrained IoT and edge platforms. 
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3.6.3 Energy and Network Metrics 

 

(i) Energy Consumption (E): 

For embedded platforms, energy was estimated from processing time 

 

𝐸 = 𝑇 × 0.15                                   (3.7) 

 

where E is in millijoules, Tis runtime in seconds, and 0.15 W is the assumed 

microcontroller power draw.  was critical for IoT and WSN evaluation. 

 

 

(ii) Energy Savings (ES%): 

To quantify transmission efficiency, energy savings were defined as: 

 

𝐸𝑆% =
EOriginal  −  𝐸𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑 

𝐸𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙
× 100  (3.8) 

 

where 𝐸𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 and 𝐸𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑   represent the energy required to transmit the 

original and compressed bitstreams, respectively. 

 

 

(iii) Network Lifetime (NL) 

Network lifetime is defined as the total operational time until the first sensor node 

depletes its energy. Mathematically: 

 

                                   NL =  Tfirst_dead                      (3.9) 

 

where  Tfirst_dead denotes the elapsed time (or number of operational rounds) until 

the first node runs out of energy. 

 

 

(iv) Stability Period (SP) 

The stability period is the number of rounds completed before the death of the 

first sensor node. It is expressed as: 

 

                                        SP =  Rfirst_dead          (3.10) 

 

where  Rfirst_dead is the round index at which the first node becomes non-

functional due to energy depletion. 
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3.6.4 Composite Metrices  

 

i. Efficiency Score (ES) 

To capture the overall effectiveness of each algorithm, a composite score was defined. 

The score integrates CR, CS, and DS through min–max normalization and weighted 

aggregation: 

ES= (0.40×𝐶𝑅𝑛𝑜𝑟𝑚 ) + (0.30×𝐶𝑆𝑛𝑜𝑟𝑚) + (0.30×𝐷𝑆𝑛𝑜𝑟𝑚)     (3.11) 

 

where normalization is applied as: 

𝑋𝑛𝑜𝑟𝑚 =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
,     𝑋 ∈ {𝐶𝑅, 𝐶𝑆, 𝐷𝑆}                              (3.12) 

This ensures fair comparison across heterogeneous metrics. The weights prioritize 

compression efficiency (40%) while also accounting for speed (30% each for CS and 

DS). 

 

 

3.7 Memory Metrics for WSN Implementation 

 

 

Efficient use of memory is a critical requirement in Wireless Sensor Networks 

(WSNs) and IoT platforms, where nodes often operate with less than 16 KB of RAM. 

To capture the memory footprint of the proposed compression schemes, two 

complementary measures were used. 

 

 

3.7.1 Peak Working-Set RAM (PWSR): 

 

 

        This represents the highest amount of memory allocated by the compression 

algorithm during its execution. It was measured using Python’s tracemalloc tool, 

which records only the objects created by our code, such as residual buffers, Huffman 

trees, and bit-packing tables. In practice, this value indicates the minimum amount of 

RAM a sensor node must reserve to ensure the codec runs without failure. 

 

                               PWSRpeak =
peaktracemalloc

1024
(KB)   (3.13) 

 

where peaktracemalloc is the maximum allocation reported by tracemalloc (in bytes). 

 

 

3.7.2 Resident-Set Size Delta (RSS Δ): 

 

 

       This measures the overall growth in memory consumption of the process from 
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the beginning to the end of the compression task. It was obtained using the psutil 

library, which also accounts for memory taken by the operating system or underlying 

C libraries. Hence, it represents the worst-case increase in RAM during execution. 

 

                              𝑅𝑆𝑆𝛥 =
𝑅𝑆𝑆𝑎𝑓𝑡𝑒𝑟−𝑅𝑆𝑆𝑏𝑒𝑓𝑜𝑟𝑒

1024
(𝐾𝐵)       (3.14) 

 

where 𝑅𝑆𝑆𝑎𝑓𝑡𝑒𝑟 and 𝑅𝑆𝑆𝑏𝑒𝑓𝑜𝑟𝑒 𝑅𝑆𝑆𝑎𝑓𝑡𝑒𝑟   are the memory readings taken at the start 

and end of execution. 

 

 

       Together, PWSR reflects the internal footprint of the algorithm itself, while RSS 

Δ reflects the system-level overhead. Both values were reported in kilobytes, and lower 

values for each are desirable since they ensure the codec can run on highly resource-

constrained devices with sub-16 KB RAM budgets. 

 

 

       The metrics outlined in this section cover all key aspects needed to judge the 

proposed compression methods—how much data they save, how fast they run, how 

accurately they reconstruct, how much energy and memory they consume, and how 

long they can sustain a sensor network. Using this set of measures ensures that results 

are consistent and comparable across datasets and methods. In the next section, these 

metrics guide the experimental protocol and provide a fair basis for evaluating the 

proposed frameworks. 

 

 

3.8 Implementation Protocol 

 

The proposed methodology was implemented through a structured protocol 

to ensure that experiments were reproducible, fair, and aligned with the research 

objectives. This protocol covered the full cycle of dataset preparation, algorithm 

execution, metric evaluation, and validation, and was applied consistently across all 

phases of the work. 

(i) Dataset Preparation 

 

  The datasets described in Section 3.3.2 were first converted into standard 

input formats. Text corpora were cleaned and tokenized, healthcare logs were 

organized into hierarchical records, and sensor/IoT streams were divided into 

fixed-length windows so that different algorithms could be compared on a 

uniform basis. Synthetic signals were also generated to model-controlled 

behaviours such as smooth, bursty, and noisy patterns. For the edge-based 

experiments, packet-level traces were collected using Wireshark and verified 

through captured screenshots. 
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(ii)  Algorithm Deployment 

 

Reference compressors such as Huffman, RLE, LZW, LZ4, Zstd, LZMA, 

Brotli, and bzip2 were run using Python or system libraries. The proposed 

methods including LZWP, OntoRLE, hybrid pipelines, and MOR-ALDC were 

implemented in Python and MATLAB, with semantic preprocessing supported 

by Protégé, POS tagging, and WordNet resources. 

 

For hardware validation, the MOR-ALDC codec was described in VHDL and 

synthesized on a Xilinx Zynq-7020 (Artix-7 family) FPGA using Vivado 

2023.2. This allowed comparison between flexible software-based 

implementations and efficient hardware realizations. 

 

(iii) Metric Measurement 

 

Performance was assessed using the evaluation metrics detailed in Section 3.4. 

Compression ratio, compression speed, compression time and decompression 

speed were measured automatically through the Python benchmarking harness. 

Reconstruction quality was tested using RMSE and the adapted PSNR metric. 

Energy consumption and savings were estimated using a first-order radio 

energy model. Memory usage was profiled through two complementary tools: 

psutil for system-level resident memory (RSS Δ) and tracemalloc for peak 

working-set RAM (PWSR). For WSN scenarios, network lifetime and stability 

period were also computed using the LEACH framework. 

 

(iv) Validation and Repetition 

 

To minimize the effect of noise from system load or allocator behavior, each 

experiment was repeated several times and average values were reported. 

Cross-dataset testing was carried out to check the generality of each algorithm. 

For the FPGA implementation, RTL simulation was used to confirm 

correctness before synthesis, and post-synthesis analysis reported hardware 

utilization (LUTs, flip-flops, BRAM) and timing performance. 

 

(v)   Documentation and Comparison 

 

All results were carefully recorded in structured tables and visualized using 

graphs for easy comparison. Classical algorithms served as benchmarks, and 

each proposed method was evaluated in terms of its added benefits—whether 

in compression ratio, speed, energy efficiency, memory savings, or hardware 

resource use. 

By following this protocol, the experiments remained consistent and transparent across 

datasets, platforms, and evaluation criteria. It also ensured that both software- and 

hardware-level implementations were validated under realistic constraints, keeping the 

methodology tightly connected to the thesis objectives. 
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3.9 Concluding Remarks 

The methodology outlined above provides a structured foundation for 

evaluating compression techniques across diverse datasets and platforms, ensuring 

reproducibility and fairness. With the experimental framework, evaluation metrics, 

and implementation protocol in place, the stage is now set for the first phase of 

analysis. The following chapter presents baseline benchmarking, where widely used, 

codecs are evaluated to provide a solid point of comparison for the proposed 

approaches. 
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CHAPTER 4 

BASELINE ANALYSIS OF COMPRESSION TECHNIQUES 

The preceding chapter outlined the methodological framework of this study, 

including the datasets, evaluation metrics, and experimental procedures adopted. 

Building on that foundation, this chapter presents a baseline evaluation of widely 

used lossless compression algorithms. The objective is not to propose new methods, 

but to establish a clear reference point against which the performance of the 

techniques developed in later chapters can be measured. 

 

4.1 Introduction  

Establishing a performance baseline is a necessary step before moving on to 

the development of new compression approaches. Lossless compression has been 

studied for decades, with methods ranging from simple redundancy-removal 

techniques to advanced modern codecs designed for speed and large-scale systems. 

Yet, when these algorithms are applied to domains such as Wireless Sensor Networks 

(WSNs) and the Internet of Things (IoT), their effectiveness is not always clear. These 

systems operate under strict resource constraints, where compression methods must 

strike a balance between data reduction and real-time feasibility. 

4.2 Research Objectives 

 

The purpose of this chapter is to present a comparative baseline analysis of 

widely used lossless compression algorithms. Rather than proposing new techniques, 

this study focuses on how existing methods perform under uniform conditions, 

drawing attention to the trade-offs between compression efficiency and speed. 

This analysis plays three important roles in the thesis: 

1) It establishes a reference point for assessing the improvements offered by the 

algorithms proposed in later chapters. 

 

2) It brings out the strengths and weaknesses of widely used codecs, showing the 

compromises that exist between compression ratio and compression speed. 
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3) It reinforces the research gaps identified earlier, illustrating why current 

approaches often fall short in constrained computing environments. 

 

In summary, this chapter sets the stage for the development work that follows. 

By examining what existing methods can achieve and where they fall short it provides 

both the foundation and the motivation for the design of new, more efficient 

compression techniques. 

 

4.3 Experimental Setup 

 

To establish a fair and reliable baseline, it was important to select algorithms, 

datasets, and performance measures that represent both the classical foundations and 

the current state of the art in lossless data compression. The choices were guided by 

two principles: (i) diversity in algorithmic approach, and (ii) relevance of datasets to 

the application domains of this thesis, namely text, multilingual content, and sensor 

data from IoT and WSNs. 

 

4.3.1 Algorithms Considered 

 

Eight representative lossless compression algorithms were selected to cover 

the spectrum from classical to modern approaches (detailed descriptions are already 

provided in Chapter 2). 

a) Classical Codecs - RLE, LZW 

b)   Standard / Established Codecs - DEFLATE (gzip), Bzip2, LZMA 

c) Modern High-Performance Codecs - Brotli, Zstandard (Zstd), LZ4 

This classification ensures that both traditional redundancy-removal methods and 

contemporary high-performance codecs are fairly benchmarked under uniform 

conditions. 

 

4.3.2 Benchmarking Datasets 

 

The benchmarking experiments in this chapter were carried out on three 

categories of datasets, which have already been described in detail in Section 3.2.2. 

To briefly summarize, plain English text corpora of different sizes (≈165 KB, 1.3 MB, 

and 10 MB) were chosen to represent structured single-byte character streams. 
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Alongside these, UTF-8 encoded Hindi text files in the Devanagari script (≈145 KB, 

1.6 MB, and 13 MB) were included to capture the added complexity of multi-byte 

Indic characters and compound glyphs. The third category comprised sensor data, 

drawn from both real-world and synthetic sources. Real traces were taken from the 

Intel Berkeley Lab and UCI Air Quality datasets, while synthetic signals with smooth, 

periodic, bursty, and noisy patterns were generated to emulate typical IoT and WSN 

conditions. This combination of datasets spans both text and time-series domains, 

ensuring that the performance benchmarks reflect a broad and representative range 

of application scenarios. 

 

4.3.3 Evaluation Metrics 

 

For a fair comparison across all algorithms, two standard performance 

indicators were considered. Compression Ratio (CR) and compression speed (CS) 

were computed using the definitions already provided in Section 3.6.1 (Equations 3.1 

and 3.2). CR reflects the efficiency of size reduction, while compression speed 

captures processing speed, expressed in megabyte per second (MB/s). Together, these 

metrics provide a balanced perspective: CR highlights compression efficiency, and 

demonstrates the practicality of an algorithm in real-time and resource-constrained 

environments such as IoT and edge computing. 

 

4.4 Performance Results on Benchmark Datasets 

 

To assess codec performance in a fair and representative manner, three 

categories of data were considered: English text corpora, sensor streams, and Hindi 

text corpora. Together, these datasets cover both structured and unstructured content, 

as well as single-byte and multi-byte scripts, providing a balanced basis for 

comparison. The detailed results for each dataset type are presented in the subsections 

that follow. 

 

4.4.1 Results on English Text Corpora 

 

Table 4.1 reports the compression ratio and CS achieved by different algorithms on 

small, medium, and large English text files 
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Table 4.1:  Baseline Compression Performance on English Text Corpora 

Compressor             CR 

(Small / Medium / Large) 

           CS(MB/s) 

(Small / Medium / Large) 

RLE 0.511 / 0.520 / 0.512 4.30 / 5.07 / 5.19 

LZW 2.927 / 3.454 / – 0.22 / 0.05 / – 

DEFLATE (gzip) 2.848 / 2.675 / 2.621 11.86 / 9.85 / 10.25 

Bzip2 3.615 / 3.429 / 3.493 10.45 / 9.75 / 10.06 

LZMA 3.204 / 3.195 / 3.588 2.08 / 1.64 / 0.57 

Brotli 2.932 / 2.937 / 3.002 13.00 / 13.59 / 11.66 

Zstd 2.923 / 2.877 / 2.967 26.31 / 35.99 / 35.51 

LZ4  2.430/ 2.311 / 2.288 15.64 / 9.40/ 12.82 

 

The results in Table 4.1 highlight the contrast between algorithms that 

maximize compression efficiency and those optimized for speed. Bzip2 consistently 

achieved the highest ratios, averaging close to 3.6× across all file sizes, but its CS 

was limited to about 10 MB/s. LZMA also produced strong ratios, but its performance 

deteriorated with scale, dropping below 1 MB/s on large files, making it suitable only 

for archival tasks. At the other extreme, LZ4 offered much faster CS in the range of 

9–16 MB/s but with lower compression, around 2.3–2.4×, showing that speed was 

achieved at the cost of efficiency. RLE, as expected, provided no real reduction, and 

LZW, while initially effective in ratio, collapsed in speed on larger inputs. 

Between these extremes, modern codecs provided more balanced trade-offs. 

Zstandard (Zstd) stood out as the most versatile, delivering ratios near 3× while 

sustaining CS above 25 MB/s, peaking at 36 MB/s on large files. Brotli and 

DEFLATE (gzip) provided moderate but reliable results, with ratios of around 2.7–

3× and CS between 10–13 MB/s. Overall, the findings show that traditional 

dictionary and entropy coders are limited in either speed or efficiency, whereas Zstd 

demonstrates the strongest balance, making it more suitable for environments such as 

IoT and WSN nodes where both compression and responsiveness are critical. 

4.4.2 Results on Sensor Streams 

 

Table 4.2 presents the baseline performance of the selected codecs on three 

representative sensor data sources: the Air Quality (AirQ) dataset, the Intel WSN 
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traces, and a synthetic dataset with controlled signal patterns. The results are reported 

in terms of CR and CS, allowing a comparison of efficiency and speed across different 

types of sensor streams. 

 

Table 4.2: Baseline Compression Performance on Sensor Streams 

Compressor              CR  

(AirQ / Intel / Synth) 

         CS (MB/s) 

 (AirQ / Intel / Synth) 

RLE 0.562 / 0.523 / 0.541 2.87 / 2.54 / 5.25 

LZW 2.221 / 0.902 / 1.976 0.02 / 0.43 / 0.01 

DEFLATE (gzip) 2.905 / 1.408 / 2.632 11.14 / 3.36 / 5.25 

Bzip2 3.832 / 1.290 / 2.981 12.52 / 1.25 / 3.39 

LZMA 3.887 / 1.095 / 2.981 1.94 / 0.02 / 1.62 

Brotli 3.338 / 1.586 / 2.665 19.52 / 0.28 / 6.12 

Zstd 3.313 / 1.445 / 2.653 49.95 / 1.61 / 24.65 

LZ4 2.435 / 0.986 / 2.011 13.65 / 3.64 / 8.04 

 

The benchmarking results on sensor streams show just how much the nature 

of the data affects compressibility. For the Air Quality dataset, which has relatively 

structured readings, Bzip2 and LZMA achieved the strongest compression ratios, 

both around 3.8–3.9×. However, their speeds were very different: Bzip2 reached 

about 12.5 MB/s, while LZMA slowed to under 2 MB/s, making it less practical for 

live applications. Zstd offered the best overall balance, with a ratio of 3.3× and by far 

the highest CS (~50 MB/s), followed by Brotli at 19.5 MB/s. DEFLATE and LZ4 

delivered only moderate ratios (≈2.4–2.9×) but ran at 11–13 MB/s, making them more 

useful where speed matters more than maximum reduction. 

On the Intel dataset, which consists of noisier and less regular sensor readings, 

compression proved much harder. Ratios stayed below 1.6× for most algorithms, with 

only Brotli and Zstd performing slightly better. CS was also inconsistent: DEFLATE 

and LZ4 were reasonably fast (≈3–4 MB/s), but Brotli and Zstd slowed sharply, and 

LZMA dropped to almost unusable levels (~0.02 MB/s). These results underline the 

fact that highly irregular WSN traces are inherently less compressible, and general-

purpose codecs struggle in this domain. 

The synthetic dataset, designed with controlled signal patterns, produced 

more favourable outcomes. Bzip2 and LZMA again reached ratios around 3.0×, but 
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Zstd proved most effective overall, combining a competitive ratio (2.65×) with the 

fastest CS (~25 MB/s). Brotli followed with 6 MB/s and ratios near 2.7×, while LZ4 

maintained higher speed (~8 MB/s) but compressed less strongly (≈2.0×). 

Taken together, these results confirm a recurring trend: traditional codecs such 

as Bzip2 and LZMA deliver high ratios but are slowed by heavy computation, while 

modern methods like Zstd and Brotli provide better trade-offs between efficiency and 

speed. The sharp variation across Air Quality, Intel, and synthetic signals highlights 

the challenge of identifying a single codec that works well across all sensor data 

types. This gap underscores the need for domain-aware and hybrid compression 

approaches, which form the focus of the later phases of this thesis. 

4.4.3 Results on Devanagari-Encoded Hindi Text 

Table 4.3 reports the performance of the codecs on Hindi text encoded in the 

Devanagari script (UTF-8). The results, given in terms of Compression Ratio (CR) 

and CS, illustrate the additional challenges of compressing multi-byte Indic 

characters compared to single-byte English text. 

Table 4.3 Baseline Compression Performance on Hindi Text (UTF-8, Devanagari) 

Compressor CR  

(Small / Medium / Large) 

CS (MB/s)  

(Small / Medium / Large) 

RLE 0.505 / 0.506 / 0.506  7.42 / 7.14 / 3.11 

LZW 2.976 / 3.005 / –  0.92 / 0.02 / – 

DEFLATE (gzip) 4.511 / 4.477 / 5.391  12.11 / 5.53 / 6.86 

Bzip2 6.003 / 7.240 / 8.700  11.87 / 8.52 / 8.81 

LZMA 5.021 / 6.501 / 8.425  2.09 / 1.06 / 0.88 

Brotli 4.480 / 4.802 / 5.825  15.80 / 13.96 / 15.68 

Zstd 4.391 / 4.590 / 5.540  49.40 / 37.94 / 37.41 

LZ4 3.594 / 4.116 / 4.923  13.48 / 3.00 / 4.71 

 

The results in Table 4.3 show that Devanagari-encoded Hindi text allows for 

higher compression ratios compared to English corpora, but CS varies widely. Bzip2 

achieved the strongest ratios, rising from 6× on small files to more than 8× on large 

corpora, though its speed remained modest (8-11 MB/s). LZMA showed similar 

strength in ratio but became prohibitively slow (<1 MB/s for most cases), making it 

unsuitable for real-time applications. Classical methods performed inconsistently: 

LZW compressed effectively on small and medium data but at near-zero speed, while 

RLE offered virtually no savings. LZ4 also underperformed in this domain, with ratios 

of only3.5-4.9× and unstable CS. 
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In contrast, modern codecs offered more practical trade-offs. Brotli maintained 

ratios near 4.4-5.8× with moderate CS, while Zstandard (Zstd) combined similar ratios 

with outstanding speed, scaling from 49 MB/s on small files to nearly 37.41 MB/s on 

large corpora. DEFLATE provided stable but mid-range performance (~4.5× at ~12 

MB/s). Taken together, the results confirm that traditional codecs either maximize 

compression or speed but not both, whereas Zstd offers the most balanced performance 

for Indic text. These findings strengthen the case for developing hybrid and semantic-

aware frameworks, which are explored in later chapters of this thesis. 

4.5 Discussion 

The baseline evaluation across English text, sensor streams, and Hindi text 

highlights both recurring patterns and domain-specific challenges. For English 

corpora, the results were largely as expected. Fig. 4.1 and 4.2 show that traditional 

codecs such as Bzip2 and LZMA achieved strong compression ratios, but this came at 

the expense of significantly slower speeds. In contrast, lightweight methods such as 

LZ4 compressed much faster but provided only modest reductions. Among the modern 

codecs, Zstandard (Zstd) consistently delivered the most balanced performance, 

maintaining ratios close to 3× while sustaining very high compression speeds. These 

findings indicate that while general-purpose text codecs can be effective, their 

suitability in constrained environments ultimately depends on how they trade off 

compression efficiency against processing speed. 

 

 

For sensor data, the outcomes were more mixed, as illustrated in Fig. 4.3 and 

4.4. While structured synthetic signals compressed reasonably well, noisy real-world 

 
Fig. 4.1: Compression Ratios (CR) of 

top four compressors across English text 

corpora (Small, Medium, Large) 

 
Fig. 4.2: Compression Speeds (CS) of 

top four compressors across English text 

corpora (Small, Medium, Large) 
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traces such as those from the Intel Lab proved difficult to reduce, with most algorithms 

achieving ratios barely above unity. Even codecs that performed strongly on text, such 

as Brotli and Zstd, either slowed considerably or lost efficiency on these datasets. This 

highlights a fundamental challenge: sensor workloads are highly irregular, and 

general-purpose codecs are often not optimized to cope with the strict energy, memory, 

and speed constraints of IoT and WSN devices. 

 

 
 

Fig. 4.3: Compression Ratios (CR) of top 

four compressors on Sensor datasets 

(AirQ, Intel, Synthetic) 

 
Fig. 4.4: Compression Speeds (CS) of 

top four compressors on Sensor 

datasets (AirQ, Intel, Synthetic) 

 

 

For Hindi text corpora, compression ratios were substantially higher than for 

English due to the multi-byte nature of the Devanagari script. However, this advantage 

was offset by inconsistent compression speeds. As shown in Fig. 4.5 and 4.6, Bzip2 

and LZMA produced excellent ratios reaching up to 8–9× on large files but were too 

slow for real-time applications. Similarly, LZW showed inconsistent behavior, 

working effectively for smaller files but collapsing in performance for larger inputs. 

Once again, Zstd emerged as the most practical option, combining ratios above 5× with 

speeds approaching 40 MB/s, demonstrating its adaptability to different linguistic 

contexts. These observations highlight the need for codecs that can efficiently manage 

complex scripts without sacrificing responsiveness. 
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Taken together, the findings confirm that no single existing codec performs 

well across all domains. Standard and classical methods either Favor compression or 

speed, while modern approaches often rely on large memory buffers and 

computational power that are not available in low-resource devices. This gap 

underscores the importance of designing new frameworks that deliberately balance 

efficiency, speed, and resource usage. 

 

4.6 Concluding Remarks 

 

This baseline study provided a reference point for evaluating widely used 

lossless compression algorithms across text and sensor data. While the results 

established clear benchmarks, they also revealed several gaps: the inability to balance 

speed and compression ratio, the poor adaptability of codecs to non-Latin scripts, and 

the limitations of existing methods on noisy sensor streams. These shortcomings 

motivate the advanced approaches developed in the subsequent chapters: optimized 

dictionary-based methods (Chapter 5), semantic and hybrid pipelines (Chapter 6 and 

7), residual and canonical Huffman techniques (Chapter 8), and FPGA-accelerated 

frameworks for AIoT deployments (Chapter 9). In this way, the experimental gaps 

identified here directly shape the trajectory of the thesis. 
 

 

 

  

 
 

Fig. 4.5: Compression Ratios (CR) of top 

four compressors across Hindi text 

corpora (Small, Medium, Large) 

 

 
 

Fig. 4.6: Compression Speeds (CS) of 

top four compressors across Hindi text 

corpora (Small, Medium, Large) 
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CHAPTER 5 

 

TIME EFFICIENT DICTIONARY BASED COMPRESSION 

(LZWP) 

5.1 Introduction 

 Dictionary methods are a foundational class of lossless compressors and 

LZW is among the most widely used due to its simplicity and effectiveness on 

repetitive inputs. However, in streaming and edge contexts the runtime cost of 

dictionary maintenance and lookup can make standard LZW impractical. This chapter 

documents LZWP a time-efficient variant of LZW developed as Phase II of this 

thesis which trades a small one-time preprocessing pass for substantially reduced 

encoding time in the main compression pass. The method, implementation choices, 

and experimental evidence shown here directly address the dictionary-overhead 

bottleneck identified in Chapter 4. 

5.2 Research Objectives 

 

The specific objectives of this chapter, corresponding to Phase II of the research 

methodology, are as follows: 

1. Design a lightweight preprocessing strategy that identifies the most frequent 

byte symbols and builds a compact, high-utility initial dictionary tailored to the input. 

 

2. Integrate the preprocessed dictionary with the standard LZW encoder so that 

the main encoding pass executes with lower per-symbol overhead while maintaining 

a comparable compression ratio (CR). 

 

5.3 Experimental Setup -Datasets & Metrics 

In this phase, the evaluation of LZWP focused on the English text corpora 

from the benchmark suite described in Chapter 3. These files represent structured 

single-byte character streams Using the same text corpora ensures that the 

improvements of LZWP can be compared directly against the standard LZW 

implementation under identical conditions. Performance was assessed using the two 

standard evaluation metrics defined earlier in the thesis: Compression Ratio (CR), 
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which measures compression efficiency, and compression time (CT)which measures 

processing time.  

The only modification to the setup is that LZWP requires an additional 

preprocessing pass before encoding. This introduces a buffered two-pass mode, the 

details of which are explained in Section 5.6. 

5.4 Method: LZWP (Preprocessing + Standard LZW) 

The standard LZW algorithm begins with a full dictionary of all single-byte 

symbols and then expands the dictionary dynamically during encoding. While this 

works well in principle, it also means the compressor repeatedly manages entries for 

symbols that may never appear, adding unnecessary lookup and update costs. In 

practice, text files typically exhibit skewed distributions where only a subset of 

characters occurs frequently. 

The key idea in LZWP is to exploit this skew by inserting a short 

preprocessing step before encoding. A single scan of the input is used to count symbol 

frequencies, and the initial dictionary is then reordered and trimmed so that it contains 

only the most frequent symbols. Once this tailored dictionary is in place, the rest of 

the encoding proceeds exactly like standard LZW. This simple modification 

significantly reduces lookup overhead while leaving the core mechanics of LZW 

unchanged. 

5.4.1 LZWP Algorithm 

The proposed LZWP method consists of a short preprocessing phase followed 

by standard LZW encoding. In the preprocessing phase, the input is scanned once to 

record symbol frequencies. Symbols are then sorted by descending frequency, and 

the most frequent ones (up to 255 entries) are retained to form the initial dictionary. 

The encoding phase proceeds exactly like LZW, but initialized with this frequency-

ordered dictionary, thereby reducing lookup and update overhead. 

▪ Illustrative Example: “TOBEORNOTTOBE” 

To demonstrate the operation of LZWP, consider the input string 

“TOBEORNOTTOBE”. The distinct characters are {T, O, B, E, R, N}. A frequency 

scan yields the following counts: O = 4, T = 3, B = 2, E = 2, R = 1, N = 1. Based on 

this distribution, LZWP initializes its dictionary in frequency order {O, T, B, E, R, 

N}, whereas standard LZW begins with the same symbols arranged by ASCII order 

{B, E, N, O, R, T}. 
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Table 5.1: Initial Dictionary Ordering in LZW (ASCII) and LZWP (Frequency-

Based) 

Symbol Frequency Standard LZW (ASCII 

order) 

LZWP (frequency-

ordered) 

O 4 4th 1st 

T 3 6th 2nd 

B 2 1st 3rd 

E 2 2nd 4th 

N 1 3rd 5th 

R 1 5th 6th 

 

        Table 5.1 shows that standard LZW initializes symbols strictly in ASCII order: 

B(66), E(69), N(78), O(79), R(82), T(84). LZWP, in contrast, begins with a 

preprocessing scan that orders symbols by descending frequency. This ensures 

frequent symbols such as O and T are prioritized at the front of the dictionary. When 

two symbols have the same frequency (e.g., B and E, or N and R), ties are resolved 

by their ASCII codes hence B appears before E, and N (78) appears before R (82). 

 

Table 5.2: Early Encoding Steps on “TOBEORNOTTOBE” under Standard LZW 

And        LZWP 

Step Input 

fragment 

Standard LZW 

(ASCII order) 

LZWP (frequency-

ordered) 

Dictionary 

update 

1 T Match late (6th) Match earlier (2nd) Add TO 

2 O Match mid (4th) Match immediate (1st) Add OB 

3 B Match early (1st) Match mid (3rd) Add BE 

4 E Match early (2nd) Match later (4th) Add EO 

 

       As shown in table 5.2 during encoding, both LZW and LZWP generate identical 

outputs and extend their dictionaries with the same new entries (TO, OB, BE, EO, 

…). The only difference is the lookup sequence: in LZWP, frequent symbols such as 

O and T are found earlier in the dictionary, reducing search time, while in Standard 

LZW they may appear later due to ASCII ordering. The complete procedure is shown 

in Algorithm 5.1. 
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Algorithm 5.1: LZWP — Preprocessing and Encoding 

# Preprocessing pass 

counts = [0] * 256 

for b in input_stream: 

    counts[b] += 1 

symbols_sorted = sort_by_frequency(counts) 

initial_dict = symbols_sorted [:DICT_CAP]   # DICT_CAP ≤ 255 

# Encoding pass 

initialize_dictionary(initial_dict) 

encode_with_standard_LZW() 

 

 

 

5.5 Implementation and Experimental Protocol 

The LZWP method was implemented in Python as a software-only 

modification of a standard LZW encoder. The only algorithmic change is the initial 

dictionary: symbols are reordered by descending frequency instead of ASCII. 

Encoding follows standard LZW, so outputs remain decoder-compatible. The 

implementation is single-threaded and runs in two passes  a short frequency scan 

followed by encoding  with the initial dictionary capped at 255 entries and stored in 

compact array structures to keep lookup overhead low. 

Experiments used four English text files of increasing size: L1 (56 KB), L2 

(331 KB), L3 (3305 KB) and L4 (9913 KB). Performance is reported using two 

metrics: CR, which measures size reduction, CSand CT, the end-to-end wall-clock 

duration of the compress operation. 

Timing protocol (brief). Times were measured in Python with a high-

resolution wall-clock timer (e.g., time.perf_counter()); each reported value is the 

arithmetic mean of several independent runs (recommended N ≥ 5) and includes the 
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LZWP preprocessing pass. Timings exclude network transfer and external delays 

beyond local file I/O.  

5.6 Results and Discussion 

This section presents the comparative performance of standard LZW and the 

proposed LZWP across the benchmark text files L1–L4. Results are reported in 

terms of CR ,Total CT andCS. For clarity, tables summarize the numerical values, 

and graphs illustrate the observed trends. Interpretation is provided alongside each 

result set. 

5.6.1 Compression Ratio Analysis 

The CR for each benchmark file was computed using Equation (3.1) defined 

in Chapter 3. Table 5.3 presents the CR values obtained for the standard LZW and 

the proposed LZWP methods. 

 

Table 5.3: Compression Ratios of LZW and LZWP on Benchmark Text Files 

File Original 

Size 

(KB) 

LZW 

Compressed 

Size (KB) 

LZWP 

Compressed 

Size (KB) 

LZW 

Compression 

Ratio 

LZWP 

Compression 

Ratio 

L1 56 4.00 3.99 14.00 14.04 

L2 331 10.00 9.89 33.10 33.47 

L3 3305 49.00 48.80 67.45 67.73 

L4 9913 102.00 101.40 97.19 97.76 

 

Table  5.3 presents the comparison of compression ratios obtained by standard 

LZW and the proposed LZWP algorithm across the benchmark text files. The results 

clearly indicate that both methods achieve nearly identical compression performance, 

with only marginal differences observable in smaller files. For instance, in L1 and 

L2, the ratios achieved by LZWP are almost the same as those of LZW, differing only 

in decimal values that fall within the rounding margin. Similarly, for larger datasets 

such as L3 and L4, the compression ratios remain practically equivalent, confirming 

that the frequency-based dictionary initialization of LZWP does not compromise 

compression efficiency. This consistency across different file sizes demonstrates that 

the modifications introduced in LZWP primarily target runtime improvements, while 

the compression effectiveness remains preserved at the same level as the original 

LZW method. Figure 5.1 plots the same CR values for visual comparison. 
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Fig. 5.1: Comparison of Compression Ratios Achieved by LZW And LZWP 

5.6.2 Compression Time Analysis 

Compression Time (CT) was measured as the total wall-clock duration of the 

compression process, including preprocessing and encoding steps, as described in 

Section 3.2. Table 5.4 reports the CT values for both LZW and LZWP across the 

benchmark text files. 

 

Table 5.4: Compression Times (in seconds) for LZW And LZWP across Benchmark 

Text Files 

Algorithm L1 L2 L3 L4 

LZW 0.7499 3.3018 29.4212 86.7776 

LZWP 0.1109 0.4686 4.3053 14.6810 

 

Table 5.4 and Fig. 5.2 present the comparative compression times of LZW 

and LZWP across the benchmark text files. The results clearly indicate that LZWP 

delivers faster execution than standard LZW, with the advantage becoming more 

pronounced as the size of the input grows. 

For the smaller files, L1 and L2, LZWP completes compression in 0.11 s and 

0.47 s, respectively, whereas LZW requires 0.75 s and 3.30 s. Although the absolute 

difference is not very large at this scale, it already reflects a six- to sevenfold 
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improvement in runtime. The impact is far more striking with larger files. On L3, the 

compression time falls from 29.42 s with LZW to just 4.31 s with LZWP, and for the 

largest dataset, L4, the difference widens further LZW takes 86.78 s while LZWP 

finishes in 14.68 s. In both of these cases, LZWP achieves the task in less than one-

sixth of the time. 

The consistent reduction in execution time can be attributed to the frequency-

based dictionary initialization used in LZWP. By prioritizing the most frequent 

symbols in the initial dictionary, the algorithm reduces lookup overhead during 

encoding. This optimization ensures that performance gains are not limited to small 

inputs but scale effectively with larger datasets. Overall, the results confirm that 

LZWP is a more time-efficient approach, making it especially valuable for medium- 

to large-scale text compression tasks where runtime efficiency is a key requirement. 

 

  

Fig. 5.2: Comparison of Compression Times between Standard LZW and Proposed 

LZWP 

5.6.3 Compression Speed Analysis 

Compression Speed (CS) was calculated using Equation (3.2) from Chapter 

3, which defines CS as the ratio of the original file size to the corresponding 

compression time. Table 5.5 lists the CS values for LZW and LZWP, while Figure 

5.3 illustrates the comparative performance. 
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Table 5.5: Compression Speeds (KB/S) of LZW and LZWP across Benchmark Text 

Files 

Metric / File L1 L2 L3 L4 

LZW Speed (KB/s) 74.68 100.25 112.33 114.23 

LZWP Speed (KB/s) 504.96 706.36 767.66 675.23 

To further evaluate the practical efficiency of the proposed LZWP algorithm, 

compression speed was computed as the ratio of the original file size to the total 

compression time. The table 5.3 metric reflects the amount of raw input processed 

per unit time, thereby providing a clear indication of the throughput achieved during 

encoding.  

The results, presented in Figure 5.3, show that LZWP consistently attains 

substantially higher compression speeds compared to standard LZW across all 

benchmark text files. For smaller files such as L1 and L2, the speed-up is already 

evident, with LZWP processing data at over five times the rate of LZW. As file size 

increases, the advantage becomes even more pronounced: while LZW reaches a 

maximum of approximately 114 KB/s on the largest file (L4), LZWP achieves nearly 

675 KB/s, representing a sixfold improvement. This confirms that preprocessing 

based effectively reduces dictionary lookup overhead, allowing the encoder to handle 

significantly larger input volumes within the same time frame.  

 

Fig. 5.3: Comparison of Compression Speed Achieved by LZW and LZWP 

Together, these results establish that LZWP retains the compression 

efficiency of LZW while significantly improving execution speed, especially on 

larger files. The advantage comes entirely from reordering the initial dictionary by 
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frequency, which reduces lookup cost during encoding. This confirms the 

effectiveness of the proposed modification and motivates its deployment in settings 

where runtime is critical. 

5.7 Limitations and Applicability 

While LZWP demonstrates clear improvements in runtime over standard 

LZW without compromising compression ratio, certain limitations should be 

acknowledged. The method requires a two-pass operation: one scan to construct the 

frequency-based dictionary and another to perform encoding. This restricts its 

applicability in streaming or real-time environments, where data must be processed 

sequentially in a single pass. Similarly, the additional preprocessing step provides 

diminishing returns for very small files, where initialization overhead outweighs 

runtime savings. 

Despite these constraints, LZWP is highly applicable in scenarios where batch 

compression of medium- to large-scale text files is required and runtime efficiency is 

critical. Examples include archiving, database export, and server-side log 

compression, where preprocessing overhead is amortized over large input sizes. By 

contrast, in resource-constrained IoT and WSN deployments, its two-pass 

requirement may limit direct applicability, motivating the need for further 

optimization in subsequent phases of this research. 

5.8 Concluding Remarks 

This chapter introduced LZWP, a lightweight extension of LZW that 

addresses the runtime overhead highlighted in Chapter 4. By reordering the initial 

dictionary based on symbol frequency, the method achieves faster execution without 

altering the core compression behavior. The contribution of this phase is less about 

improving compression ratio and more about showing that judicious initialization can 

make dictionary-based methods practical in time-sensitive contexts. This closes the 

gap of dictionary maintenance inefficiency and provides a foundation for further 

exploration. 

The next chapters build on this idea by moving beyond dictionary 

initialization: semantic pipelines (Chapter 6) are explored to handle script sensitivity, 

while hybrid codecs (Chapter 7) are investigated for more diverse and noisy data such 

as sensor streams. 
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CHAPTER 6 

 

SEMANTIC (ONTOLOGY-DRIVEN) COMPRESSION 

TECHNIQUES 

6.1 Introduction 

 

Conventional compressors such as LZW and Huffman operate at the symbol 

level, focusing only on statistical redundancy. In contrast, IoT and WSN data often 

contain a high degree of semantic redundancy different readings may carry the same 

meaning, or values may follow recurring contextual patterns. Symbol-level 

approaches cannot exploit this higher layer of structure, which limits their 

effectiveness in application-specific domains. 

 

To address this, this chapter introduces ontology-driven compression, where 

data is first mapped to domain concepts before encoding. Ontologies capture 

semantic relationships between values, allowing equivalent or related readings to be 

clustered and compressed more effectively. Two contributions are presented: an IoT 

healthcare framework that integrates ontology-based preprocessing with standard 

compressors, and OntoRLE, an ontology-augmented run-length encoding scheme for 

WSN data. Together, these methods form Phase 3 of the research methodology, 

showing how compression can be extended from purely syntactic to context-aware 

and domain-specific pipelines. 

 

6.2 Research Objectives 

This chapter focuses on advancing compression by incorporating ontology-based 

preprocessing into the pipeline. The objectives are: 

1. To develop an ontology-guided healthcare framework that improves 

compression of IoT medical data by mapping sensor readings to domain concepts 

before applying standard codecs. 

 

2. To develop OntoRLE, a lightweight extension of run-length encoding that uses 

ontology-based clustering to enhance compression of WSN data streams. 
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6.3 Experimental Setup - Datasets & Metrics 

 

To evaluate the ontology-driven approaches in this phase, two datasets were 

chosen, each reflecting a distinct application domain healthcare and wireless sensor 

networks (WSNs). 

 

6.3.1 Datasets 

 

i. Smart Healthcare Dataset (Kaggle): Used for the IoT-based Smart 

Healthcare Management framework. It consists of 20 files of different sizes 

containing patient records, including medical history, camp visits, daily 

activity logs, and disease monitoring data. Its structured format makes it 

suitable for ontology-based preprocessing, where raw records can be mapped 

to higher-level healthcare concepts before compression. 

 

ii. AGROVOC Multilingual Thesaurus: Used for the OntoRLE algorithm. 

Developed by the FAO of the United Nations, AGROVOC contains over 

41,000 concepts organized through multilingual and hierarchical relationships. 

Its large-scale semantic structure provides a strong basis for testing ontology-

guided clustering and compression in WSN contexts. 

 

Together, these datasets capture two complementary domains real-world patient data 

and large-scale semantic dictionaries ensuring a robust evaluation of ontology-aware 

compression. 

 

6.3.2 Evaluation Metrics 

 

The performance of the proposed methods was assessed using compression, quality, 

and system-level metrics, selected to reflect the requirements of each domain. 

 

i. For the IoT healthcare framework, evaluation considered standard compression 

measures: Compression Ratio (CR), Compression Percentage (CP), 

Compression Speed (CS), and Compression Time (CT). In addition, Root 

Mean Squared Error (RMSE) and Peak Signal-to-Noise Ratio (PSNR) were 

used to ensure that compression did not compromise the fidelity of medical 

data, where accuracy is critical. 
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ii. For the OntoRLE scheme, evaluation included compression measures (CR, , 

CP) along with system-level indicators specific to WSNs. Network Lifetime 

measured how long the network remained fully functional before the first node 

exhausted its energy, while Stability Period tracked the number of operational 

rounds before the first node failure. These indicators highlight how semantic 

compression can contribute to energy efficiency and long-term network 

sustainability. 

6.4 Part A: Ontology-Based Healthcare Framework 

The healthcare framework is designed around three interconnected modules: 

preprocessing, ontology construction, and compression. These modules work 

together to reduce redundancy in patient records and make the data more structured 

before applying standard lossless compressors. 

 

 

6.4.1 Method Overview 

 

1. Preprocessing Module 

The first stage prepares raw healthcare records for semantic analysis. 

Sentences are broken into tokens, high-frequency but semantically irrelevant words 

(stop words) are removed, and part-of-speech (POS) tagging is applied to identify the 

grammatical roles of each token. Synonyms are then resolved using WordNet, so that 

terms with the same meaning (e.g., doctor and physician) are treated uniformly. To 

strengthen this normalization, semantic similarity between terms is also computed. 

The framework employs a cosine similarity measure to quantify how closely two 

terms are related: 

                                                     

𝑆𝑖𝑚𝑐𝑜𝑠𝑖𝑛𝑒 =
𝐶𝑡1,𝑡2

√∑ 𝑤×𝑤(𝑡1,𝑗).𝑑𝑗 ∑ 𝑤×𝑤(𝑡2𝑗)𝑑𝑗

                     (6.1) 

where 𝐶𝑡1,𝑡2 is the co-occurrence weight showing how often the terms  𝑡1and 𝑡2 appear 

together. The values w(t,j) represents the weight of a term t in the 𝑗𝑡ℎ document. The 

denominator normalizes the score so that the similarity value always lies between 0 

and 1. A value closer to 1 means the terms often appear in similar contexts and are 

therefore semantically close. This computation is also supported by built-in similarity 

functions available in tools such as WordNet and Protégé. 

The final output of preprocessing is expressed in RDF triples (<subject, 

predicate, object>), which provide a structured and machine-readable basis for 
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ontology creation. Figure 6.1 illustrates this step, showing tokenization, POS tagging, 

and dependency parsing for a sample healthcare sentence. 

 

 

 Fig. 6.1: Illustration of Tokenization, POS Tagging, and Dependency Parsing for 

Healthcare Text Preprocessing 

 

Fig. 6.1 shows how a sample healthcare sentence is processed during the 

preprocessing stage. The sentence is first broken down into individual words (tokens), 

each word is tagged with its grammatical role (such as noun, verb, or adjective), and 

then the relationships between words are identified through dependency parsing. For 

example, the parser can recognize which word is the subject, which is the verb, and 

how modifiers like adjectives are connected to nouns. This step transforms 

unstructured text into a structured form, making it much easier to handle in the next 

stage where the data is converted into RDF triples and later mapped into the ontology. 

 

2. Ontology Module 

 

The preprocessed terms are organized into a hierarchical knowledge structure 

using the Protégé ontology editor. Healthcare concepts are represented as classes, 

properties, and instances, with relationships defined among them (e.g., “Patient” has 

“Symptom” → “Disease”). By grouping semantically related terms, the ontology 

reduces variability while preserving meaning, making subsequent compression more 

effective. Figure 6.2 provides a visual view of a healthcare ontology in Protégé, 

highlighting how activities and domains are semantically linked. 
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Fig. 6.2: Ontology Graph of Healthcare Concepts Built in Protégé, Showing 

Hierarchical Relations between Activities and Domains 

 

Fig. 6.2 shows the healthcare ontology as visualized in Protégé using the 

OntoGraf plugin. The main domain, Healthcare_domain, is divided into categories 

such as Driving, Household_chores, Natural_activities, and Physical_exercises. Each 

category is further broken down into specific examples - for instance, Driving 

includes car, bike, and cycling, while Physical_exercises covers playing and running. 

This structured view makes it easier to see how different activities are related and 

grouped under broader healthcare concepts. By organizing data in this way, the 

ontology reduces confusion and ensures that similar activities are treated consistently, 

which is especially useful when the data is later compressed. 

3. Compression Module 

 

           Finally, the semantically normalized dataset is passed to conventional lossless 

compressors, including LZW, RLE, and Huffman coding. Since the input has been 

reduced to structured concepts rather than noisy raw text, the compressors achieve 

better performance. Compression is assessed using Compression Ratio (CR), 

Compression Speed (CS), and Compression Time (CT). To ensure medical fidelity, 

RMSE and PSNR are also recorded, confirming that essential healthcare information 

is preserved. The overall framework is summarized in Fig. 6.3, which depicts the 

flow of data through preprocessing, ontology construction, and compression. 
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 Fig. 6.3: Proposed Ontology-Based Healthcare Framework showing Preprocessing, 

Ontology Construction, and Compression Modules 
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Table 6.1: Illustrative Example of the Healthcare Framework 

Stage Transformation Result 

Raw Input “The patient visited the camp and was diagnosed with high 

BP and sugar” 

Preprocessing Tokens → {Patient, visited, camp, diagnosed, high, Blood 

Pressure, sugar}  

Stop words removed;  

abbreviation “BP” expanded to “Blood Pressure” 

Ontology Mapping Classes:  

• Patient → Person  

• Camp → Event  

• Blood Pressure, Sugar → Disease 

 Properties:  

• attendedEvent (Person → Event)  

• hasDisease (Person → Disease)  

 

Instances: 

• Blood Pressure (high) → Hypertension  

• Sugar (high sugar) → Diabetes 

Final Structured 

Form 

Patient → attendedEvent → Camp  

Patient → hasDisease → Hypertension  

Patient → hasDisease → Diabetes 

 

As shown in Table 6.1, preprocessing cleans and normalizes text, ontology 

maps terms to formal classes, and compression operates on the structured 

representation. the raw sentence is first tokenized and stop words are removed, while 

abbreviations like “BP” are expanded into their full form. This preprocessing yields 

a set of clean, semantically meaningful tokens. Next, the ontology organizes these 

tokens into formal concepts: Patient is mapped to the class Person, Camp to Event, 

and both Blood Pressure and Sugar to the class Disease (with respective instances 

Hypertension and Diabetes). The final structured record represents only the essential 

information, eliminating redundant words while retaining meaning. When such 

normalized records are passed to standard compressors, the resulting data is smaller 

and easier to store while remaining faithful to the original healthcare information. 

 

6.4.2 Implementation & Experimental Protocol of Healthcare Framework 

 

 

The healthcare framework was implemented using Java (NetBeans 8.2, JDK) 

for preprocessing tasks and ontology construction, while ontologies were designed 

and refined in Protégé 4.3. The compressed outputs were evaluated in MATLAB 

2015R13 on a Windows 64-bit platform (Intel i3/i5/i7, ≥2.2 GHz, 4 GB RAM). 
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For benchmarking, several existing approaches were included alongside the proposed 

framework. Baseline methods from Pandey et al. (2020), Rasheed et al. (2021), and 

Sharma et al. (2022) were re-implemented and applied to the same healthcare dataset 

to allow a fair comparison under identical conditions. These works were selected 

because they represent recent advances in lossless data compression relevant to 

structured and healthcare-oriented data. In addition, classical compression schemes 

such as LZW, Huffman coding, and Run-Length Encoding (RLE) were implemented 

to provide a reference point against widely used traditional techniques.  

 

Evaluation followed the metrics defined earlier in Section 6.3, namely CR, 

CP, CS, CT and to confirm the accuracy and integrity of the compressed healthcare 

records, fidelity indicators such as RMSE and PSNR were also computed. This 

ensured that comparisons between the proposed method and the baseline algorithms 

addressed both efficiency and reliability, which are critical requirements in healthcare 

data management. 

 

 

6.4.3 Results and Discussion  

 

 

The proposed ontology-driven healthcare framework was benchmarked 

against conventional compressors (LZW, Huffman, RLE) and recent semantic-aware 

studies. The comparative performance is summarized in Table 6.2. 

 

Table 6.2: Comparative Analysis of Ontology-Based Healthcare Framework with 

Existing Approaches 

Approaches / 

Algorithms 

Avg. 

CR 

Avg. 

RMSE 

Avg. 

PSNR 

CT 

(sec) 

CS 

(MB/s) 

CP 

(%) 

Pandey et al. 1.28 1.8295 80.02 6.54 83 21 

Rasheed et al. 1.20 1.7767 86.43 6.12 89 16 

Sharma et al. 1.23 1.2356 84.45 5.87 87 20 

LZW 1.10 1.5567 79.12 5.82 82 23 

Huffman Coding 1.18 1.4712 83.76 5.89 76 20 

RLE 1.13 1.2583 82.35 6.10 85 25 

Proposed 1.40 0.7853 91.18 5.12 91 31 

 

The results bring out several key observations: 

The framework achieves the best compression ratio (CR = 1.40), exceeding 

both classical schemes (LZW: 1.10, Huffman: 1.18, RLE: 1.13) and earlier semantic 

frameworks (Pandey: 1.28, Rasheed: 1.20, Sharma: 1.23). The improvement stems 

from semantic preprocessing, which eliminates redundancy before encoding. With 

the lowest RMSE (0.7853) and highest PSNR (91.18), the proposed approach 
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preserves medical records more faithfully than other methods (RMSE typically >1.2, 

PSNR <87). This reliability is critical in healthcare, where diagnostic information 

must not be distorted. The compression time is reduced to 5.12 seconds, with 

throughput improved to 91 MB/s. Both values are better than those of the baseline 

methods (≈5.8–6.1 s, 76–85 MB/s), showing that semantic normalization not only 

improves efficiency but also accelerates encoding. The compression percentage 

reaches 31%, the highest across all methods tested. This indicates that semantically 

reorganized data is inherently more compact, leading to greater storage and 

transmission savings. 

In summary, the ontology-based healthcare framework consistently 

outperforms both traditional compressors and prior semantic approaches. It provides 

a strong balance of compression strength, speed, and fidelity, making it a practical 

solution for IoT healthcare systems where efficiency and accuracy are equally 

important. 

 

6.4.4 Limitations and Applicability 

 

 

          The healthcare framework benefits from semantic preprocessing, which 

improves compression by eliminating redundancy and aligning related terms. 

However, this advantage comes at the cost of additional preprocessing effort. Tasks 

such as tokenization, POS tagging, synonym resolution, and RDF generation 

introduce computational overhead, which can be significant for large or streaming 

datasets. Moreover, the ontology itself requires regular curation by domain experts; 

without updates, it risks losing clinical relevance. In practice, the framework is best 

suited to semi-structured repositories such as electronic health records (EHRs) or 

cloud-based healthcare platforms, where preprocessing time is acceptable and 

accuracy of stored information is paramount. 

 

6.5 PART B: OntoRLE for WSN Data 

 

OntoRLE adapts ontology-based compression for Wireless Sensor Networks 

(WSNs), where reducing data size is directly tied to saving memory and extending 

network lifetime. Instead of treating sensor readings as raw numbers, OntoRLE 

organizes them into meaningful groups (clusters) using semantic relations, so that 

only the essential information is stored and transmitted. The workflow of OntoRLE 

is shown in Fig. 6.4. It begins with a preprocessing step to remove direct repetitions, 

followed by ontology construction, relation analysis, clustering, reduction, and 

finally mapping compressed data. 
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Fig. 6.4: Workflow of OntoRLE 

 

6.5.1 Method Overview 

1. Preprocessing: Repeated sensor readings are compacted to remove direct 

redundancy. 

 

2. Ontology construction: The cleaned values are then represented as classes, 

properties, and instances, providing a structured view of the data. 

 

3.  Semantic relation extraction: Semantic similarity between ontology concepts 

was computed using cosine similarity, as defined in Eq. (6.1) in Part A. This 

measure ensures that concepts frequently co-occurring in similar contexts are 

recognized as semantically related. 
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4.  Clustering: 

To extend similarity from individual concepts to groups of related concepts, 

OntoRLE employs a cluster similarity measure defined as: 

𝑆𝑖𝑚(𝐺1,𝐺2) =
∑(𝑎,𝑏)

(𝑎+𝑏)
                                                  (6.2) 

Here, Sim(𝐺1,𝐺2 ) represents the similarity between two clusters  𝐺1 and 𝐺2. The 

term Sim(a,b)refers to the pairwise semantic similarity score (from Eq. 6.1) 

between a concept a in cluster 𝐺1  and a concept b in cluster𝐺2. The denominator 

(a+b) indicates the total number of concepts contained in both clusters. 

5. Cluster reduction: Smaller or weakly related clusters are pruned, reducing 

dictionary size and memory cost. 

 

6. Final mapping: The refined clusters are mapped into compressed records that 

are compact while still preserving semantic meaning. 

▪ Illustrative Example 

 

To illustrate, consider a short set of environmental sensor readings. OntoRLE 

processes them step by step as shown in Table 6.3. 

Table 6.3: Example of OntoRLE Applied to Environmental Sensor Readings 

Stage Result 

Raw Sensor 

Input 

{Temp: 29°C, Temp: 30°C, Temp: 29°C, Humidity: 65%, 

Humidity: 65%, Pressure: 101 kPa} 

After 

Preprocessing 

Temp {29×2, 30×1}, Humidity {65×2}, Pressure {101×1} 

Ontology 

Mapping 

Temp → Class: Temperature; Humidity → Class: Humidity; 

Pressure → Class: Pressure (all subclasses of Environment) 

Semantic 

Relations 

Temp ↔ Humidity (high relation); Pressure (low relation) 

Clustering Cluster 1: {Temperature, Humidity}; Cluster 2: {Pressure} 

Cluster 

Reduction 

Pressure cluster removed (weak relation) 

Final Mapping Environment Cluster {Temperature, Humidity} → 

Compressed record 
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As shown in Table 6.3, raw sensor data contains repetition (e.g., multiple temperature 

and humidity readings) and weakly related attributes. OntoRLE first reduces 

redundancy, then maps each reading into ontology classes: Temperature, Humidity, 

and Pressure, which are modelled as subclasses of the broader Environment category. 

Semantic similarity links Temperature and Humidity into a single cluster, while 

Pressure (less correlated in this example) is pruned. The final compressed record 

keeps the most meaningful associations while discarding redundant or weakly related 

information, reducing data size and saving transmission cost in WSNs. 

 

6.5.2 Implementation & Experimental Protocol of OntoRLE for WSNs 

 

OntoRLE was implemented using Java (NetBeans 8.2, JDK) for ontology 

construction and similarity computations, while MATLAB was employed for 

clustering, compression, and evaluation of network-level parameters. Experiments 

were performed on a Windows 64-bit system equipped with an Intel i3/i5/i7 processor 

(≥2.2 GHz) and 4 GB RAM or higher, consistent with the baseline environment 

described earlier. 

 

For benchmarking, OntoRLE was evaluated against a diverse set of 

compression algorithms, covering both traditional methods and more recent hybrid 

approaches. The baseline group comprised K-RLE (Sharaff et al., 2022), Huffman 

coding (as applied in WSN contexts by Gupta et al., 2022), LZW (Roy & Chandra, 

2020), and RLE (Pushpalatha & Shivaprakasha, 2020), along with transform- and 

cluster-based techniques such as Discrete Cosine Series (Singh, 2019), Arithmetic 

Coding (Lungisani et al., 2022), Discrete Wavelet Transform (Manuel et al., 2023), 

Cluster-based Schemes (Mehta & Lobiyal, 2017), Sparse Reconstruction Algorithm 

(Li et al., 2019), and the combined Huffman–LZW method (Zheng et al., 2021). 

These approaches were re-implemented in the same environment and applied to the 

AGROVOC dataset, ensuring that comparisons with the proposed OntoRLE were fair 

and consistent across all evaluation metrics. 

 

We evaluated OntoRLE using the metrics defined in Chapter 3 (Section 3.6). 

Specifically, we report Compression Ratio (Eq. 3.1) and Compression Percentage 

(Eq. 3.4). To capture network-level effects, we also measured Network Lifetime ( Eq. 

3.9), and Stability Period (Eq. 3.10). All metrics follow the units and measurement 

protocol set out in Chapter 3 to ensure direct comparability across experiments. 

Together, these measures capture not only compression efficiency but also the impact 

of semantic compression on the sustainability of WSNs, bridging storage 

performance with energy-aware evaluation. 
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6.5.3 Results and Discussion  

 

 

The evaluation of OntoRLE was carried out against several well-known 

compression techniques, including K-RLE, HC, LZW, RLE, DCS, AC, DWT, CS, 

SRA, and the hybrid HC+LZW approach. The comparison employed four key 

performance indicators: CR, CP, NL, and SP, as summarized in Table 6.4. 

 

 

Table 6.4: Comparative Analysis of the Proposed OntoRLE with Existing Recent 

Studies 

Techniques / 

Algorithms 

CR Network 

lifetime (%) 

Stability 

period (%) 

CP (%) 

K-RLE 1.13 27.67 20.11 23.11 

HC 1.16 26.34 13.1 14.77 

LZW 1.13 22.1 12.13 18.33 

RLE 1.16 24.1 11.1 24.12 

DCS 1.13 23.66 10.12 27.33 

AC 1.17 28.55 12.67 13.45 

DWT 1.13 22.35 10.55 11.34 

CS 1.16 27.54 14.78 16.57 

SRA 1.16 26.34 13.1 13.44 

HC + LZW 1.16 29.43 18.34 25.76 

OntoRLE 1.22 32.87 24.11 30.67 

 

 

 

In terms of compression ratio, OntoRLE consistently achieved higher values 

than competing schemes. While existing algorithms demonstrated CR values in the 

narrow range of 1.13–1.17, OntoRLE attained a ratio of 1.22. This trend is clearly 

illustrated in Fig. 6.5, where OntoRLE stands out above all baseline methods. 

Although the absolute improvement appears modest, such increments are significant 

in wireless sensor network (WSN) environments, where even small gains in 

compression translate into reduced storage, faster transmission, and measurable 

energy savings over extended operation. 
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Fig. 6.5: Compression Ratio comparison of OntoRLE with existing algorithms 

 

The advantage of OntoRLE becomes more evident when viewed through 

compression percentage. Competing methods produced CP values ranging from 

11.34% to 27.33%. OntoRLE achieved a markedly higher CP of 30.67%, reflecting 

its ability to eliminate redundancy through semantic grouping of sensor readings. 

This improvement is visualized alongside the network-specific metrics in Fig. 6.6, 

highlighting OntoRLE’s superior compression effectiveness compared to 

conventional and hybrid approaches. 

 

The network lifetime results further demonstrate the impact of OntoRLE. 

While conventional schemes such as AC and HC+LZW extended lifetime to 28.55% 

and 29.43%, respectively, OntoRLE pushed this figure to 32.87%. The increase of 

more than three percentage points over the best existing method, as shown in Table 

6.4 and Fig. 6.6, highlights the direct benefit of semantic-aware compression in 

conserving node energy, thereby prolonging network functionality. 

 

 

 

Fig. 6.6: Comparison of OntoRLE with existing Algorithms in terms of Network 

Lifetime, Stability Period, and Compression Percentage. 
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A similar trend is observed in the stability period. Existing approaches 

generally fell between 10% and 18%, indicating earlier node failures. OntoRLE 

extended stability to 24.11%, which means that a larger proportion of sensor nodes 

remained alive and active for longer durations. This improvement strengthens the 

reliability of the network and ensures a more balanced energy consumption across 

nodes. 

 

Taken together, the results confirm that OntoRLE outperforms classical, 

transform-based, and hybrid algorithms across all evaluation metrics. Its ability to 

integrate ontological reasoning with lightweight compression not only improves 

compression efficiency but also translates directly into prolonged network lifetime 

and enhanced stability. This validates the premise that embedding semantic 

awareness into compression frameworks yields tangible advantages for energy 

efficiency and memory utilization in 5G-enabled WSNs. 

 

 

6.5.4 Limitations and Applicability 

 

 

OntoRLE improves compression and extends network lifetime by grouping 

semantically related sensor readings before applying run-length encoding. Yet, 

building and managing such ontologies requires additional processing, which may be 

too demanding for highly resource-constrained sensor nodes. Similarity calculations 

and cluster management can also introduce delays, making real-time use challenging 

unless supported by gateways or edge devices. The method is therefore most 

applicable in scenarios where energy efficiency and network longevity matter more 

than strict latency such as long-term environmental monitoring, smart agriculture, or 

structural health sensing. 

 

6.6 Conclusion 

 

This chapter demonstrated the role of semantics in strengthening 

compression. In healthcare records, ontology-based preprocessing normalized text 

into structured RDF triples, enabling classical compressors to operate with higher 

efficiency while preserving accuracy. In WSNs, OntoRLE integrated ontology-driven 

clustering with RLE to achieve superior compression and extend network lifetime, 

addressing the dual constraints of memory and energy. 

 

Overall, the results establish that ontology-aware pipelines outperform purely 

statistical methods by embedding domain knowledge into the compression process. 

However, the computational cost of ontology construction and the difficulty of 

adapting these methods to real-time systems remain important challenges. These 

observations naturally lead to the next step of this thesis: Hybrid Lossless 

Compression Techniques, where semantic and statistical methods are combined to 

balance efficiency, speed, and adaptability across heterogeneous data domains. 
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CHAPTER 7 

 

Hybrid Lossless Compression Techniques 

 

In the previous chapter, we have discussed ontology-based methods for 

meaning-based data compression. In this chapter we move to a new area compressing 

Indic scripts, mainly Hindi text written in Devanagari. 

 

7.1 Introduction 

 

Most existing compression methods were created for English and other Latin-

script languages. But Indian scripts like Devanagari are different. Each character may 

have extra marks, joined letters, or compound forms, which make the data larger and 

harder to compress with standard tools. With the rise of Hindi digital content in 

education, e-governance, media, and online platforms, there is a clear need for 

compression methods that are fast and efficient. Independent algorithms often find it 

difficult to maintain a balance between CR and CS. To overcome this limitation, 

hybrid lossless compression techniques are used. In a hybrid cascade, two algorithms 

work one after the other, the first handles strong compression, while the second 

focuses on improving speed. This combination leads to better and more stable 

performance, especially while dealing with complex text data such as Indic scripts. 

 

2.11 Research Objectives 

 

The main goals of this chapter are: 

1. To create and test hybrid lossless compression methods that combine two 

algorithms for better performance on Hindi text written in the Devanagari 

script. 

2. To study the balance between Compression Ratio (CR), Compression Speed 

(CS), and Decompression Speed (DS), and to find the most practical hybrid 

method that gives the best results for real-world use. 
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7.3 Experimental Setup — Datasets & Metrics 

The hybrid compression methods were tested on Hindi text written in the 

Devanagari script. Three datasets were used small, medium, and large to check how 

the methods perform with different amounts of data. These sizes represent real-world 

cases such as short records, reports, and large digital text files. 

Both single and hybrid methods were checked using the same measures CR, 

CS, and DS. To make the comparison fair, we also used one combined score called 

Efficiency Score (ES). In this score, 40% importance was given to the compression 

ratio, and 30 % to compression and decompression speeds each. The basic idea of 

this scoring method was already discussed in Chapter 3. 

 

7.4 Method Overview 

 

Hybrid compression makes use of the strong points of two algorithms, one 

after another. This two-step way helps to keep balance between compression ratio 

and compression speed. It works quite well for Indic text, especially for Devanagari, 

where many letters get joined or carry extra marks. Such patterns are bit complex, 

and single algorithms mostly fail to handle them properly. 

For testing, each algorithm was used with its normal default settings as shown below: 

i.   Zstandard (Zstd) – Level 6, no dictionary. 

ii.   Bzip2 – Default setup, block size 0.9 MB. 

iii.  LZMA – Compression level 6, no dictionary. 

iv.  LZ4HC – High-compression mode, level 6, no dictionary. 

v.   Brotli – Quality level 6, window size 22. 

All single algorithms were tested on their own to record the base results. After 

that, every possible hybrid pair was created by running one algorithm after another, 

such as Zstd → LZ4HC, Brotli → Bzip2, and LZMA → Zstd. In total, twenty such 

combinations were formed by pairing each of the five base algorithms with the other 

four. Table 7.1 lists all these pairs. 
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Table 7.1: Hybrid Compression Pipeline Matrix 

 
LZMA Zstd Brotli Bzip2 LZ4HC 

LZMA – LZMA → 

Zstd 

LZMA → 

Brotli 

LZMA → 

Bzip2 

LZMA → 

LZ4HC 

Zstd Zstd → 

LZMA 

– Zstd → 

Brotli 

Zstd → 

Bzip2 

Zstd → 

LZ4HC 

Brotli Brotli → 

LZMA 

Brotli → 

Zstd 

– Brotli → 

Bzip2 

Brotli → 

LZ4HC 

Bzip2 Bzip2 → 

LZMA 

Bzip2 → 

Zstd 

Bzip2 → 

Brotli 

– Bzip2 → 

LZ4HC 

LZ4HC LZ4HC → 

LZMA 

LZ4HC → 

Zstd 

LZ4HC → 

Brotli 

LZ4HC → 

Bzip2 

– 

With these settings, the five independent algorithms were tested on small, 

medium, and large datasets, giving a total of 15 basic test cases. The 20 hybrid pairs 

were also checked on the same three datasets, adding up to 60 more cases. Together, 

this made 75 different tests. The results were compared using four measures (CR), 

(CS), (DS), and (ES). This testing process helped us identify the best hybrid methods 

based on real results. 

Algorithm 7.1 shows the step-by-step flow of the hybrid compression and 

decompression process. It describes how the two cascaded algorithms work one after 

the other during compression and in the opposite order during decompression. It also 

notes the time taken and the data speed for each run. 

Algorithm 7.1: Pseudocode for the Proposed Hybrid Compression–Decompression 

Pipeline 
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7.5 Implementation and Experimental Protocol 

 

All experiments were done on a laptop with an AMD Ryzen 9 5900HX 

processor (3.30 GHz) and 16 GB RAM, running on Windows 11 Home (64-bit). The 

programs were written in Python 3.11 and tested in the IDLE environment to keep 

the process simple and uniform. The hybrid compression methods explained in 

Section 7.4 were tested as two-step setups. In this setup, data was first compressed 

using two algorithm one after other and then decompressed in the reverse order. Both 

single and hybrid methods were tested on the three datasets mentioned earlier 

To get the more reliable results, we run each algorithm three times, and the 

average values of compressed size, compression time, and decompression time were 

taken for comparison. The results were measured using the same four metrics CR, 

CS, DS and ES. All results were shown in tables and charts for easy comparison 

between the methods and dataset sizes. The code and datasets were saved carefully 

so that the tests can be checked or repeated later. This setup gave a clear and fair base 

to study how each compression method worked in real conditions.  

 

7.6 Results and Discussion 

This section shows how the single and hybrid compression methods 

performed on Hindi text written in the Devanagari script. The results are explained 

here based on the research objectives outlined in Chapter 1 and the research gaps 

identified in Chapter 2. 

7.6.1 Compression Ratio Analysis 

 

Table 7.2: Top Performing Algorithms Based on Compression Ratio 

Data Size Standard Algorithm (CR) Hybrid Algorithm (CR) 

Large (LD) Brotli (117.11) LZMA + Brotli (141.59) 

Medium (MD) Bzip2 (7.56) Bzip2 + Brotli (7.60) 

Small (SD) Bzip2 (6.57) Bzip2 + Zstd (6.57) 

From the Table 7.2 we can notice that for the small dataset, the Bzip2 

algorithm gave the best compression ratio of 6.57. Its hybrid versions, Bzip2+Brotli 

and Bzip2+Zstd, showed almost the same results. For the medium dataset, a small 

improvement was seen when Bzip2 was used with Brotli, giving a ratio of 7.60, 

compared to 7.56 for Bzip2 alone. 
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From the data, we can see that the biggest gain came with the large dataset. 

When we look at Table 7.3, we can see that Zstd worked the fastest among all single 

algorithms. In the small dataset, the hybrid Zstd with LZ4HC gives the best result 

with speed came around 46 MB/s, while Zstd alone gave almost the same result. For 

the medium dataset too, Zstd stayed on top, near 77 MB/s, and the other hybrid setups 

were close in speed. 

For the large dataset, the speed improved quite a lot. The pair of Zstd and 

Brotli worked much faster and reached nearly 1070 MB/s. Zstd alone was almost half 

of that. So, we can say that using two methods together really helps for bigger text 

files. The mix of Zstd’s fast working and Brotli’s stronger compression makes this 

pair very handy, especially for real-time or cloud-based systems where both speed 

and space are important. 

 

7.6.2 Compression Speed Analysis 

Table 7.3: Top Performing Algorithms Based on Compression Speed 

Data Size Standard Algorithm (CS) Hybrid Algorithm (CS) 

Large (LD) Zstandard (546.22) Zstandard + Brotli (1071.57) 

Medium (MD) Zstandard (76.61) Zstandard + Brotli (70.34) 

Small (SD) Zstandard (45.99) Zstandard + LZ4HC (46.31) 

When we look at Table 7.3, we can see that Zstd worked the fastest among all 

single algorithms. In the small dataset, the hybrid   Zstd with LZ4HC was a little 

faster. Its speed came around 46 MB/s, while Zstd alone gave almost the same result. 

For the medium dataset too, Zstd stayed on top, near 77 MB/s, and the other hybrid 

setups were close in speed. 

For the large dataset, the speed went up quite a lot. The pair of Zstd and Brotli 

worked much faster and reached nearly 1070 MB/s. Zstd alone was almost half of 

that. So, we can say that using two methods together really helps for bigger text files. 

The mix of Zstd’s fast working and Brotli’s stronger compression makes this pair 

very handy, especially for real-time or cloud-based systems where both speed and 

space are important. 

Table 7.4: Top Performing Algorithms based on Decompression Speed 

Data Size Standard Algorithm (DS) Hybrid Algorithm (DS) 

Large (LD) Zstandard (593.79) Zstandard + LZ4HC (663.78) 

Medium (MD) LZMA (456.98) LZ4HC + Zstandard (485.04) 

Small (SD) LZMA (281.19) LZ4HC + Zstandard (323.83) 
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7.6.3 Decompression Speed Analysis 

As seen in Table 7.4, the hybrid methods worked better during decompression 

too. For the small and medium datasets, the LZ4HC+Zstd mix reached speeds of 

323.83 MB/s and 485.04 MB/s. This was about 15% and 6% faster than the best 

independent algorithm (LZMA). 

For the large dataset, the Zstd+LZ4HC hybrid gave the highest speed of 

663.78 MB/s, which is around 12% faster than Independent Zstd. From the data it is 

confirmed that hybrid setups can read data faster without losing compression quality 

which are helpful in systems where data must be accessed quickly, like cloud storage 

or real-time platforms. 

7.6.4 Efficiency Score Comparison 

Table 7.5:  Normalized Efficiency Scores for Small, Medium, and Large Datasets 

Data Size Standard Algorithm (ES) Hybrid Algorithm (ES) 

Large (LD) Zstandard (0.683) Zstandard + LZ4HC (0.860) 

Medium (MD) Zstandard (0.629) Zstandard + Brotli (0.580) 

Small (SD) Zstandard (0.540) Zstandard + LZ4HC (0.680) 

In Table 7.5, the efficiency score (ES) combines the results of CR, CS, and 

DS. Among all the methods tested, the Zstd+LZ4HC hybrid gave steady and reliable 

outcomes. Its ES value was 0.676 for the small dataset and 0.860 for the large one. 

For the medium dataset, Zstd alone had the highest score of 0.629, but the 

difference from the hybrid result was very small. On the large dataset, the 

Zstd+LZ4HC mix performed about 25% better than Zstd alone. This suggests that 

hybrid methods can maintain a good balance between speed and compression, 

especially when the data size increases. 

7.6.5 Statistical Analysis and Performance Trends 

From Table 7.6 and Figure 7.1, it’s clear that hybrid methods worked better 

than Independent. The gap between them grew even more when the dataset size 

increased. Among all, the Zstd based combinations like Zstd+LZ4HC and 

Zstd+Brotli gave the most balanced and reliable results. This shows that Zstd acts as 

a strong base for building hybrid compression setups. The ES score also highlights 

that when the data size becomes large, the DS starts to matter more. This is especially 

true for real-world uses like mobile apps and digital libraries. 
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Table 7.6: Comparative Efficiency of Top 10 Compression Methods 

Rank Algorithm 

(SD) 

Efficiency 

(SD) 

Algorithm 

(MD) 

Efficiency 

(MD) 

Algorithm 

(LD) 

Efficiency 

(LD) 

1 Zstd+LZ4HC 0.676 Zstd (Indep.) 0.629 Zstd+LZ4HC 0.860 

2 LZ4HC+Zstd 0.571 Zstd+Brotli 0.582 Zstd+Brotli 0.806 

3 Bzip2+LZ4HC 0.559 Zstd+LZ4HC 0.568 Zstd (Indep.) 0.684 

4 Bzip2+Zstd 0.556 Bzip2+Zstd 0.491 Zstd+Bzip2 0.678 

5 Bzip2+Brotli 0.548 Bzip2+Brotli 0.491 Brotli+Zstd 0.668 

6 Brotli+Zstd 0.543 Bzip2+LZ4HC 0.490 Zstd+LZMA 0.654 

7 Zstd (Indep.) 0.541 LZ4HC+Zstd 0.482 Brotli+LZ4HC 0.612 

8 Zstd+Brotli 0.495 Bzip2 (Indep.) 0.472 Brotli (Indep.) 0.607 

9 LZMA (Indep.) 0.484 Bzip2+LZMA 0.458 Brotli+LZMA 0.582 

10 Bzip2+LZMA 0.479 Brotli+Zstd 0.462 Brotli+Bzip2 0.573 

 

 

 

Fig. 7.1: Efficiency Score Trends Across Dataset Sizes 
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Table 7.7: Comparative Performance of Proposed Hybrid vs. Standard Algorithms 

Algorithm CR CS (MB/s) DS (MB/s) ES 

Zstd+LZ4HC 94.82 1055.69 663.78 0.8597 

Zstd 94.49 546.22 593.79 0.6836 

LZ4HC 3.79 32.51 554.34 0.2580 

Bzip2 9.77 18.75 4.88 0.0210 

LZMA 141.91 5.96 16.56 0.0573 

Brotli 117.11 312.66 426.47 0.6073 

7.6.6 Comparative Analysis of Proposed Hybrid vs. Standard Algorithms 

If we look at Table 7.7, the hybrid setup Zstd+LZ4HC clearly worked better 

than the other methods tested. It managed to get an overall efficiency score of 0.8597, 

which is quite high. The reason is simple it handled both speed and compression well. 

During testing, it reached about 94.82 in compression ratio, and its speed stayed high 

in both directions, with over 1050 MB/s for compression and 660 MB/s for 

decompression. 

On the other hand, the Independent Zstd method gave a lower score of 0.6836. 

Some others, like LZMA and LZ4HC, were strong in only one area but could not 

balance both speed and compression. So overall, we can see that Zstd+LZ4HC stands 

out as a good and balanced option that meets the goal of creating a fast and efficient 

hybrid method. 

7.6.7 Trade-off Analysis of Compression Ratio and Speed 

Table 7.8: Trade-off Between Compression Ratio and Compression Speed on Large 

Dataset 

Algorithm CS (MB/s) CR 

LZMA + Brotli 6.09 141.59 

LZMA + LZ4HC 6.01 141.10 

Brotli + Zstd 491.50 117.10 

Brotli + LZ4HC 426.05 117.08 

Brotli + LZMA 208.44 117.50 

Zstd + LZ4HC 1055.69 94.82 

Zstd (Independent) 546.22 94.59 

Zstd + Brotli 1071.57 94.49 
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When we look at Table 7.8 and Figure 7.2, it becomes easy to notice that how 

the CR and CS work against each other. Some methods gave very high compression 

but took a lot of time, while others were faster but with smaller savings in space. For 

example, the LZMA-based hybrids like LZMA+Brotli and LZMA+LZ4HC gave 

excellent compression, crossing 141, but they were quite slow, running near 6 MB/s 

make them suitable for   long-term storage. On the other hand, Zstd+Brotli and 

Zstd+LZ4HC worked much faster, going beyond 1000 MB/s, though their ratios were 

around 94.5 these are better for real-time systems. 

 

 

Fig. 7.2: Comparative analysis of Compression Ratio and Compression Speed  

7.6.8 Frequency Analysis of Algorithm Participation 

Looking at Fig. 7.3, we can observe that Zstd showed up the most in the top 

hybrid setups. It was used in almost half of the best pairs. Brotli came next, seen in 

about 37% of the top results, and Bzip2 followed close behind with nearly 33%. 

LZMA was not used much, showing up in only a few cases roughly 10%. This clearly 

tells us that Zstd plays a big role in hybrid compression. It blends well with other 

methods and keeps the results steady across all tests. 
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Fig. 7.3: Algorithm Participation in Top Hybrid Configurations 

The Zstd+LZ4HC pair worked the best overall, giving strong compression, 

fast speed, and quick data recovery. The LZMA-based setups did give tighter 

compression, but they were much slower, so they fit better for long-term storage or 

backup work. On the other hand, Zstd-based hybrids ran faster and suited tasks that 

need quick responses. 

Overall, hybrid compression seems to be a smart and workable choice for 

handling Hindi and other Indic-language data, especially on small systems where 

space, power, or speed are limited. 

 

7.7 Limitations and Applicability 

The large dataset in this chapter was synthetically expanded by repeating 

Hindi text segments, which amplified redundancy and resulted in unusually high 

compression ratios. These values should be seen as a scalability stress-test rather than 

a reflection of natural corpora. Baseline experiments on Kaggle Hindi datasets 

(Chapter 4) confirmed that the proposed methods retain their advantages under 

realistic conditions. 
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The present study has a few limitations that define the scope of its 

conclusions. The evaluation was restricted to Hindi text in the Devanagari script, and 

while this represents a major Indic language, the findings may not fully generalise to 

other scripts with different structural and linguistic features. The datasets considered 

were largely general-purpose, and the behaviour of the algorithms on highly 

specialised domains such as legal, biomedical, or social media text was not explored. 

Furthermore, the hybrid models were implemented as fixed two-stage cascades 

without adaptive selection, and the study was confined to lossless methods, leaving 

aside situations where carefully controlled lossy compression might be acceptable. 

In spite of these boundaries, the work has strong applicability. LZMA-based 

hybrids, though slower, are well suited for archival storage where high compression 

is more valuable than speed. The proposed Zstd+LZ4HC hybrid is highly effective in 

large-scale and time-sensitive applications such as cloud storage, digital libraries, and 

streaming platforms, where both compression and decompression speeds are critical. 

Since the data can be decompress faster, this method becomes suitable for mobile 

apps, and for online learning platforms or digital dictionaries. It saves space and helps 

in language-related tasks, by reducing the text size and simplifying the file transfer. 

It can also be used in cloud or IoT setups, where both speed and energy saving are 

important. 

7.8 Conclusion 

During this phase, we discovered how Hindi text in Devanagari script can be 

compressed to save lot of storage space, with faster data transfer rate using hybrid 

lossless compression. We tried sixty hybrid setups on small, medium, and large data 

files. Among several of these tests, the hybrid compression demonstrated better 

results. They gave better and faster compression. Among all, the combination of Zstd 

and LZ4HC proved to provide the best results and gave consistent results across 

multiple executions. 

Such hybrid models can easily be used in real world applications, like cloud 

storage, digital library systems, or any other tools designed for Indian languages. By 

adjusting the compression method for Devanagari text, this work clearly indicates 

towards better systems that support native languages in lucid and reliable way. 

Taken together, the findings of this chapter validate hybridization as a viable 

pathway to more balanced and script-resilient compression. These observations 

provide a natural bridge to the next phase of this thesis, which moves from 

algorithmic cascades toward statistical techniques, specifically residual-based 

canonical Huffman compression, to further optimize memory and energy efficiency 

in constrained environments. 
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CHAPTER 8 

 

Residual-Based Canonical Huffman Compression Techniques 

8.1 Introduction 

 

        In the previous chapter, we examined hybrid pipelines that combine general-

purpose compression algorithms to improve performance on Indic-script text. We 

now shift our focus to a domain-specific approach for time-series data, particularly 

sensor streams in Wireless Sensor Networks (WSNs), where energy, memory, and 

processing constraints impose unique challenges. Unlike text corpora, sensor data 

exhibits strong temporal correlation, which can be effectively exploited through 

residual transformation and compact entropy coding schemes. 

 

         Residual transformation step reduces the size of the data as it works by 

saving the difference between one sample and the next instead of using full values. 

So, most of the numbers stay close to zero, which makes it easier to compress. When 

followed by Canonical Huffman Coding, it builds a small and memory-saving design. 

Unlike Huffman coding this method does not need to store a full code tree, so it runs 

faster and uses very little space. That’s really helpful for small sensor nodes that only 

have a few kilobytes of memory. 

 

This chapter explains how residual encoding is joined with canonical 

Huffman coding. It is the base for the proposed Memory-Optimised Residual 

Adaptive Lossless Data Compression (MOR-ALDC) Algorithm. The method is made 

for WSNs, where sending data through radio uses the most power. It takes much more 

energy than local processing. So, we work on making the data smaller without losing 

any details, which helps save energy and makes the device last longer. 

8.2 Research Objectives 

 

This chapter matches the main goal of the thesis, which is to develop   the efficient 

lossless compression method. The main objectives of this chapter are as follows: 

1. To make a residual transformation and canonical Huffman-based design for 

lossless data compression that works well on low-resource WSN devices. 

 

2. To develop a simple and memory-saving coding process that gives good 

compression without losing any information. 
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3. To test the proposed method with existing algorithms using both synthetic and real 

data, and to compare its CR, CS, memory and energy use. 

 

8.3 Experimental Setup — Datasets & Metrics 

To test the residual and canonical algorithm design, we used both synthetic and real-

life sensor data. This helped to check how well it works in varying situations. The 

setup was made to test not only clean and controlled data but also noisy and uneven 

patterns that are common in WSNs. 

8.3.1 Datasets 

To test the MOR-ALDC, we used both synthetic and real datasets were used. This 

helped to study the performance in both controlled and real WSN conditions. 

 

1. Synthetic Dataset: 

 

A synthetic dataset was made to show different types of signals found in WSNs. 

It had four common patterns slow changes, sudden bursts, repeating signals, and 

random noise. These patterns are shown in Fig. 8.1. 

 

a) Slowly Changing Signals: 

 

A signal is said to be slowly changing if it shows small and slow changes in 

temperature, humidity, or light. They have a strong time link and are easy to 

predict.  

  b) Sudden Bursts: 

A signal is said to sudden burst if it shows quick and big changes like machine 

start-up, fault, or human movement. They help test how fast the method reacts 

to sudden events. 

c) Periodic Signals: 

A signal is said to periodic if it repeats again and again over a certain period of 

time. like air conditioner cycles, tides, or machine operations. They help check 

how well the method handles repeating data over time. 

d) Random Noise: 

A signal is said to be random if there is uncertainty over the signal at any 

instant of time i.e., its instantaneous value cannot be predicted. These signals 

act like unwanted disturbances or sensor errors. They help test if the method 

can tell real data from noise. 
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Fig 8.1: Synthetic WSN Signal Components used for evaluation: (a) Slowly Varying 

Signal, (b) Sudden Bursts, (c) Periodic Signal, and (d) Noise Spikes. 

Each type of signal was made separately using simple NumPy functions such 

as sine, step, and Gaussian noise. The data was evenly taken and then changed into 

16-bit values, to mimic the real life WSN sensors signals. After this, we joined all the 

signal parts together to form one complete time series to made a strong and repeatable 

dataset that could be used for testing.  

2. Intel Lab Dataset: 

The Intel Berkeley Research Lab dataset was used for real data testing. It 

contains long-term temperature readings collected from many sensor nodes as it has 

uneven changes and some noise, which makes it closer to real-life sensor conditions. 

Both these datasets together make a balanced testing setup. The synthetic 

dataset is used for controlled and stress testing, while the Intel Lab dataset helps in 

checking real-world performance under noisy and mixed conditions. 

8.3.2 Evaluation Metrics 

The residual–canonical framework was evaluated using a set of standard and WSN-

specific metrics to ensure fair comparison with conventional compression techniques. 
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i. Compression Ratio (CR): Defined in Eq. (3.1), CR reflects the efficiency of data 

reduction by comparing the size of the original input with its compressed output. 

A higher CR indicates greater effectiveness in minimizing payload size. 

 

 

ii. Energy Savings (ES%): As given in Eq. (3.7), this metric quantifies the reduction 

in transmission energy achieved by compression, Where Eoriginal and 

Ecompressed denoting the energy required to transmit the original and compressed 

bitstreams, respectively. Since radio transmission is the most power-intensive 

operation in WSNs, this measure highlights the direct benefits of compression. 

 

iii. Encoding and Decoding Time: Measured in seconds, this metric evaluates the 

computational feasibility of the framework when deployed on embedded sensor 

nodes. 

8.3.3 Memory Metrics for WSN Implementation 

As memory plays a key role in WSN nodes, two related measures were noted. 

I.  Peak Working-Set RAM: It is the highest amount of memory used by the 

compression code during its run. This value tells how much RAM a 

microcontroller needs to run the method properly. It was measured using Python’s 

tracemalloc tool. It helps track the memory used by different parts of the algorithm 

such as residual buffers, Canonical Huffman tables, and bit-packing arrays.  

II.  Resident-Set Size Change (RSS Δ): The overall change in system-level 

memory usage, obtained via psutil. This includes additional pages mapped by the 

operating system or dependent libraries and therefore represents the worst-case 

memory growth during execution. 

 

Together, these two measures provide a realistic view of both the internal memory 

footprint of the framework and its practical impact on the constrained memory budgets 

of WSN devices. 

 

8.4 Method Overview 

The proposed MOR-ALDC algorithm combines residual transformation with 

canonical Huffman coding. It forms a simple and lossless compression process made 

specially for WSN data. This method reduces repeated patterns over time and hence 

compresses the data using very little memory. It also helps save energy by sending 

smaller data packets. The full process is shown in Fig. 8.2. 
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8.4.1 Algorithm Overview  

MOR-ALDC is a simple lossless compression method made for WSN sensor 

data. In such data, most readings are almost the same as the previous ones. So, the 

raw data is first changed into small differences, called residuals. After that, a light 

Canonical Huffman coding is applied to these values. This two-step method reduces 

the number of bits sent while adding only a little extra work for the node. It works in 

three simple steps: 

1. Residual Transformation  

Most environmental sensors change slowly over time. When we 

subtract each reading from the one before it, the result is mostly a small 

number close to zero. These small values are easier to compress than the 

original readings. Figure 8.2 shows this process using a sample input signal 

and its matching residual values. 

Given a sequence of quantized readings  

             𝑋={𝑥1, 𝑥2 ,…,𝑥𝑛 }   

were     

X: complete input time-series of n sensor readings, 

𝑥𝑡: value of the sensor reading at discrete time step t, with t=1,2,…,n. 

          

The residual signal rₜ is computed using first-order differencing: 

            𝑟(𝑡) = 𝑥𝑡 − 𝑥(𝑡−1)     for t=2, 3..., n.            (8.3)  

       We set 𝑟1  = 0  

Here:  

• r(t): residual (difference between consecutive samples). 

                                                                              

This residual transformation exploits temporal redundancy in sensor 

data, yielding a signal where the majority of values are clustered around zero. 

This naturally reduces entropy and makes the data more amenable to 

compression using variable-length coding.  
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           Fig. 8.2: Flowchart of the Residual Transformation Process in MOR-ALDC  

2. Canonical Huffman Encoding  

Once residuals are obtained, MOR-ALDC builds a frequency 

histogram and applies the two-queue Huffman algorithm to determine the 

optimal code-length for every symbol. These (symbol, length) pairs are 

sorted, and canonical Huffman codes are assigned shorter codes first, then 

symbols in lexicographic order. Because the decoder can regenerate every 

code from the length table alone, only this compact length table needs to be 

stored or sent. Each residual is then replaced by its canonical code and bit -

packed into the output stream and  gives the same compression result as the 

normal Huffman coding but needs only a few KB of memory. So, it can easily 

work on small WSN nodes with less memory. Fig 8.3 shows the four steps: 

(1) build the residual histogram; (2) derive the code-length table with the two-

queue pass; (3) assign canonical codes; and (4) bit-pack the encoded 

residuals. 

 

Fig. 8.3: Flowchart of the Canonical-Huffman encoding stage in MOR-ALDC 

3. Transmission Energy Estimation  

To measure how compression affects energy use, we used the first-order 

radio energy model. This model is commonly used in WSN research. 

𝐸𝑡𝑥 = 𝑏 × 𝐸𝑒𝑙𝑒𝑐 + 𝑏 × 𝜀𝑎𝑚𝑝 × 𝑑2                 (8.4) 

Where: 

 𝐸𝑡𝑥 : Total transmission energy,  

𝜀𝑎𝑚𝑝 : Energy used by the transmitter amplifier per bit per m²,  
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𝐸𝑒𝑙𝑒𝑐  : electronic energy consumed per bit (J/bit), 

  b : Number of transmitted bits,  

  d : Transmission distance (in meters)  

 

This helps to compare the energy used before and after compression. 

Algorithm 8.1 shows the full steps used to implement the MOR-ALDC 

method as explained above. 

 

Algorithm 8.1: Residual-Canonical Compression Pipeline 

                    

8.5 Implementation and Experimental Protocol 

The MOR-ALDC was implemented and tested along with other well-known 

lossless compression methods under the same conditions. This part explains the setup 

used for testing, how the benchmarks were done, and the steps followed to make the 

results fair and easy to repeat. 

8.5.1 Experimental Configuration 

All experiments in this chapter were done on a normal personal Laptop to 

keep the testing close to real research conditions. The system used a 13th Generation 

Intel® Core™ i7-1355U processor running at 1.70 GHz, with 10 cores and 12 
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threads. It had 16 GB of RAM, out of which 15.7 GB was usable. The computer used 

a 64-bit Windows 11 Home operating system (Version 24H2, Build 26100.4061) on 

a 64-bit x64 platform. 

The programming work was done in Python 3.12. The main libraries used 

were NumPy, Pandas, Matplotlib, and the built-in versions of zlib, LZ4, and 

Zstandard for compression. All coding, debugging, and testing were done in PyCharm 

Professional 2025, which gave a stable platform for implementation. The datasets 

used for testing included the Intel Lab wireless sensor network data and the synthetic 

dataset discussed earlier in Section 8.3. This dataset had slow-changing, periodic, 

bursty, and noisy signals. We did not use CSV files. The sensor readings were scaled 

and saved as 16-bit values to keep the setup like real-world use as much as possible. 

Using this binary data helps remove extra file overhead and shows the real 

redundancy in the signals. Unless mentioned otherwise, all CR and results are based 

on these 16-bit binary streams. This makes sure that the testing of MOR-ALDC and 

other methods reflects real WSN conditions and not just file storage behavior. 

8.5.2 Benchmarking Protocol 

For comparison, the MOR-ALDC was tested along with three common 

lossless compression methods zlib, LZ4, and Zstandard (Zstd). All algorithms were 

made to work on the same sensor data so that the results stayed fair and balanced. 

The other codecs were used directly on the raw sensor data, while MOR-ALDC 

followed its two-step process of residual transformation and canonical Huffman 

coding. This approach was designed to make better use of the patterns found in WSN 

signals. 

For fair comparison all tests were carried out under the same setup and system 

conditions. This helped to show the real difference in performance between the 

algorithms without any effect from data handling or system variation. The key 

features of these methods are given in Table 8.1. 
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Table 8.1: Characteristics of compression algorithms compared with MOR-ALDC. 

Algorith

m 

Compression 

Type 

Domain Speed Profile Preprocessing 

Used 

WSN Suitability 

Zlib Lossless 

(DEFLATE) 

General 

purpose 

Moderate None Widely used; 

moderate compression 

and speed 

LZ4 Lossless (LZ77-

based) 

General 

purpose 

Very fast None Suitable for real-time 

WSN use due to 

speed 

Zstd Lossless 

(dictionary + 

entropy coding) 

General 

purpose 

Fast and 

balanced 

None Good balance of 

speed and 

compression 

MOR-

ALDC 

Lossless 

(residual + 

canonical 

Huffman) 

WSN-

specific 

Lightweight, 

linear 

Residual 

transformation 

High compression and 

energy savings, 

tailored for WSN 

workloads 

 

8.6 Results and Discussion 

To test the performance of the MOR-ALDC framework, experiments were 

done on both type of data synthetic and real. The results were compared with three 

commonly used codecs i.e. zlib, LZ4, and Zstd , under the same conditions. The 

comparison used four measures: CR, CS ,energy used for data transfer, encoding 

time, and memory use.  

8.6.1 Synthetic Data Evaluation 

The synthetic dataset was used to test the MOR-ALDC method under 

different signal conditions to check how the method performs under various data 

patterns found in WSNs 

i. Compression Ratio Analysis 

 

      The results emphasised that MOR-ALDC gives a higher compression 

ratio than the other methods. As shown in Table 8.2, it reached 8.54×, which 

is better than Zstd (7.59×), zlib (7.42×), and LZ4 (4.9×). This better result 

comes from how the method groups similar residual values and uses 

Canonical Huffman coding efficiently. The improvement over LZ4 is large 

because LZ4 mainly focuses on speed and not on strong compression. Figure 

8.4 shows the same trend by comparing the compression ratios of all the 

methods on the sample dataset. 
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Table 8.2: Compression and Energy Performance on Synthetic WSN Data 

Algorithm Compression 

Ratio (CR) 

Original 

Energy (J) 

Compressed 

Energy (J) 

Energy 

Savings 

(%) 

Zlib 7.42 0.0096 0.001294 86.52 

LZ4 4.90 0.0096 0.001958 79.60 

Zstd 7.59 0.0096 0.001265 86.83 

MOR-

ALDC 

8.54 0.0096 0.001125 88.28 

 

 

 

 

Fig 8.4: Compression ratio of algorithms on synthetic WSN data 

 

ii. Energy Savings 

 

      The reduction in transmitted bits helped save a large amount of energy. 

As shown in table 8.2, MOR-ALDC gave the highest saving of 88.28%, 

which is slightly higher than Zstd, zlib, and LZ4. Figure 8.5 also shows this 

trend. Even small improvements in compression led to clear energy gains, 

which is important since sending data takes most of the power in WSNs. 
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Fig. 8.5:  Energy savings of compression algorithms on Synthetic WSN Data  

 

iii. Runtime Performance 

 

The other compression methods worked a little faster, taking around 0.0002–

0.0003 seconds for 2000 samples. MOR-ALDC took about 0.0031 seconds, 

which means roughly 1.6 microseconds per sample. The comparison is 

summarized in Table 8.3. 

This small delay is very minor compared to the normal working time of sensor 

nodes. So, the extra time is acceptable because it gives much better 

compression and saves more energy.  

 

           Table 8.3. Encoding Time Comparison (Synthetic Data, 2000 Samples) 

Algorithm MOR-ALDC zlib LZ4 Zstd 

Encoding Time (s) 0.003148 0.000243 0.000300 0.000204 

 

iv. Memory Usage 

 

The memory test showed that MOR-ALDC used only about 3 KB of RAM at 

its highest point. The other methods needed much more, between 85 and 294 

KB. Because of this small memory need, MOR-ALDC is more practical for 

small WSN nodes where memory is limited. 

         In short, the tests on synthetic data show that MOR-ALDC works better than 

the other common methods. It gives higher compression, saves more energy, 

and uses less memory, while adding only a very small delay in runtime. 
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8.6.2 Real-World Data Evaluation 

To test how well MOR-ALDC works in real conditions, more experiments were done 

using the Intel Berkeley Research Lab dataset. This data was collected from 54 

wireless sensor nodes over a long period. It includes readings of temperature, 

humidity, light, and voltage. For this study, the focus was mainly on temperature 

data. 

(i) Residual Transformation 

 

Figure 8.6 shows the effect of residual transformation on the real life data. The 

original signal changes slowly and has some noise, while the residual signal mostly 

stays close to zero with small variations. This shows that the readings are related 

over time, which helps in reducing data size. 

Table 8.4 and Fig.8.7 shows the most common residual values, and more 

than 80% of them lie between −1 and +1. These results confirm that the data keeps 

strong time-based similarity, which makes it suitable for compression using 

Canonical Huffman coding. 

 

 

Fig. 8.6: Residual Transformation of Intel Lab WSN Temperature Data. (a) Original 

temperature signal, (b) residual signal after first-order differencing. 

 

Table 8.4: Top 10 Most Frequent Residuals in the Intel Lab Real-World WSN Dataset 

Residual 

Value 

0 1 −1 2 −2 −1004 3 1004 −3 1003 

Frequency 29342 2989 2985 360 321 142 137 137 115 112 
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Fig. 8.7: Top 10 Residual Frequencies for Real-World Intel Lab WSN Data 

 

(ii) Compression Ratio Analysis 

 

The results on real sensor data showed a similar pattern to the synthetic tests. As 

seen in Table 8.5, MOR-ALDC reached a CR of 5.79×, which is higher than zlib 

(5.50×), Zstd (5.35×), and LZ4 (4.17×). Although the gap was slightly smaller, 

MOR-ALDC still gave better results. Figure 8.8 validate this trend and shows that 

its preprocessing step helps even when the data has noise or random changes.  

 

Table 8.5 Compression Ratio and Energy Savings on Real-World WSN Data 

Algorithm Compression 

Ratio (CR) 

Original 

Energy (J) 

Compressed 

Energy (J) 

Energy 

Savings 

(%) 

Zlib 5.50 0.206626 0.037572 81.82 

LZ4 4.17 0.206626 0.049567 76.01 

Zstd 5.35 0.206626 0.038599 81.32 

MOR-

ALDC 

5.79 0.206626 0.035686 
 

82.73 
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Fig. 8.8: Compression Ratio of Algorithms on Real WSN data 

 

 

(iii) Energy Savings 

 

        The better compression also helped in saving more energy. As shown in 

Table 8.5, MOR-ALDC saved about 82.73% of transmission energy, which is 

slightly higher than zlib (81.82%) and Zstd (81.32%). LZ4 gave lower savings 

at 76.01%. Figure 8.9 also shows that MOR-ALDC can save more power in 

comparison to other while still keeping the data fully lossless.  

 

 

Fig. 8.9: Energy Savings of Compression Algorithms on Real WSN Data 
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(iv) Runtime Performance 

 

Table 8.6 shows that the other compression methods worked faster on 

the Intel Lab data, taking about 0.004–0.006 seconds for 43,047 samples. 

MOR-ALDC took 0.065 seconds for the same data, which is around 1.5 

microseconds per sample. Though it is a little slower, this extra time is very 

small compared to the sensor’s working cycle. The time difference is 

acceptable because the method saves much more energy during data 

transmission. 

 

TABLE 8.6: Encoding Time Comparison (Real-World WSN Data, 43,047 

samples) 

Algorithm MOR-ALDC zlib LZ4 Zstd 

Encoding Time (s) 0.065205 0.005986 0.006393 0.004090 

 

(v) Memory Usage 

 

  The memory test showed that MOR-ALDC take very little space. It 

needed only around 16 KB of RAM at its highest use. As highlighted in Fig.8.10, 

MOR-ALAC in comparison with the other codecs used between 85 KB and 294 

KB of memory. Because of its low memory need, MOR-ALDC can easily run 

on these small devices without disturbing how the sensors collect and share data. 

8.6.3 Comparative Discussion 

The overall results clearly show that MOR-ALDC gives better compression and 

energy savings than the other methods. Its design helps balance speed, memory, and 

power use, which is important for low-resource sensor nodes. In short, the method 

gives the best trade-off between performance and resource use, making it more 

practical for real WSN applications. 

 

Fig. 8.10: Memory usage comparison across codecs for synthetic and real WSN 

streams: (a) Peak working-set RAM, (b) Additional RAM usage (RSS Δ) 
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Taken together, these results show that tailoring compression specifically to 

the properties of WSN signals brings significant benefits. MOR-ALDC achieves a 

practical balance of compression ratio, energy efficiency, and memory use, making it 

a strong candidate for deployment in real wireless sensor network environments. The 

run time of MOR-ALDC was a little longer than the fastest methods, but this small 

delay is acceptable because it gives much better energy savings. 

8.7 Limitations and Applicability 

The MOR-ALDC algorithm has two main limits. The one limitation is that it 

works best when sensor readings change slowly with time. When two readings are 

close to each other, the residual method gives good results. But if the readings are 

very random or have no pattern, the compression does not work as well. 

The other limitation is that the system is rigid not flexible. Once the canonical 

Huffman codebook is made, it stays the same for all the data due to this the system 

cannot decide when to use compression or when to skip it. In the next chapter, we 

have improved it by adding AI-based learning so that it can adjust automatically.  

Even with these limits, MOR-ALDC can be used in many real world 

applications. It works well for environmental data, smart farming, industry use, and 

health monitoring of buildings or machines especially where the data mostly changes 

slowly, with some sudden jumps or noise. For such type of data, the method gives 

good compression and saves energy as it runs easily on small WSN devices with less 

memory and power. So, MOR-ALDC is a good and practical choice for real-world 

use. 

 

8.8 Conclusion 

In this chapter we studied the MOR-ALDC algorithm in detail and showed how it 

works well for WSNs. The results proved that the method can be used easily in 

software and gives good performance. It meets its main goals high CR, low power use, 

and less memory need. In short, the software tests confirmed that MOR-ALDC is a 

suitable and efficient method for WSNs 

The next chapter focuses on using hardware validation of MOR-ALDC on FPGA 

hardware. It explains how the simple design of this method can be used for real-time 

WSN. At this phase, we also make the system flexible by adding AIoT-based learning, 

so the system can decide on its own when and how to compress data. In this way, the 

benefits of MOR-ALDC can be used in more practical and changing IoT setups in the 

real-world conditions. 
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                                  CHAPTER 9 

 

Edge and FPGA Acceleration of AI-Guided Compression 

9.1 Introduction 

 

In the previous chapter, we showed that the MOR-ALDC algorithm runs quite 

well in software. Now the aim is to take it a step closer to real world use moving it 

towards edge and hardware levels. This stage of our work mainly looks at two sides: 

edge integration and FPGA acceleration. 

On the edge side, we tried to bring the thinking part near the data source. 

Instead of sending every single reading to the cloud, the setup itself decides when to 

compress and by how much. It depends on a few things network speed, how the signal 

behaves, and how much energy the device still has. That way, bandwidth and power 

both get saved, and the key data remains ready when needed. 

On the hardware front, we used an FPGA to make MOR-ALDC run live in 

real time. FPGAs can work in parallel, are flexible to modify, and need very little 

power perfect for small sensor nodes. We also put a few light ML modules next to the 

compression part, so the design can adjust on its own when the data or environment 

changes a bit. 

This chapter is divided into two main parts. Part A explains our IoT-based 

edge framework for adaptive compression and security, developed and tested in a 

software setting. Part B describes the FPGA realization of MOR-ALDC with AI-

guided modules, presenting the hardware side of feasibility. With these combined 

efforts, we have moved the framework a step closer to a working, deployment-ready 

system. 

 

9.2 Research Objectives 

The main objectives of this chapter are: 

 

1. To designed an edge design for adaptive lossless compression of IoT data, allowing 

decisions near the data source to save energy, bandwidth, and time. 

 

2. To ensured data integrity and security so that sensitive information remains 

accurate and safe during real-time transmission. 



119 
 

 

3. To implemented the MOR-ALDC core on FPGA hardware to validate that the 

method works in a compact, low-power, and real-time form for sensor networks. 

 

4. To added AI-guided adaptiveness in the FPGA design to enable intelligent tasks 

such as signal classification, anomaly detection, and energy-aware operation. 

 

9.3 Experimental Setup - Datasets & Metrics 

We tested the framework in both edge and FPGA setups. The tests were done 

on a few different datasets using one common set of metrics. The idea was simple to 

see how the system behaves in conditions close to real IoT use. In real life, data 

doesn’t come in one pattern; it changes a lot in type and speed. So, we picked datasets 

that had a mix of real-world and standard benchmark data. This helped us check how 

the setup reacts when the input changes. The same metrics were used for both 

software and hardware runs, just to keep the comparison fair and easy to follow. 

 

9.3.1 Datasets 

We used several datasets to test the framework in both edge and FPGA setups. 

For the IoT edge part, we worked on four kinds of data images, sensor readings, 

financial time-series, and text logs. These were picked because they show the kind of 

variety that usually comes in IoT systems. Some of it is multimedia, some is from 

sensors or structured records, and a few are just text-based logs. This mix gave us a 

fair idea of how the setup handles different types of information. 

This way, we could see how the framework behaves under different data 

conditions, close to what happens in actual IoT networks. 

For the AIoT–FPGA implementation, we have used the same datasets applied 

in earlier phases of this research. They include a synthetic dataset of 600 windows 

with 100 samples each, the Intel Lab dataset containing 34,443 temperature samples 

divided into 344 windows, and the UCI Air Quality dataset with 935,700 temperature 

readings split into 93 windows. Each signal was processed in fixed-length windows 

of 100 samples to maintain uniform evaluation and fair comparison across all 

methods. The preprocessing steps and dataset details have already been discussed in 

Chapter 3. 
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9.3.2 Evaluation Metrics 

We have evaluated the IoT edge framework using three main measures. The 

first was the CR, which shows how much data reduction was achieved. The second 

focused on energy savings, calculated as the percentage reduction in energy use for 

different data types. The third measure checked the accuracy of reconstructed data 

using Root Mean Squared Error (RMSE) and Peak Signal-to-Noise Ratio (PSNR).  

For the AIoT–FPGA setup, we looked at both software and hardware sides 

together. In our tests, we checked the compression ratio (CR), time taken per window, 

and energy used (in mJ) to see if the design really suits low-power IoT devices. We 

also kept track of the memory use and other hardware things like resource count, 

delay, and power draw. These FPGA readings came from Vivado runs on the Artix-

7 board, which gave a good idea of how the design might behave in real conditions. 

 

9.4 Part A: IoT Edge Framework 

9.4.1 Method Overview 

We made the IoT edge framework to make data transfer more energy-efficient 

and secure. It’s built with three main layers — the IoT Device Layer, the Edge Layer, 

and the Cloud Layer. Each one plays its own part so that compression stays useful, 

dependable, and safe for real-world systems. 

1. IoT Device Layer 

Here, the raw data comes directly from IoT sensors and devices. The packets are 

taken in real time without affecting how the device normally works. In our setup, 

this part was made inside a controlled software setup. We used Wireshark to 

collect the packets and then got them ready for the next step of processing. 

2. Edge Layer 

This is the main working part of the framework. It includes three small modules 

that handle compression, data quality, and security together:  

a. Adaptive Compression: This module changes the compression strength 

based on the network speed and how capable the device is. It helps keep a 

good balance between saving energy and keeping the processing light. 

b. Quality Adjustment Control: In this part, we used a few small machine 

learning checks to keep track of how accurate the compressed data stays. 

The module tweaks the compression settings on the go, making sure that the 

key data stays clear and correct when it matters. 
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c. Security Protocol: This part keeps the data safe and private. It uses 

encryption, anonymization, and digital signatures to protect the packets 

from possible cyber threats. 

All these modules were made and tested using Python. This setup helped 

us simulate the full edge-processing workflow in a realistic and easy to 

control software environment. 

3. Cloud Layer: 

 

In final step, we have sent the processed packets to the cloud layer. This layer 

handles long-term storage and performs higher-level analytics. It helps generate 

real-time insights and supports automated decisions without adding any delay to 

device operations. 

The complete workflow of the framework is shown in Fig. 9.1. It presents how 

data moves from collection at IoT devices, through adaptive compression and quality 

control at the edge, and finally reaches the cloud for secure transmission and analysis. 

 

Fig. 9.1: Layout Of the Proposed Iot Based Edge Computing Framework 

▪ Illustrated Example  

We have explained the working of the framework through a simple example. Imagine 

a sensor that records temperature in a room. At the device layer (see Fig. 9.1), these 

readings are grouped into data packets. Once the packets reach the edge layer, three 

steps take place: 
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1. Adaptive compression reduces the packet size. When the network is busy, the 

system compresses more; when it is free, compression is lighter. The process 

remains lossless, so the original temperature values can always be recovered. 

2. Quality control verifies that the compressed data matches the original readings 

exactly. 

3. Security protection is applied to keep the data safe during transfer. 

After these steps, the cloud layer receives the compressed and secure data for storage 

or further analysis. This setup keeps the data small and safe while staying accurate. At 

the same time, it cuts down a bit on energy and bandwidth use. 

9.4.2 Implementation and Experimental Protocol (IoT Edge Framework) 

We implemented the IoT edge framework in a controlled software setup to see how 

well it can actually work under real-world conditions. At the device level, raw IoT 

traffic was created and captured with Wireshark. The packets we collected, shown in 

Fig. 9.2, were then used as input for the edge-side processing. 

At the edge, the data passed through three small Python modules that handled 

adaptive compression, quality checks, and security. This kind of setup made the 

testing easier to repeat and simpler to verify later when we move it to hardware. 

The datasets and metrics used here were the same ones explained earlier in Sections 

9.3.1 and 9.3.2. Keeping them the same helped maintain consistency and avoided any 

change in the evaluation process. 

For benchmarking, we compared our method with some well-known techniques like 

ADCA, RCQA, and SCTP. We also looked at the more recent works by Nasif, 

Chang, Tosoni, and Qiu to make the comparison fair and complete. 
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Fig. 9.2: Iot Sensor Packets Captured at the Device Layer using Wireshark 

 

9.4.3 Results and Discussion of IoT Edge Framework 

 

When tested under the same setup, the proposed IoT edge framework was compared 

with both recent studies and standard algorithms. The comparison covered works by 

Nasif et al. (2024), Chang and Sobelman (2024), Tosoni et al. (2025), and Qiu et al. 

(2025), along with three known baselines — ADCA, RCQA, and SCTP. We used the 

reported values from these studies directly so that the evaluation stays fair and open. 

Under identical testing, our framework gave the best results overall. It reached an 

RMSE of about 0.6653 and a PSNR of 92.14, which clearly shows better 

reconstruction accuracy. In other methods, RMSE was mostly between 1.25 and 1.85, 

and PSNR stayed below 90. The lower RMSE here means less difference from the real 

data, and the higher PSNR shows that the reconstructed signals stayed quite clear. 

Table 9.1 gives a summary of these results, and the full layered setup can be seen in 

Fig. 9.1. Apart from accuracy, the framework also saved energy, which makes it a 

good fit for edge-based IoT systems. From these tests, it looks clear that the design 

works well under different setups and can be used in real IoT conditions. 
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Table 9.1: Comparative analysis of the proposed approach with existing compression 

algorithms and recent studies 

Approaches / Algorithms / Recent Studies Avg. RMSE Avg. PSNR 

Nasif et al. (2024) 1.8562 80.02 

Chang et al. (2024) 1.7433 86.43 

Tosoni et al. (2025) 1.5341 84.45 

Qiu et al. (2025) 1.4873 88.09 

ADCA 1.4567 79.12 

RCQA 1.3612 83.76 

SCTP 1.2583 82.35 

Proposed Lossless Compression 0.6653 92.14 

The energy results in Table 9.2 clearly show the strength of the proposed 

method. For image data, the power use was roughly 92% without any compression, 

about 89% with moderate compression, and dropped to nearly 80% with the proposed 

setup. A similar pattern showed up for sensor, financial, and text data too. On average, 

the saving was close to 10–15% over moderate compression and around 20% when 

compared to sending the data raw. 

 

Table 9.2: Power consumption analysis of the proposed approach based on 

compression level 

Data Type No 

Compression 

Moderate 

Compression 

Lossless Compression 

(Proposed) 

Image data 92% 89% 80% 

Sensor data 95% 91% 85% 

Financial 

data 

98% 95% 90% 

Text data 94% 92% 88% 

 

These results confirm that the setup delivers higher reconstruction accuracy 

and substantial energy savings compared to conventional methods. It seems to fit 

nicely in IoT setups where we need both good accuracy and careful use of power and 

memory 
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9.4.4 Limitations and Applicability 

There are a few limits noticed in this study. Lossless compression works well 

only when the data has some kind of pattern or repetition. When the signal is too 

random or has high entropy, compression doesn’t help much because there isn’t 

enough redundancy to remove. Another issue comes with choosing the right 

parameters, especially for image data. Keeping good quality while trying to get high 

compression needs a bit of careful tuning. If that balance goes off, the output might 

not meet the needs of sensitive or critical applications. 

Still, the proposed IoT-based lossless compression setup has many possible 

uses. In general systems, it can work like ZIP compression to store or send data safely 

and efficiently. In fields like healthcare, it can help compress and encode patient 

records or medical images, where accuracy can’t be compromised. Apart from such 

single uses, the same approach also helps the wider IoT setup by cutting down the 

raw data sent to the cloud. This, in turn, reduces the pressure on data centres and 

saves energy, which makes large-scale IoT systems more sustainable in the long run. 

 

9.5 Part B: AIoT–FPGA Framework 

9.5.1 Method Overview 

In this part, we took the earlier MOR-ALDC framework and made it smarter 

by adding some intelligence at the edge. Its compression core was also made faster 

using FPGA. The new version, called AIoT–MOR-ALDC, was built in three main 

steps: codec testing, AI-based adaptiveness, and finally the hardware setup. 

Step 1: Codec Benchmarking and Backbone Selection 

In the first step, we tested a few different codecs after applying residual 

transformation to the signals. The idea was to see which one could work best as 

the main backbone for the system. After several trials, Canonical Huffman 

coding turned out to be the most balanced option. It gave a good mix of 

compression, speed, and low memory use, making it a natural choice for the 

setup. These features make it a good fit for small and resource-limited IoT nodes. 

Step 2: AI-Guided Adaptiveness 

 

In this stage adaptiveness was added with the help of three small and simple 
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machine learning modules. Each signal window, having 100 samples, was 

processed one after another in sequence. 

• A Random Forest classifier identified the pattern of the signal, such as smooth, 

burst, drift, or noisy. 

• An Isolation Forest anomaly detector, using an eight-dimensional feature vector, 

marked any unusual behaviour to ensure that critical information was retained. 

• A Logistic Regression model then combined the feature set and anomaly scores 

to decide whether compression would save energy. 

When compression gave a clear benefit, the data window was encoded using 

MOR-ALDC. If not, it was sent directly in its raw form. To check how well the 

system performed, the AIoT–MOR-ALDC approach was compared with four 

commonly used codecs Huffman, RLE, FELACS, and Rice.  

▪ Illustrated Example 

We took a simple temperature-monitoring example. A sensor records 100 

readings, which together make one data window. The pattern classifier identifies 

this window as periodic when the values show a smooth daily change, or noisy 

when they fluctuate irregularly. Next, the anomaly detector checks for unusual 

activity. For instance, if a heater is turned on and the temperature spikes 

suddenly, the event is marked as an anomaly. After that, the energy-aware model 

decides whether compression is worthwhile. When the network is congested, 

compression helps save both bandwidth and power, and the data is encoded using 

MOR-ALDC. If the signal is already simple or compression offers little benefit, 

the raw data is sent directly. Through this process, we have ensured that normal 

data is compressed, anomalies are preserved exactly, and unnecessary 

computation is avoided when compression provides no advantage. 

Step 3: FPGA Realization 

In the last stage, the MOR-ALDC compression core was implemented 

on an FPGA platform. The design was written in VHDL and synthesized on a 

Xilinx Zynq-7020 board using the Vivado toolchain. The hardware works in real 

time, it calculates residuals, aligns them using registers, and maps them to 

Canonical Huffman codes stored inside a small ROM. 

To make the setup ready for real-time IoT applications, the pipeline was 

tuned to keep a steady two-cycle encoding delay. This hardware test shows that 

the MOR-ALDC algorithm can run efficiently on reconfigurable hardware, even 

when resources are limited. 
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9.5.2 Implementation & Experimental Protocol of AIoT–FPGA Framework 

The three sequential stages of implementation of the AIoT-MOR-ALDC 

approach are  

 

i. Codec Benchmarking and Backbone Selection 

In the first stage we focused on benchmarking multiple codecs to find 

a good backbone for the system. Before adding AI-guided adaptiveness, a 

detailed study was done on different compression methods after applying 

residual transformation to the input signals. Five codecs were tested under 

the same setup Canonical Huffman (MOR-ALDC backbone), RLE + 

Huffman, Rice coding, Zlib, and LZ4. 

The general-purpose algorithms like Zlib and LZ4 gave strong 

compression but needed more memory and power, which makes them less 

suitable for small IoT nodes. On the other side, simple methods like RLE and 

Rice coding used less energy but showed weaker compression. The Canonical 

Huffman method gave the right balance   reliable compression, fast runtime, 

and low memory use. It is again proved that the Residual Transformation + 

Canonical Huffman combination was selected as the backbone codec for the 

AI-guided compression pipeline and FPGA setup.  

ii. Codec Selection for AIoT Evaluation 

In this stage, the AIoT–MOR-ALDC setup was tested against four 

common codecs Huffman, RLE, FELACS, and Rice. These cover different 

ways of doing compression in IoT and WSN systems. 

To keep things fair, all codecs ran with their default settings on the same 

datasets. That made the comparison honest and easy to judge. The evaluation 

was done in two parts, first, to pick the best backbone codec, and then, to check 

how the proposed AIoT-MOR-ALDC performs against the rest. In the end, the 

framework came out strong. It worked smoothly, showed reliable results, and 

proved more adaptive and efficient than the others. 

 

iii. AI Module Training and Evaluation 

 

Three small and simple machine learning models were trained and 

tested to guide the adaptive behaviour of the system. Each signal stream was 

split into separate, non-overlapping windows of 100 samples, which acted as 

the basic unit for both training and testing. The models worked one after 

another in sequence, as shown in Fig. 9.3. 
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▪  Pattern Classifier (Random Forest) 

A Random Forest classifier was trained on raw 100-sample windows using an 

80/20 train–test split. The model had 100 trees with depth settings tuned 

through cross-validation. It reached 100% accuracy, correctly identifying six 

signal types smooth, periodic, drift, burst, noisy, and mixed. 

An example of one of the decision trees from this classifier is given in 

Appendix II (Fig. I.1). It shows how different WSN signal windows were 

divided into their respective categories. 

 

(b) Anomaly Detector (Isolation Forest) 

For anomaly detection, each data window was converted into an 8-

dimensional feature vector that captured both statistical and dynamic 

properties, as described in Table 9.3. The Isolation Forest model, using 100 

estimators and a contamination rate of 0.05, successfully separated normal 

windows (95%) from anomalous ones (5%). 

(c) Energy Decision Model (Logistic Regression) 

In the last stage, a logistic regression model was trained on the same 

feature vectors, combined with the anomaly scores. L2 regularization was used 

in the logistic regression model to keep the weights small and make the energy-

saving predictions more stable and reliable. it predicted whether compression 

would help save energy. On the test data, the model suggested compression for 

98.8% of the windows and skipping for 1.2%, showing a clear preference 

toward energy-efficient operation. 

The training results and performance values for all three AI modules 

are shown in Table 9.3. The models gave stable and accurate results across all 

tests, which shows that they are reliable and suitable for use in the AIoT–MOR-

ALDC setup. 
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Table 9.3: Training Details and Performance of AI Modules 

Module Input 

Features 

Training Details Performance 

(Test Set) 

Pattern 

Classifier 

Raw 100-

point 

signal 

windows 

Random Forest, 

80/20 train-test 

split, 100 trees, 

depth tuned via 5-

fold CV 

100% accuracy; 

perfect 

separation of 6 

classes 

 

Anomaly 

Detector 

8-D 

statistical 

feature 

vector 

Isolation Forest, 

100 estimators, 

contamination = 

0.05 

Normal: 570 

(95%), 

Anomalous: 30 

(5%) 

 

Energy Decision 

Model 

8-D feature 

vector + 

anomaly 

score 

Logistic 

Regression, L2 

regularization 

(C=1.0), 5-fold 

CV 

Compress: 593 

windows 

(98.8%), Skip: 7 

(1.2%) 

 

 

Fig. 9.3: Flowchart of AI-guided Adaptiveness in the AIoT–MOR-ALDC 

Framework 
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▪ Statistical Features for Anomaly Detection 

Each signal window of 100 samples was represented by an 8-dimensional feature 

vector that captured both statistical and dynamic characteristics of the signal. These 

features, listed in Table 9.4, provide a compact summary of the data and help the 

anomaly detector distinguish normal behaviour from abnormal activity. 

Table 9.4: 8-D Statistical Features Extracted from each Signal Window 

Feature Description Purpose in anomaly 

detection 

Mean Average of all samples in the 

window 

Captures the overall signal 

level 

Standard 

Deviation 

Measure of variation around the 

mean 

Detects fluctuations and 

instability 

Skewness Degree of asymmetry in the data 

distribution 

Identifies bias towards high 

or low values 

Kurtosis Measure of "peakedness" or 

flatness of distribution 

Highlights sharp peaks or 

heavy tails 

Peak-to-Peak 

Range 

Difference between maximum 

and minimum values 

Flags extreme deviations 

within the window 

Average Slope Mean rate of change between 

consecutive samples 

Reflects overall trend or 

drift in the signal 

Zero-Crossings Number of times the signal 

crosses zero 

Indicates oscillatory or 

periodic behaviour 

Total Energy Sum of squared values of the 

samples 

Represents overall signal 

strength and bursts 

 

i. Software and FPGA Environment 

We have carried out the experiments in the same standard setup described 

earlier in Chapter 3 (Methodology). The FPGA synthesis was performed using 

Xilinx Vivado 2023.2, where the MOR-ALDC compression core was written 

in VHDL and mapped onto a Xilinx Zynq-7020 device. The design was first 

verified through RTL simulation to confirm correct functionality. After that, 

synthesis was completed to ensure proper timing and resource utilization. The 

AI modules continued to run in Python, following the same environment used 

in the earlier stages of this study. 
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ii. Experimental Protocol 

 

All experiments were done in the same standard setup mentioned in 

Chapter 3. For the software part, the AI modules and codec wrappers 

were written in Python and run on a workstation under fixed settings. 

For the hardware part, the synthesized design was loaded onto the FPGA and 

tested using the synthetic, Intel Lab, and Air Quality datasets. The main 

performance checks included CR, runtime, energy use, and memory footprint. 

These tests helped keep the comparison across codecs and datasets fair and 

consistent. The idea was to make sure that the results stayed clear and not 

affected by any bias. 

9.5.3 Results and Discussion of AIoT–FPGA Framework 

The AIoT–MOR-ALDC framework was tested in both software and hardware 

setups to check how well it works in real use. The results cover different parts codec 

benchmarking, AI-guided adaptiveness, dataset-level performance, and FPGA 

realization. Each part was studied carefully, and the main findings were discussed 

together with the observed outcomes. 

1. Pre-AI Codec Benchmarking 

Before adding the AI-based adaptiveness, five codecs were tested after applying 

residual transformation Canonical Huffman (MOR-ALDC), RLE + Huffman, Rice, 

Zlib, and LZ4. As seen in Table 9.5, the general-purpose codecs like Zlib and LZ4 

gave better compression ratios but needed more time and memory. On the other 

hand, lighter schemes such as RLE and Rice worked faster but showed poor 

compression results. 

Out of all, the Canonical Huffman (MOR-ALDC) method gave the most balanced 

outcome, combining good compression with low runtime and minimal memory use. 

Because of this balance, it was selected as the main backbone codec for the AIoT–

MOR-ALDC setup, especially for low-power WSN systems. 
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Table 9.5: Pre-AI codec benchmarking results on synthetic dataset (residual-

transformed signals) 

Codec Avg 

CR 

Avg Time 

(ms) 

Avg Energy 

(mJ) 

Avg Memory 

(KB) 

MOR-ALDC 

(Res+CH) 

5.29× 0.3501 0.01751 0.21 

RLE + Huffman 4.02× 0.2733 0.01367 0.31 

Rice 2.06× 0.1150 0.00575 1.92 

Zlib 2.33× 0.0217 0.00109 0.19 

LZ4 1.79× 0.0099 0.00050 0.38 

2. Dataset-Level Performance of AIoT–MOR-ALDC 

a) Synthetic Data 

After adding AI-guided adaptiveness, steady performance gains were seen across 

all datasets, as shown in Table 9.5. On the synthetic WSN dataset, the AIoT–MOR-

ALDC setup showed clear improvement over the baseline codecs. As shown in 

Table 9.6, it reached an average compression ratio of 10.02×, which is more than 

double that of Huffman (4.76×) and much higher than Rice (2.91×). Though RLE 

and FELACS worked faster, their compression stayed very low (0.5×), which limits 

their use in real IoT setups. 

The framework used only 0.0063 mJ per window, showing strong energy efficiency 

compared to its compression gain. Its memory use stayed low at 0.81 KB, much 

smaller than Rice (6.08 KB) and close to Huffman. The runtime of 6.35 ms was a 

bit higher, but still fine considering the better compression and lower data transfer 

load. 

Overall, the AI modules added no real overhead. These results show that intelligent, 

model-based control improves compression, saves energy, and keeps the design 

sustainable for IoT use. 

b) Intel Lab Dataset: 

The results for the Intel Lab dataset are shown in Table 9.7. Here, the AIoT–

MOR-ALDC setup did really well, reaching a compression ratio of 20.37×. That’s 

way higher than Huffman (7.71×), Rice (2.99×), and the light ones like RLE or 
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FELACS, which stayed close to 2×. So, roughly a three times improvement over the 

best of the older methods. 

Table 9.6: AIoT–MOR-ALDC versus standard codecs on synthetic WSN dataset 

Codec Avg CR Avg Time 

(ms) 

Avg Energy 

(mJ) 

Avg Memory 

(KB) 

Huffman 4.76× 0.28 0.00028 0.41 

RLE 0.50× 0.02 0.00002 0.35 

FELACS 0.50× 0.04 0.00004 0.03 

Rice 2.91× 0.14 0.00014 6.08 

AIoT–MOR-

ALDC 

10.02× 6.35 0.00635 0.81 

The runtime came out a little higher, about 4.71 ms, but the memory use 

stayed very low at around 0.8 KB. Energy use was also tiny — just 0.000707 mJ. All 

these numbers are easily within what small IoT devices can manage, and the trade-

off feels fair considering how much data it saves during transmission. 

From these tests, it’s clear that for real-world temperature readings, the AIoT–

MOR-ALDC adapts nicely to how the data behaves. It keeps important changes, cuts 

the redundant parts, and still runs efficiently. Overall, the setup looks practical and 

ready for real IoT edge use. 

Table 9.7: AIoT–MOR-ALDC versus standard codecs on Intel Lab dataset 

Codec Avg 

CR 

Avg Time 

(ms) 

Avg Energy 

(mJ) 

Avg Memory 

(KB) 

Huffman 7.71× 0.13 0.000019 0.80 

RLE 2.11× 0.02 0.000003 0.06 

FELACS 2.00× 0.02 0.000003 0.09 

Rice 2.99× 0.12 0.000019 3.90 

AIoT–MOR-ALDC 20.37× 4.71 0.000707 0.67 
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c) Air Quality Dataset: 

 The results for the Air Quality dataset are listed in Table 9.8. This one is quite 

noisy and changes a lot, but even then, the AIoT–MOR-ALDC setup worked nicely. 

It reached an average compression ratio of 6.77×, which is better than Huffman 

(5.10×) and Rice (3.84×). The improvement here is not as big as what we saw with 

the Synthetic or Intel Lab data, but it still shows that the system can deal with messy, 

real-world signals where noise makes compression tough. 

The framework ran with a runtime of 4.38 ms and used only 0.000657 mJ of 

energy both are well within what normal IoT boards can handle. The memory need 

was around 1.93 KB, a bit more than on simpler datasets but still okay for small edge 

devices. RLE and FELACS, on the other hand, barely did any compression (roughly 

0.54×), which again shows how this approach keeps a good balance between 

efficiency and accuracy. 

Even under such noisy data, the adaptive modules helped it hold steady 

performance without putting much load on the system. It stayed reliable not only in 

test runs but also in conditions closer to real IoT work, like air quality or weather 

monitoring, where readings keep changing every few seconds. 

 

Table 9.8: AIoT–MOR-ALDC versus standard codecs on Air Quality dataset 

Codec Avg CR Avg Time 

(ms) 

Avg Energy 

(mJ) 

Avg Memory 

(KB) 

Huffman 5.10× 0.20 0.000030 0.13 

RLE 0.54× 0.06 0.000008 0.00 

FELACS 0.54× 0.02 0.000003 0.22 

Rice 3.84× 0.12 0.000018 4.90 

AIoT–MOR-ALDC 6.77× 4.38 0.000657 1.93 

 

These results establish that adaptiveness is not only useful for synthetic datasets but 

also generalizes well to diverse and noisy real-world workloads. 
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3.  Impact of Adaptiveness 

The impact of adaptiveness in the AIoT–MOR-ALDC system can be noticed 

clearly in Figs. 9.4 and 9.5. These results show how the setup decides on its own 

when to apply compression and when to just skip it. This kind of smart selection helps 

the system run more efficiently overall. 

As seen in Fig. 9.4, the number of windows chosen for compression was 

different for each dataset. In the Synthetic dataset, about 90.7% of the windows got 

compressed, which makes sense since the data there is regular and quite predictable. 

But in the Intel Lab and Air Quality datasets, the numbers dropped to around 63%. 

Real data is usually noisy and irregular, so compression doesn’t always give much 

gain. 

Still, even with fewer windows being compressed, the total compression ratio 

actually went up ` that’s visible in Fig. 9.5. For example, in the Intel Lab dataset, it 

jumped from 20.37× (all windows) to 31.42× (only the compressed ones). For Air 

Quality, it rose from 6.77× to 10.09×, while the Synthetic data saw a small bump 

from 10.02× to 10.60×. These results make it clear that the adaptive logic focuses 

effort only where it counts, saving time and energy on the rest. 

This kind of smart selection is quite useful for IoT edge devices. By avoiding 

low-yield segments, the system saves both energy and processing time. It also helps 

extend the battery life of sensor nodes while still keeping the data accurate and 

reliable. 

 

Fig. 9.4: Percentage of Windows Compressed by AI–MOR-ALDC across Synthetic, Intel 

Lab, and Air Quality datasets. 
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Fig. 9.5: Effect of Adaptive Selection on average Compression Ratio Achieved by 

AIoT–MOR-ALDC across Datasets 

 

4. FPGA Realization 

To check the hardware feasibility of the design, the MOR-ALDC core was 

synthesized on a Xilinx Zynq-7020 (Artix-7) FPGA using the Vivado toolchain. The 

RTL schematic of the design is shown in Fig. 9.6. The process starts by storing the 

previous input sample, then calculating the residual, and finally mapping it to 

canonical Huffman codes kept in a small ROM. 

This setup shows that the complete compression process can be done through 

a compact and efficient hardware pipeline. The design fits well for IoT and WSN 

platforms where both power and memory are limited. 

 

 

Fig. 9.6: RTL Block Diagram of the Compressor 
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The functionality of the design was checked using RTL simulation. As seen 

in Fig. 9.7, the compressor gives one encoded symbol every two clock cycles. The 

timing waveforms confirmed that the residuals were computed correctly and the 

Huffman codes were fetched accurately. The latency stayed stable and predictable 

throughout the test. These results show that the compression core works well in real-

time streaming, where a steady output rate really matters. 

 

 

Fig. 9.7: Functional Simulation Waveform Showing Two-Cycle Latency and Correct 

Code Lookup 

After the simulation, the design was synthesized to check its hardware 

footprint. The post-synthesis utilization report, given in Table 9.9 and shown in Fig. 

9.8, shows that the setup uses very few resources only 41 LUTs (0.51%), 37 flip-flops 

(0.23%), and 19 I/Os (12.67%). It is important to note that the design does not use 

any BRAM or DSP blocks, which means it is lightweight and fits well within the 

limited resources of typical IoT nodes. 

 

Table 9.9: FPGA Resource Utilization of MOR-ALDC Core (Post-Synthesis, Xilinx 

Zynq-7020) 

 Resource Utilization Available Utilization (%) 

LUTs 41 8000 0.51 % 

FFs 37 16000 0.23 % 

IO 19 150 12.67 % 
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Fig. 9.8: Post-synthesis FPGA resource utilization of the MOR-ALDC core on Zynq-

7020. 

These results show that the MOR-ALDC core can be implemented on FPGA 

easily and with very low hardware cost. By moving the compression task to hardware 

and keeping the AI modules in software, the setup achieves a good balance between 

hardware and software. It keeps real-time performance steady while still allowing the 

flexibility needed for AI-based control. This makes it practical for modern IoT 

systems that need both speed and adaptability. 

Taken together, a few main outcomes stand out. First, the AI-guided 

adaptiveness helps improve efficiency by compressing only the data windows that 

give high returns. This selective method boosts the compression ratio and saves 

energy by avoiding useless computation. Second, the MOR-ALDC codec performs 

better than both general-purpose and WSN-based methods. It gives a good mix of 

compression gain, runtime, and memory use across all datasets. Lastly, the FPGA 

results confirm that the system is ready for actual use. It needs very few hardware 

resources, runs with stable latency, and works well for low-power IoT devices in real 

time. 

In short, these findings show that the AIoT–MOR-ALDC framework 

performs effectively in software and remains lightweight in hardware. We have 

demonstrated that it successfully bridges the gap between simulation and 

deployment, providing a practical and adaptive solution for IoT data compression. 
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2.11.1 Limitations and Applicability 

 

i. Limitations 

 

            Most of the limitations identified for the software implementation of MOR-

ALDC in Chapter 8, such as reduced effectiveness on highly noisy or weakly 

correlated signals, remain applicable here and are not repeated in detail. At the AIoT 

level, two additional considerations arise. First, the inclusion of lightweight AI 

modules (pattern classifier, anomaly detector, and energy model) introduces a modest 

runtime and energy overhead. While this overhead is small relative to the 

compression gains, it may be significant in ultra-constrained devices. Second, the 

current hardware–software partition places the AI modules in software while 

mapping only the compression core to FPGA. This setup keeps the design flexible, 

but it may not work well for very small sensor nodes that have limited processing 

power. 

ii. Applicability 

Even with a few limits, the AIoT–MOR-ALDC framework stays quite useful 

in areas where both efficiency and flexibility matter. It works nicely for 

environmental monitoring like tracking temperature, humidity, or air quality. The 

same setup can also be used in smart farming, industrial IoT, or predictive 

maintenance, for example in vibration or energy monitoring. It also suits structural 

health systems where data needs to be compressed but the key changes or faults must 

still be kept. The FPGA part further proves that the system can actually run in real 

time at the edge. It shows that this setup can help IoT devices last longer on battery 

and respond faster, even when power and bandwidth are very limited. 

9.6 Conclusion 

This chapter is the last stage of the work, where the MOR-ALDC system 

finally moved from plain simulation to something that can actually be deployed. The 

IoT edge setup showed that adaptive and secure lossless compression can run right at 

the data source. It helped save energy and bandwidth while still keeping the data 

quality almost the same. 

After that, the AIoT–MOR-ALDC version added a bit of intelligence using 

machine learning and also got a speed boost through FPGA. It gave strong 

compression results and used very little hardware, which makes it fit well for real IoT 

systems. 

Overall, the results show that the whole approach is not just solid in theory 

but also practical to use. It looks like a good step forward for upcoming IoT and WSN 

applications. 
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The results from this part complete the testing of MOR-ALDC at all three 

levels software, edge, and hardware. With its performance now well proven, the next 

chapter brings everything together and talks about the main contributions of this 

work. It also looks at what can be done next to take this research a step ahead. 
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CHAPTER 10 
 

CONCLUSION, FUTURE SCOPE, AND SOCIAL IMPACT 
 

 
10.1 Conclusions 

This chapter brings together the main findings of the work done .In this thesis, 

we studied efficient lossless data compression techniques and developed a new 

algorithm for IoT-based WSNs .Throughout this research, the work moved in phases 

from reviewing existing techniques in modern day life especially for WSNs, gaps 

where identified ,benchmarking was done  , the testing of hybrid methods, and then to 

design new algorithms and its hardware validation in VHDL using FPGA. 

In phase 1 we worked on improvement in algorithm efficiency of LZW. The 

LZWP version showed that even small changes in the dictionary updating methods can 

increase the processing speed significantly without reducing the compression ratio. 

The MOR-ALDC model incorporated the joining of residual transformation with 

canonical Huffman coding. It helped to lower memory use and consume less power 

ideal for working in constrained environment. From these results we find that with 

smart design, complex algorithms can be customised to meet specific requirements. 

 Next, we moved to the semantic based approach. As we all know data does not 

always follow one form, so we explored best possible way to match the nature of 

different data types. The ontology-driven methods, such as OntoRLE, showed that 

adding light semantic structure improves compression without changing the meaning 

of the data. In the next phase, hybrid cascaded methods were used on Devanagari-

based Hindi text. Results show that combining two or more algorithms together often 

works better than a single algorithm.  

The most important part of this thesis is the focus on practical testing. 

Compression is valuable only if it can be used in real life conditions, under real 

constraints. Software based AI-guided decision module and hardware-based 

compression on FPGA using VHDL shows that compression can be both adaptive 

and energy-aware. This structure decides when compression needs to done, and how 

best to apply it under varying bandwidth and power conditions which give it a upper 

edge from the static based methods. The successful hardware testing of the prototype 

confirmed that these ideas are not limited to the lab, but can be added to edge–cloud 

systems to save work and help devices run for a longer time. 

 Overall, the thesis improves the efficiency of algorithms, adapts compression 

to the demands of different conditions, and brings these methods closer to practical 

validation. The work also shows that efficient compression techniques can make a 

difference in society. The fulfillment of the research objectives defined in Chapter 1 

is summarised in Table 10.1, which maps each objective to the corresponding phase 

and contribution of the thesis. 
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Table 10.1 Mapping of Research Objectives to Phases and Contributions 

S.No. Objective Fulfillment (Phase & Contribution) 

1. Preprocessing for dataset 

performance 

Phase 3 → Ontology-driven healthcare & 

OntoRLE for WSN 

2. Throughput-oriented architecture Phase 2 → LZWP (Time-optimized LZW) 

3. Efficient memory organization for 

IoT/WSN 

Phase 5 → MOR-ALDC (Residual + Canonical 

Huffman) 

4. Compression for next-gen systems Phase 4 → Hybrid pipelines (Zstd→LZ4HC, 

Indic scripts, IoT) 

5. Energy-efficient FPGA techniques Phase 6 → AI-guided FPGA + Edge framework 

 

Through these outcomes, the research successfully meets its stated objectives and 

contributes to the advancement of efficient lossless compression techniques that are 

both theoretically sound and practically deployable. 

10.1.1 Limitations 

While the results reported in this thesis are encouraging, several factors limit the 

generalisability of the claims. The experiments carried out on synthetic, Intel-Lab and 

air-quality data, were largely confined to controlled or small-scale deployments; multi-

month, large-scale field trials are needed to characterise model drift, maintenance 

overheads and sustained energy savings in the wild. The AI-guided decision module 

depends on representative, labelled data for initial training; its behaviour under scarce 

labels or shifting data distributions calls for lightweight, bounded-memory online 

adaptation strategies. Hardware validation was limited to FPGA prototypes, so 

translating the designs to ASICs, estimating production costs and assessing long-term 

industrial reliability remain open engineering tasks. Finally, although privacy and 

security concerns are discussed in the thesis, integrating compression-friendly 

authentication/encryption schemes and performing formal threat modelling were 

outside the present scope. 

10.2 Future Work 

While this thesis has advanced the study and development of efficient lossless 

data compression, research in this area remains an evolving journey. Each stage of 

the work opened up questions and possibilities that could not be fully addressed 

within the present scope. Building on the contributions made, several promising 

directions can be pursued in the future: 
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1. On-node continual learning for compression decisioning 

 

The AI-guided decision module developed in Chapter 9 improved the selection of 

algorithms, but it remained static once trained. A natural extension is to design 

bounded-memory, online update mechanisms that allow nodes to adapt their 

compression choices as data patterns evolve in the field. This would make compression 

decisions more resilient to distributional drift in real deployments. 

 

2. Dynamic AI-guided hybrid pipeline orchestration 

 

The current decision module focused on choosing a single algorithm based on 

bandwidth and energy conditions. Future work could extend this idea to a lightweight 

runtime that dynamically selects or composes multi-stage codec cascades (e.g., 

Zstd→LZ4HC, MOR-ALDC→Huffman). Such orchestration would jointly optimise 

compression ratio, throughput, and energy efficiency, allowing each node to handle 

heterogeneous workloads more effectively. 

 

3. Semi-automatic ontology induction for broader applicability 

 

The ontology-driven methods in Chapter 6 improved compression but required manual 

effort in designing ontologies. Future research could explore semi-automatic tools that 

suggest ontology classes and relations from data patterns, with experts refining the 

results. This assisted approach would reduce the human burden and make semantic 

compression practical across diverse application domains. 

 

4. Cross-sensor and multimodal compression 

 

Thus far, the focus was on single data streams. Extending residual transforms and 

coding schemes to jointly compress correlated streams—such as temperature, 

humidity, and vibration—offers an important next step. By exploiting inter-sensor 

correlations, cross-sensor or multimodal compression could further improve efficiency 

and reduce redundancy in real deployments. 

 

 

5. Hardware refinement toward ASIC and ultra-low-power RTL 

 

The FPGA prototypes built in Chapter 9 demonstrated feasibility, but ASIC or highly 

optimised RTL designs would deliver even lower power and cost for mass deployment. 

Future efforts could explore hardware–software co-design strategies such as mixed-

precision arithmetic, clock gating, and near-memory computation to achieve ultra-low-

power performance. 

 

6. Joint compression–security designs for sensitive domains 

 

In healthcare and industrial IoT, confidentiality is as important as efficiency. A 

promising direction is to integrate compression with lightweight security mechanisms, 

such as authenticated compressed formats, selective masking, or compress-friendly 
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encryption. These designs would protect sensitive data without sacrificing 

compressibility. 

 

7. Long-term field trials and operational studies 

 

Real world validation is very important after the prototypes trial. Multi-month pilot 

deployments whether in campus networks, agricultural monitoring, or healthcare 

settings should be carried out to test the full pipeline (OntoRLE, MOR-ALDC, and AI 

decisioning). Such tests would show how model changes with time, upkeep issues, and 

real energy savings in the teal life conditions. 

 

 

10.3 Contributions of the Thesis 

 

1. Benchmarking classical algorithms 

 

A set of tests was done on English text, sensor data, and Hindi text to measure standard 

methods such as LZW, Zstd, Deflate, and BZIP2. Results showed that while they work 

well on normal computers, they slow down and use more power on embedded systems. 

This gave a clear reason to design lighter and adaptive models for IoT and WSN setups. 

 

2. Development of LZWP 

 

A new method called LZWP was made to make compression faster without losing 

quality. It uses a better prefix setup and word-level coding. It worked faster than the 

old LZW method and was good for tasks that need both speed and trust. 

 

 

3. Ontology-based semantic methods 

 

Two simple meaning-based methods were created. The first, OntoRLE, joins basic 

ontology rules with run-length encoding for sensor data. The second works on 

healthcare records, keeping the main meaning while removing repeated parts. These 

show that adding meaning helps make files smaller while keeping them easy to read. 

 

4. Hybrid compression pipelines 

 

Several mixed pipelines such as Zstd + LZ4HC and BZiP2 + Brotli were tested on 
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Hindi and IoT datasets. They reduced delay and processing load but still gave good 

compression. Using more than one stage proved better than one-algorithm setups, 

especially for real-time and low-power devices. 

 

5. MOR-ALDC framework 

 

The MOR-ALDC algorithm follows residual transformation then canonical Huffman 

coding. It gives high CR less power use and optimized memory when tests on synthetic 

and real-world temperature sensor data. This makes it a good and practical choice for 

small devices. 

 

6. AI-guided FPGA system 

 

An AI-based FPGA setup was made to test the practical viability of the algorithm on 

real hardware. The AI part runs in software and chooses the compression settings. The 

FPGA part takes care of the data work. This hardware-software partitioning design 

enables practical, adaptive, and energy-aware compression suitable for real-world 

WSN applications. This setup showed that adaptive compression can run well on edge 

devices without any drop in performance. 

 

An AI-based FPGA setup was built to test the ideas in hardware. The AI unit runs on 

software and decides the compression settings, while the FPGA handles the data part. 

It proved that adaptive compression can work on edge devices without losing 

performance. 

 

10.4 Social Impact 

When lossless compression becomes faster and easier to use, it changes how people 

share and use information. The methods made here save energy, reduce cost and 

directly or indirectly protect the environment. They can also work with many types of 

data. Because of this, the study can support fields such as healthcare, environment, 

education, and communication. 
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1. Environmental Monitoring and Sustainability 

 

The methods in this work, such as OntoRLE and MOR-ALDC, due to its low power 

need fit well for long-term use. These systems often run in far or sensitive places where 

it is not easy to replace batteries or fix hardware. By lowering transmission needs and 

saving power, the methods here can make the systems last longer and protect the 

environment. It may also lead to integration of several IoT devices for minimizing load 

on data centres thereby enhancing energy consumption in networks. 

2. Affordable and Reliable Healthcare Solutions 

 

It will also be used to encode patients’ record in healthcare systems which require 

compression and encoding of images which leads to hassle free treatment  of the 

patients even in rural areas also.  It also helps in developing tailored and patient centric 

equipment. It may also lead to integration of various medical devices for enhancing 

patient outcomes and providing better access to healthcare. It can also be utilized for 

application in patient health monitoring systems in order to ease the complex treatment 

procedure. 

 

3. Support for Indic Languages and Digital Inclusion 

 

The hybrid cascaded compression techniques can lower storage and transmission costs 

a critical factor for digital libraries, government archives, mobile platforms, and cloud-

based services that operate under constrained budgets and infrastructure. As a result, 

it can support projects in education, government work, and public communication. 

Fast data and small files help people use regional language content, even with slow 

internet. This helps more people learn and share information.   

4. Smarter and Greener IoT Ecosystems 

 

 

The AI and FPGA systems in the thesis works on adaptive data compression design. It 

does not have to follow one fixed rule. The AI based decision module can decide when 

and how much to compress data in real time, depending on power and network use. 

This in return can save energy and other resources. It also helps reduce costs and lower 

pollution from digital systems and make them more reliable.  

In different fields like disaster work, factory safety, transport, and defence, reliability 

matters as much as speed. The lossless compression methods made in this study help 

improve both speed and stability when resources are limited. It is used in ZIP file 
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format to compress data and make it available to users in an efficient and secured 

manner In real use, this can lead to faster warning systems, safer work, and stronger 

setups that protect people and support the country. 

10.5 Concluding Remarks 

This study shows that efficient lossless compression can be upgrade to meet 

the needs of changing needs of the world. It can be adapted to work fast WSNs. It is 

also flexible to fit many kinds of use and strong enough for real life applications. The 

aims set at the beginning have been met, giving results that are useful and practical. 

As digital data keeps growing day by day, the ideas in this work can guide future 

research and new designs. They also help in handling the immense amount of data 

more stable, open, and sustainable. 
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APPENDIX I 

Detail Results for Hybrid Compression Approach 

Table I.1: Performance of Independent Compression Algorithms 

Independent 

Algorithm 

Data 

Type 

Compression 

Ratio 

Compression 

Speed (MB/s) 

Decompression 

Speed (MB/s) 

Efficiency 

Score 

Pure LZMA SD 3.60 35.26 281.19 0.4839 

Pure LZMA MD 3.74 31.78 456.98 0.4010 

Pure LZMA LD 3.79 30.99 524.70 0.2438 

Pure Zstd SD 4.45 45.99 141.30 0.5406 

Pure Zstd MD 4.59 76.61 389.41 0.6293 

Pure Zstd LD 94.49 546.22 593.79 0.6836 

Pure Brotli SD 4.60 7.15 132.01 0.2847 

Pure Brotli MD 5.00 38.38 259.61 0.4370 

Pure Brotli LD 117.11 312.66 426.47 0.6073 

Pure Bzip2 SD 6.57 6.14 4.94 0.4236 

Pure Bzip2 MD 7.56 20.18 4.95 0.4717 

Pure Bzip2 LD 9.77 18.75 4.88 0.0210 

Pure LZ4HC SD 3.60 28.24 142.08 0.3047 

Pure LZ4HC MD 3.75 32.94 443.91 0.3986 

Pure LZ4HC LD 3.79 32.51 554.34 0.2580 
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Table I.2: Performance Analysis of Hybrid Compression Algorithms with LZMA 

Encoding 

Hybrid 

Algorithm 

Data 

Type 

Compression 

Ratio 

Compression 

Speed (MB/s) 

Decompression 

Speed (MB/s) 

Efficiency 

Score 

LZMA + 

Zstd 
SD 5.43 2.72 56.56 0.2952 

LZMA + 

Zstd 
MD 6.51 2.85 125.85 0.3673 

LZMA + 

Zstd 
LD 139.79 6.03 383.77 0.5670 

LZMA + 

Brotli 
SD 5.44 3.45 83.51 0.3266 

LZMA + 

Brotli 
MD 6.51 2.46 120.12 0.3622 

LZMA + 

Brotli 
LD 141.59 6.09 367.82 0.5650 

LZMA + 

Bzip2 
SD 5.34 3.43 56.94 0.2879 

LZMA + 

Bzip2 
MD 6.47 2.72 75.42 0.3310 

LZMA + 

Bzip2 
LD 139.77 5.82 349.25 0.5520 

LZMA + 

LZ4HC 
SD 5.43 3.64 89.37 0.3324 

LZMA + 

LZ4HC 
MD 6.51 2.71 121.80 0.3640 

LZMA + 

LZ4HC 
LD 141.10 6.01 376.25 0.5678 
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Table I.3: Performance Analysis of Hybrid Compression Algorithms with Zstd 

Encoding 

Hybrid 

Algorithm 

Data 

Type 

Compression 

Ratio 

Compression 

Speed (MB/s) 

Decompression 

Speed (MB/s) 

Efficiency 

Score 

Zstd + 

LZMA 
SD 4.44 13.79 114.95 0.2928 

Zstd + 

LZMA 
MD 4.59 21.10 343.99 0.3760 

Zstd + 

LZMA 
LD 94.89 382.25 627.83 0.6539 

Zstd + 

Brotli 
SD 4.45 35.77 167.57 0.4951 

Zstd + 

Brotli 
MD 4.59 70.34 354.94 0.5820 

Zstd + 

Brotli 
LD 94.49 1071.57 537.24 0.8057 

Zstd + 

Bzip2 
SD 4.39 25.89 87.68 0.3441 

Zstd + 

Bzip2 
MD 4.56 34.48 91.58 0.2690 

Zstd + 

Bzip2 
LD 94.30 623.42 534.89 0.6779 

Zstd + 

LZ4HC 
SD 4.45 46.31 283.02 0.6764 

Zstd + 

LZ4HC 
MD 4.59 60.79 393.64 0.5678 

Zstd + 

LZ4HC 
LD 94.82 1055.69 663.78 0.8597 
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Table I.4: Performance Analysis of Hybrid Compression Algorithms with Brotli 

Encoding 

Hybrid 

Algorithm 

Data 

Type 

Compression 

Ratio 

Compression 

Speed (MB/s) 

Decompression 

Speed (MB/s) 

Efficiency 

Score 

Brotli + 

LZMA 
SD 4.59 8.33 113.69 0.2742 

Brotli + 

LZMA 
MD 5.00 12.15 287.89 0.3480 

Brotli + 

LZMA 
LD 117.50 208.44 431.69 0.5814 

Brotli + 

Zstd 
SD 4.60 30.56 235.89 0.5430 

Brotli + 

Zstd 
MD 5.00 36.70 311.11 0.4620 

Brotli + 

Zstd 
LD 117.10 491.50 450.03 0.6683 

Brotli + 

Bzip2 
SD 4.53 17.99 66.09 0.2879 

Brotli + 

Bzip2 
MD 4.97 23.47 88.16 0.2660 

Brotli + 

Bzip2 
LD 116.21 343.58 338.98 0.5730 

Brotli + 

LZ4HC 
SD 4.60 28.79 134.21 0.4357 

Brotli + 

LZ4HC 
MD 5.00 33.03 281.41 0.4283 

Brotli + 

LZ4HC 
LD 117.08 426.05 365.97 0.6116 
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Table I.5: Performance Analysis of Hybrid Compression Algorithms with LZ4HC 

Encoding 

Hybrid 

Algorithm 

Data 

Type 

Compression 

Ratio 

Compression 

Speed (MB/s) 

Decompression 

Speed (MB/s) 

Efficiency 

Score 

LZ4HC + 

LZMA 
SD 4.12 11.28 63.53 0.1840 

LZ4HC + 

LZMA 
MD 4.26 12.79 79.29 0.1427 

LZ4HC + 

LZMA 
LD 84.33 23.05 323.52 0.3838 

LZ4HC + 

Zstd 
SD 4.09 32.47 323.83 0.5708 

LZ4HC + 

Zstd 
MD 4.24 34.49 485.04 0.4820 

LZ4HC + 

Zstd 
LD 67.40 35.18 553.80 0.4428 

LZ4HC + 

Bzip2 
SD 3.92 19.37 65.30 0.2145 

LZ4HC + 

Bzip2 
MD 4.16 20.30 78.84 0.1624 

LZ4HC + 

Bzip2 
LD 13.55 21.52 107.54 0.0794 

LZ4HC + 

Brotli 
SD 4.10 24.40 196.05 0.3964 

LZ4HC + 

Brotli 
MD 4.24 31.38 290.75 0.3480 

LZ4HC + 

Brotli 
LD 84.03 33.52 521.60 0.4760 
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Table I.6: Performance Analysis of Hybrid Compression Algorithms with Bzip2 

Encoding 

Hybrid 

Algorithm 

Data 

Type 

Compression 

Ratio 

Compression 

Speed (MB/s) 

Decompression 

Speed (MB/s) 

Efficiency 

Score 

Bzip2 + 

LZMA 
SD 6.55 8.26 51.06 0.4788 

Bzip2 + 

LZMA 
MD 7.55 10.59 47.39 0.4584 

Bzip2 + 

LZMA 
LD 9.80 13.30 48.63 0.0362 

Bzip2 + 

Zstd 
SD 6.57 19.68 46.18 0.5556 

Bzip2 + 

Zstd 
MD 7.55 19.26 43.17 0.4908 

Bzip2 + 

Zstd 
LD 9.76 18.97 49.97 0.0415 

Bzip2 + 

Brotli 
SD 6.57 17.47 53.96 0.5476 

Bzip2 + 

Brotli 
MD 7.56 18.89 43.73 0.4907 

Bzip2 + 

Brotli 
LD 9.77 17.38 50.62 0.0410 

Bzip2 + 

LZ4HC 
SD 6.56 19.55 52.37 0.5591 

Bzip2 + 

LZ4HC 
MD 7.55 18.55 46.22 0.4899 

Bzip2 + 

LZ4HC 
LD 9.76 18.09 40.97 0.0372 
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Appendix–II 

SUPPLEMENTARY FIGURES FOR AI-GUIDED COMPRESSION 

MODULES 

The Fig.I.1 below illustrates the internal structure of a Decision Tree derived from the 

Random Forest classifier trained on Wireless Sensor Network (WSN) signal data. 

It shows how the model classifies sensor signal windows into distinct categories—

smooth, mixed, periodic, drift, burst, and noisy—based on key statistical features such 

as maximum difference, standard deviation, and entropy. 

This visualization corresponds to the AI-based classification process described in 

Section 9.5.2. 

 

 

Fig. II.1: Decision Tree for WSN Signal Classification 
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