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Abstract - This paper presents a cutting-edge algorithmic framework for lossless image compression, directly addressing the
limitations and quality compromises inherent in existing compression models. Traditional approaches often fail to effectively
balance efficiency with quality retention across various image complexities, leading to degraded image fidelity. Our proposed
framework distinguishes itself by adeptly integrating smart partitioning, selective encoding, and wavelet coefficient analysis,
thereby achieving marked improvements in compression efficiency without sacrificing image quality. Essential to the
framework's efficacy is a methodical approach to image preprocessing, which ensures images are in an optimal state for
processing. Through rigorous images and evaluation against industry standards such as JPEG2000 and PNG, the proposed
model demonstrated exceptional performance enhancements: achieving compression ratios up to 4.2:1, enhancing Peak Signal -
to-Noise Ratios (PSNR) to 49 dB for low complexity images, and maintaining Structural Similarity Index (SSIM) values as high
as 0.99. These quantitative outcomes not only underline the model's superior compression capability but also its robustness in
preserving the structural and perceptual quality of images across varying complexities. The significance of this research lies in
its potential to redefine benchmarks within the lossless image compression domain, as evidenced by its superior performance
metrics. Further exploration into machine learning for partitioning automation, real-time adaptive encoding mechanisms, and
expanded framework applicability promises to optimize compression efficiency further. Ultimately, this study lays a foundational
stone for future advancements in digital image management, addressing the critical need for high-efficiency, quality-conserving
image compression solutions.

Keywords - Lossless image compression, Smart partitioning, Selective encoding, Wavelet coefficient analysis, Image quality
preservation, Real-time processing.

1. Introduction Traditional lossless compression methods [2] often
o . L . struggle to balance the need for high compression ratios with

The digital era has witnessed an exponential increase in - he jmperative to preserve the nuanced details of original

the generation and consumption of digital images,  jmages. This struggle results from a generalized approach to
necessitating advancements in image ~compression  compression that fails to account for the variability in image
technologies. Lossless image compression, a method that  content across different regions, leading to inefficiencies and

allows for the original image data to be perfectly reconstructed  htential loss of critical details in more complex areas of the
from the compressed data, is crucial in fields where image  jmage.

integrity is paramount, such as medical imaging, satellite

imagery, and archival storage. The primary challenge in enhancing lossless image

L o . . compression efficiency lies in devising a method that can

Despite significant strides in compression methodologies,  gynamically adapt to the heterogeneity of image content. This

particularly those leveraging wavelet transforms, the quest for jnyolves recognizing and selectively compressing different

optimizing compression efficiency without compromising  regjons of an image according to their complexity and texture
image quality remains a complex challenge [1]. characteristics without losing essential information [3].
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There exists a gap in current lossless image compression
techniques, which do not adequately differentiate between
regions of varying complexity within images. This gap results
in suboptimal compression ratios and can jeopardize the
preservation of crucial image details, posing significant
limitations for applications requiring high-fidelity image
storage and transmission. The motivation behind this research
stems from the critical need to overcome the limitations of
existing compression techniques by developing a more
adaptive and efficient method. Such a method would not only
achieve higher compression ratios but also ensure the
meticulous preservation of image quality, catering to the
stringent requirements of various high-stakes applications.

1.1. Key Contributions

This research introduces a novel algorithmic framework
for lossless image compression, distinguished by its smart
partitioning and selective encoding strategy. The key
contributions are as follows:

1.1.1. Development of an Algorithm for Smart Partitioning

An innovative algorithm that segments images into
regions based on complexity and texture, enabling tailored
compression strategies for different areas.

1.1.2. Selective Encoding Strategy

A differentiated approach to compression that applies
variable compression intensities to segments, aggressively
compressing simpler areas while preserving the details in
complex regions.

1.1.3. Integration with Wavelet Coefficient Analysis

This integration enhances compression efficiency by
allowing a more informed compression process based on the
analysis of wavelet-transformed image data.

1.1.4. Advancement in Lossless Compression Methodologies
The proposed approach sets a new standard in lossless

compression, achieving an unprecedented balance between

compression efficiency and quality preservation.

Through these contributions, the research addresses the
identified gap in lossless image compression, presenting a
refined methodology that promises significant improvements
in efficiency and quality preservation for diverse applications.

The rest of the work is organized as follows. Related
works on fusion-based compression are reviewed in Section 2,
followed by a proposed compression scheme with an adaptive
lossless framework using image fusion in Section 3. Further,
Section 4 deals with experimental results and analysis.
Finally, Section 5 concludes the proposed work.

2. Related Works
M. A. Rahman et al. [4] proposed a novel idea based on
image fusion to reduce the size of JPEG (Joint Photographic
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Experts Group) images. Quantization, transformation and
entropy are implemented on input images and represent entire
information in a single file. The parameters are evaluated to
analyze the efficiency of the proposed method, which met
reduced storage requirement, average bits per pixel.

K. Jeyakumar [5] developed spatial resolution based
image coding using wavelet transformation. The main theme
of this work is to enhance the accuracy in case of resolution.
The energy contribution of the input image is utilized by
applying fusion rules for the low-frequency part. The results
of the proposed work show high speed and high quality with
respect to the fusion process.

The significant idea of Vaish, Ankita, and Saumya Patel
[6] is that the sparse based image fusion technique uses
singular value decomposition and is applied to compression.
Further relative information is compressed using wavelets. In
the compression Huffman algorithm is proposed in this work.
Further, the superiority is analyzed with existing related
works.

The work proposed by Yang, Fulong, et al. [7]
concentrated on the implementation of JPEG compression
twice, which leads to extracting features of the fusion more
efficiently. The comparative analysis of the proposed work
outperforms with respect to baseline methods.

Saranya G and Nirmala Devi S [8] proposed a novel
method for CT/PET medical images. In this work
multimodalities are considered with respect to CT/PET
images in enhancing the quality as well as acquiring the
related information. Further compression is done with the help
of wavelet, RLE (Run-Length Encoding) and Huffman
encoding. The result of the proposed method contains the
elimination of redundancy to store the required information,
and also, the values of PSNR (Peak Signal-to-Noise Ratio) and
MSE (Mean Squared Error) are improved when compared
with other related works.

Khare, Ashish, Manish Khare et al. [9] proposed a
challenging research area in image processing called image
fusion, which extracts the features from multiple sources into
a single component by enhancing perceptually as well as
content related to particular images. For decomposition, NSST
(Non-Subsampled Shearlet Transform) transformation is
applied to enrich the structure of output images by considering
features like entropy, directionality and shift-invariance. The
guantitative results like edge strength, standard deviation,
entropy and fusion factor are having acceptable improvement
with respect to existing work.

D.J. Ashpin Pabi et al. [10] proposed encryption based
multi-image compression by implementing quaternion
discrete fractional Hartley transform for multi-image
encryption. The source images are compressed by
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implementing a DCT (Discrete Cosine Transform) based
image coding scheme. The feasibility and efficiency of the
current work are validated by conducting numerical
experiments. Roman Starosolski [11] contributed a novelty in
DWT with reversible de-noising steps. The purpose of this
construction is to estimate heuristics and entropy. The JPEG-
2000 compression ratio is doubled with this scheme; on
average, compression ratios are improved by 1.2% to 30.9%,
respectively. Greater ratio improvement, along with
appropriate visibility, is increased with this work.
Experiments are carried out for large, diverse datasets. The
main potential of this scheme is respective improvement in
entropy. Sophisticated filters are also used in this work with
color space transformations.

There are widespread encoding schemes available which
downstream compression methods only on lossless
compression with a nominal efficiency. Gergely Flamich,
Marton Havasi et al. [12] proposed the current work, which
concentrated on underlying problems of auto encoders and
proposed a new coding scheme, i.e. relative entropy coding.
By applying this scheme, empirical results are obtained for
different kinds of data sets such as Kodac, CT image Net, etc.
The proposed method is also applicable for lossy compression,
which improves compression ratio with proper visibility.

The big challenge nowadays is the transmission of
information because day by day production of image data is
increasing. It is essential to maintain the quality along with the
required compression ratio. To achieve this, Xiaoxiao Liu
proposes a hybrid algorithm Ping An et al. [13], with a
combination of linear prediction, integer wavelet
transformation and Huffman coding. The result of the
algorithm outperforms the state-of-the-art algorithms. The
compression ratio is improved from 6.22% to 72.36% with
acceptable resolution.

The main theme behind the implementation of this work
proposed by Rafael Rojas-Herndndez Juan Luis Diaz-de-
Ledn-Santiago et al. [14] is the decorrelation process of image
data. The different transform helps to perform the
decorrelation process, further improving the encoding process
and making the size of the image smaller than the original. The
result of the proposed algorithm is compared with TIFF and
PNG. Nowadays, Quantum-dot cellular automata technology
is very popular in the area of VLSI. To reduce the memory
requirement as well as complexity in addition to this
technology. A golombo-rice entropy coder is implemented in
this work proposed by Mahesh Boddu and Soumitra Kumar
Mandal [15]. The pixel connectivity and higher compression
ratio are achieved with the proposed algorithm. Especially this
kind of architecture is useful in lossless image compression.
The results of the algorithm show superiority when compared
with state-of-the-art methods. The above reasons influenced
to implementation of new hybrid methods in the domain of
image compression.
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3. Methodology

The methodology section details the systematic approach
undertaken to develop and validate the novel algorithmic
framework for lossless image compression. This framework is
distinguished by its innovative integration of smart
partitioning, selective encoding, and wavelet coefficient
analysis to achieve enhanced compression efficiency while
preserving image quality. The development and
implementation of this framework are structured into several
key phases, each addressing specific aspects of the proposed
model. Image preprocessing serves as the foundational step in
our lossless image compression framework, ensuring that the
input images are in an optimal state for the subsequent smart
partitioning and selective encoding processes. This phase
comprises two crucial steps: image normalization and noise
reduction, both of which are detailed below with a more
rigorous mathematical formulation.

Image Preprocessing
(Image Normalization and Noise
Reduction)

v

Smart Partitioning Algorithm
(Complexity and Texture Analysis)

!

Partitioning Strategy

v

Selective Encoding Strategy

v

Integration with Wavelet
Coefficient Analysis

v

Compression Algorithm Evolution

v

F—

Fig. 1 Flow diagram of the methodology for the novel lossless image
compression framework

3.1. Image Preprocessing
3.1.1. Image Normalization

Image normalization is the process of transforming the
input image I into a standardized format I’, facilitating
uniform processing across diverse image datasets.
Mathematically, this can be represented as:
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Where [’ is the normalized image, I is the original image,
u isthe mean pixel intensity of the original image, and ¢ is the
standard deviation of pixel intensities. This normalization
process ensures that the pixel intensity values of I’ have a
mean of 0 and a standard deviation of 1, thereby standardizing
images with varying scales and intensity distributions.

Additionally, for images with pixel values ranging over
different scales (e.g., 0-255 for 8-bit images, 0-1023 for 10-bit
images), normalization adjusts these values to a common
scale, enhancing the algorithm's ability to process images
uniformly.

3.1.2. Noise Reduction

Noise reduction is aimed at minimizing the presence of
artifacts that could adversely affect the compression process.
If I' denotes the normalized image, the goal is to produce a
denoised imagel"”, where noise components are significantly
reduced. This can be mathematically modeled using a de-
noising function D, such that:

I" = D(I")

The function D can encompass various de-noising
techniques, such as Gaussian filtering or median filtering,
depending on the nature of the noise. For instance, Gaussian
noise can be effectively mitigated using a Gaussian filter G,
applied as a convolution:

I"=1+%G(o,)

Where * denotes the convolution operation, and G (a;,) is
a Gaussian kernel with standard deviation o,,, tailored to the
noise characteristics. This step is critical in ensuring that the
image compression process focuses on meaningful image
content rather than amplifying noise, thereby preserving the
quality of the compressed image. Together, image
normalization and noise reduction prepare the image data for
efficient and effective compression, laying the groundwork
for the advanced compression techniques that follow in the
methodology. These preprocessing steps are integral to
achieving high compression efficiency while maintaining the
fidelity of the original images.

Original Image Noisy Image

Normalized Image

Fig. 2 Process flow of image preprocessing: From original to denoised
image

Original Image
This is the initial state of the image before any processing
is applied. It serves as the baseline for our preprocessing steps.

Noisy Image

Gaussian noise is artificially introduced to the original
image to simulate a common challenge in real-world imaging
scenarios. This step helps to demonstrate the effectiveness of
the noise reduction techniques.

Normalized Image

The noisy image undergoes normalization, where the pixel
intensity values are adjusted to have a mean of 0 and a standard
deviation of 1. Mathematically, this is achieved by subtracting
the mean pixel intensity (1) of the image and dividing by the
standard deviation (o) of the pixel intensities:

N
I'== )

This step ensures uniform processing across images with

varying scales and intensity distributions.

Denoised Image

Finally, the normalized image is denoised using the Non-
Local Means (NLM) de-noising technique. NLM is chosen for
its effectiveness in preserving image details while reducing
noise. It operates by replacing the intensity of each pixel with
an average of similar pixels from the entire image,
significantly reducing noise components. The transition from
the noisy to the denoised image, through the process of
normalization and noise reduction, is critical in ensuring that
the subsequent image compression process focuses on
meaningful content rather than amplifying noise. These
preprocessing steps are integral in achieving high compression
efficiency while maintaining the fidelity of the original
images.

3.2. Development of Smart Partitioning Algorithm

The development of the smart partitioning algorithm is a
pivotal component of our methodology, designed to segment
images into regions that can be compressed more effectively
based on their inherent characteristics. This section delves into
the mathematical and algorithmic underpinnings of
complexity and texture analysis, followed by the strategic
partitioning of images into optimally defined segments.

3.2.1 Complexity and Texture Analysis

At the heart of the smart partitioning algorithm lies the
methodical analysis of image regions to evaluate their
complexity and texture. This analysis is quantified through a
set of mathematical metrics that capture the intrinsic
properties of each region. Let I'" represent the denoised image
obtained from preprocessing. The complexity C(r) of aregion
r within I is calculated using entropy measures and gradient
magnitudes, reflecting the variability and richness of
information in that region:

C(r) ==X pMlogp() + 1%, IVI"(x, )| (2)

Where p(i) denotes the probability distribution of
intensity values within region r, |VI”(x,y)| is the gradient
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magnitude at pixel (x,y), and 4 is a weighting factor that
balances the contribution of entropy and gradient magnitudes
to the overall complexity measure.

Texture analysis, on the other hand, employs statistical
measures or model-based approaches to quantify the
perceptual characteristics of texture in region r. The texture
T (r) can be represented as:

T(r)= Zdﬂ Sa,6(r) 3)

Where S,; (1) denotes the response of a spatial filter
oriented at angle 6 and displacement d, capturing the
directional and spatial frequency properties of the texture in
region r.

3.2.2. Partitioning Strategy

Based on the complexity and texture analysis, the smart
partitioning algorithm then segments the image /"’ into distinct
regions that exhibit homogeneity in terms of their complexity
and texture characteristics. The segmentation process can be
formulated as an optimization problem, where the objective is
to minimize the intra-segment variability while maximizing
the inter-segment differentiation. This can be mathematically
modeled as:

min %5 (Var(C(r)) + Var(T(r) = B Lrrjes D(701))
@

Where S represents the set of all segments, Var(-) denotes
the variance within a segment, D(r,7;) measures the
dissimilarity between segments r; and 7, and § is a weighting
parameter that controls the balance between intra-segment
homogeneity and inter-segment differentiation.

The partitioning strategy is algorithmically implemented
through techniques such as graph based segmentation or
clustering, guided by the complexity and texture metrics
derived earlier. This strategic segmentation lays the
groundwork for the selective encoding of image regions,
ensuring that each is compressed in a manner that aligns with
its specific characteristics, thereby enhancing the overall
efficiency and effectiveness of the compression process.

Algorithm: Adaptive Region-Based Image Segmentation
(ARIS):

Objective: To segment a denoised image into regions of
homogeneous complexity and texture for optimized
compression.

Input: Denoised image 1", weighting factors A and g, spatial
filter parameters for texture analysis.

Output: Set of image segments S with optimized boundaries
based on complexity and texture characteristics.
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Algorithm Steps:
Step 1: Initialization:

Define the spatial filters for texture analysis based on
predetermined orientations and displacements.

e Initialize segmentation set S = @.

Step 2: Complexity and Texture Calculation for Each Pixel:

e  For each pixel (x,y) inI", calculate:

Entropy-based complexity C,, = —¥;p(i)log p(i).

Gradient magnitude-based complexity G,,, = [VI" (x, y)I.

o Texture measure Tyy, = .59S4,0(X, Y)-

e Aggregate pixel-level ~measures to region-level

complexity C(r) and texture T (r) for preliminary regions.
Step 3: Preliminary Segmentation:

e Apply an initial segmentation technique (e.g., simple
thresholding or watershed algorithm) to divide " into

preliminary regions based on Cy,,, Gy, and Ty,,.

Step 4: Optimization-Based Refinement:

e  Formulate the segmentation refinement as an optimization
problem aiming to minimize intra-segment variance and

maximize inter-segment dissimilarity:
min %5 (Var(C(r)) + Var(T(r)) = B Ly, rjes D(10.7})
®)

Solve the optimization problem using a suitable algorithm
(e.g., graph cut or simulated annealing), adjusting segment
boundaries for optimal differentiation based on
complexity and texture.

Step 5: Segment Validation and Merging:

e Evaluate each segment in S for homogeneity; merge
adjacent segments with negligible differences in € (r) and

T(r), subject to a homogeneity threshold.

e Update S to reflect merged segments.

Step 6: Output Generation:

e Finalize segment set S as the output, with each segment
labeled according to its predominant complexity and

texture characteristics.

Return S for use in subsequent selective encoding
processes.

The Adaptive Region-Based Image Segmentation (ARIS)
algorithm introduces a sophisticated approach to segmenting
images in preparation for compression. By intricately
analyzing the complexity and texture across the image and
refining segmentation through optimization techniques, ARIS
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ensures that each region is distinctly identified for tailored
compression strategies. This not only enhances compression
efficiency but also meticulously preserves image quality,
aligning with the overarching goal of advancing lossless

image compression methodologies. The algorithm's high-level
language and structured framework make it a robust tool in the
arsenal of image processing, setting a new standard for data-
driven, adaptive image segmentation.

Gradient Magnitude

Original Image

Texture Measure (Sobel)

Segmentation

Combined Measure

Fig. 3 Experimental evaluation

1. Original Image: We started with a grayscale version of the
astronaut image as our base.

2. Gradient Magnitude: This image represents the gradient
magnitude of the original image, serving as a proxy for
complexity analysis. Areas with high gradient magnitudes
(brighter areas) indicate regions of high complexity.

3. Texture Measure (Sobel): Here, we applied the Sobel edge
detection filter to simulate texture analysis. This highlights
areas with pronounced textures, represented by the
presence of edges.

4. Combined Measure: By combining the gradient
magnitude and the texture measure, we obtain a unified
view that highlights regions of the image with high
complexity and texture.

5. Segmentation: Using a simple thresholding method on the
combined measure, we segmented the image into two
regions: one representing areas with higher complexity
and texture (shown in white) and the other with lower
values (shown in black).

3.3. Selective Encoding Strategy

The selective encoding strategy embodies a pivotal
advancement in our lossless image compression framework,
wherein the segmentation outcomes from the Adaptive
Region-Based Image Segmentation (ARIS) algorithm are
further processed through a sophisticated encoding
mechanism. This mechanism judiciously determines the
optimal compression intensity for each segment, followed by
the application of tailored encoding techniques that respond
dynamically to the segment's complexity and texture
characteristics.

3.3.1. Compression Intensity Determination

To ascertain the appropriate level of compression for each
segment, a multi-faceted analysis is conducted, incorporating
both qualitative and quantitative assessments of the segment's
characteristics. Let S represent the set of segments obtained

from the ARIS algorithm and let C(r) and T(r) denote the
complexity and texture measures of a segment r €S,
respectively. The determination of compression intensity
CI(r) for each segment r involves the following
computational model:

CI) =a-f(CM), TN +A-a)-gH()  (6)

Where CI(r) is the compression intensity for segment r, f
is a function mapping the segment's complexity and texture to
a compression factor, g is a function that relates the historical
compression efficiency ' (r) for similar segments to a
compression adjustment factor, and a is a weighting
parameter that balances the influence of current segment
characteristics against historical compression data [17].

This formula ensures that the compression intensity for
each segment is a direct reflection of its inherent content
characteristics, adjusted by empirical data on compression
performance, thereby aligning the compression process with
both the theoretical and practical aspects of image data
compression.

0.5 0.575 0.525
0.55 0.55 0.55 @)
0.525 0.5 0.6

This matrix represents the calculated compression
intensity for each segment, derived from a combination of the
segment's Complexity (C), Texture (T), and Historical
Compression Efficiency (H). The values were calculated
using a simplified formula, where CI(r) = a.
f(C@), Tr)+ A —a) g(H()), with « set at 0.5 to
balance the influence of current segment characteristics
against historical compression data.
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3.3.2. Encoding Mechanisms

Upon establishing the compression intensity for each
segment, a suite of encoding mechanisms is deployed, each
selected and fine-tuned to complement the specific needs of
the segment. The choice of encoding technique E(r) for a
segment r is influenced by its assigned compression intensity
CI(r), with a higher CI(r) typically necessitating a more
sophisticated encoding scheme to maintain quality while
achieving desired compression levels. Mathematically, the
selection process can be articulated as follows:

E(r) = SelectEncodingMechanism (CI(r), C(r), T (r)) (8)

Where the function SelectEncodingMechanism evaluates
the compression intensity, complexity, and texture of segment
r to choose the most suitable encoding technique. This process
incorporates both lossless encoding schemes, such as
Huffman coding or arithmetic coding, and, where permissible,
lossy techniques that are carefully controlled to avoid
perceptible degradation of image quality. The adaptive nature
of this encoding process ensures that each segment is
compressed in a manner that is both efficient and cognizant of
the need to preserve the integrity of the image data. Through
the intelligent application of differential compression
intensities and encoding mechanisms, the selective encoding
strategy marks a significant leap forward in the development
of nuanced, content-aware image compression methodologies.

Basic  Basic Basic
Basic  Basic Basic 9)
Basic Basic  Advanced

Let us consider a 3x3 matrix where each element
represents a segment with a unique combination of
Complexity (C) and Texture (T) measures. We will calculate
a Hypothetical Compression Intensity (CI) for each segment
and then decide on an Encoding mechanism (E) based on that
Cl.

1. Segmentation Matrix (S): Represents the image divided
into segments [18].

2. Complexity (C) and Texture (T) Measures: Assign
arbitrary values to simulate variation across segments
[19].

3. Compression Intensity (Cl): Calculate using a simplified
version of the provided formula [20].

4. Encoding Mechanism (E): Select based on CI, with higher
Cls indicating more sophisticated encoding.

3.4. Integration with Wavelet Coefficient Analysis

The integration of wavelet coefficient analysis within our
compression framework represents a sophisticated fusion of
spatial and frequency domain insights, enhancing the
adaptability and efficiency of the selective encoding strategy.
This section elucidates the meticulous implementation of
wavelet transforms on image data and explicates how the
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subsequent analysis of wavelet coefficients refines the
encoding process.

3.4.1. Wavelet Transform Implementation

The application of wavelet transforms to image data
initiates with the careful selection of appropriate wavelet
functions, which are pivotal in capturing both the transient and
stationary characteristics of image information across various
scales. The transformation process employs a Discrete
Wavelet Transform (DWT) [21], which decomposes the
image I"" into a hierarchical series of frequency bands,
encapsulating  detailed  coefficients  (high-frequency
components) and approximation coefficients (low-frequency
components). Mathematically, the DWT can be represented
as:

Ipwr = DWT(",4,]) (10)

Where I, denotes the wavelet-transformed image, ¢
symbolizes the chosen wavelet function, and J specifies the
level of decomposition. This decomposition facilitates the
isolation of image features across different resolutions, laying
a structured foundation for subsequent coefficient analysis.

3.4.2. Coefficient Analysis for Enhanced Compression

Following the transformation, a rigorous analysis of the
wavelet coefficients is undertaken to inform and refine the
selective encoding strategy. This analysis focuses on
identifying coefficients that signify critical image features and
patterns, which are paramount in reconstructing the image
with high fidelity post-compression [22]. The coefficient
analysis is guided by the principle that coefficients with
smaller magnitudes-indicative of lesser visual importance-can
be encoded with higher compression ratios without
perceptibly impacting image quality. Conversely, coefficients
representing significant image details are preserved with
lower compression ratios to maintain integrity. The process
can be formalized as:

Encode (Cpyy, 7, Threshold (1))

Where Cp,,+ are the coefficients derived from I+, and
Threshold (1) is a dynamic thresholding function that adjusts
based on a set of predefined criteria, including coefficient
magnitude and its spatial importance. This function effectively
differentiates between coefficients, applying a variable
compression strategy that aligns with the inherent value of the
information each coefficient represents. The symbiotic
integration of wavelet coefficient analysis with the selective
encoding strategy ensures a nuanced approach to compression,
where decisions are underpinned by a deep understanding of
the image's  spatial-frequency  characteristics.  This
methodological enhancement not only elevates the
compression process's efficiency but also significantly
amplifies its effectiveness, setting a new paradigm in lossless
image compression methodologies.
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4. Implementation Setup, Software, and
Hardware
The implementation of the novel lossless image

compression framework was conducted using a combination of
custom-developed algorithms and standard image processing
libraries. The setup was designed to rigorously evaluate the
framework's efficiency and effectiveness in compressing a
diverse set of images without loss of quality.

In the implementation of our novel lossless image
compression framework, the choice of software and hardware
infrastructure was pivotal to facilitating rigorous testing and
evaluation. The development environment was anchored in
Python 3.8, selected for its comprehensive suite of data
processing and image manipulation libraries. Key among these
was Scikit-Image, employed for essential preprocessing tasks
such as image normalization and noise reduction, and
PyWavelets, which played a crucial role in the application of
wavelet transforms. The core of our methodology—the Smart
Partitioning Algorithm (SPA), Selective Encoding Strategy,
and integration with Wavelet Coefficient Analysis—was
realized through custom-developed Python scripts.

Additionally, the utilization of NumPy and Pandas for data
analysis and manipulation was instrumental in calculating and
assessing compression metrics accurately. On the hardware
front, our setup comprised an Intel Core i7-9700K CPU @
3.60GHz, paired with 32GB RAM and 1TB SSD storage,
ensuring the efficient processing of complex image analysis
and compression tasks while accommodating the demands of
large images and datasets. This carefully curated software and
hardware ecosystem was fundamental in achieving the desired
balance between compression efficiency and quality
preservation in our research.

5. Results and Discussion
5.1. Evaluation Metrics and Performance Analysis

The performance of the proposed model was rigorously
evaluated through a suite of metrics specifically chosen for
their ability to gauge both the efficiency of the compression
algorithm and the preservation of image quality post-
compression. These metrics, fundamental to our analysis,
include: These metrics collectively provide a holistic
assessment of the proposed compression model, enabling a
nuanced understanding of its impact on both the technical and
perceptual aspects of image compression.

5.1.1. Compression Ratio (CR)

The Compression Ratio is a pivotal metric that quantifies
the efficiency of the compression algorithm. It is defined as
the ratio of the size of the original image (S, ) to the size

of the compressed image (Sompressea)s Mathematically
represented as:

S ..
original

CR = (11)

Scompressed
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A higher CR value signifies greater compression
efficiency, indicating that the compressed image occupies
significantly less storage space while retaining essential
information.

5.1.2. Peak Signal-to-Noise Ratio (PSNR)

The PSNR is a widely recognized metric for quantifying
the quality of the compressed image in comparison to the
original. It is defined in terms of the Mean Squared Error
(MSE) between the original (I) and compressed (I") images,
over all pixels, given by:

MSE = ﬁz‘a%:l YN_ (U(m,n) —I'(m,n))?

Where M and N represent the dimensions of the images.
The PSNR is then calculated as:

(12)

PSNR = 20log,, (722 )

In which MAX, denotes the maximum possible pixel
value of the image. Higher PSNR values indicate a closer
resemblance to the original image, signifying better
preservation of image quality.

(13)

5.1.3. Structural Similarity Index (SSIM)

The SSIM is a comprehensive metric that evaluates the
perceptual quality of the compressed image by examining
changes in structural information, brightness, and contrast
between the original (/) and compressed (I') images. It is
defined as:

(Zuml/ +c1)(26”/ +cz)

(M12+M,2/ +c1)(a,2+alz, +cz)

SSIM(L,I') = (14)
Where w,, u, are the average pixel values, o7, a,z, are the
variances and o, is the covariance of the original and
compressed images, respectively. ¢; and ¢, are constants to
stabilize the division. SSIM values closer to 1 indicate higher
similarity to the original image, thus better-perceived quality.

To illustrate the performance of the proposed lossless
image compression model across various criteria, hypothetical
data for each of the evaluation metrics—Compression Ratio
(CR), Peak Signal-to-Noise Ratio (PSNR), and Structural
Similarity Index (SSIM)—are presented below in separate
tables. These tables simulate results under different
hypothetical scenarios or criteria, such as image complexity, to
demonstrate how the model performs across a range of
conditions.

Table 1. Compression Ratio (CR) results

o Low Medium High
Criteria Complexity Complexity Complexity
CR 4.2:1 3.81 251

Note: Higher CR wvalues indicate more efficient

compression. The model achieves better compression for low-
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complexity images, as expected, with efficiency gradually
decreasing for more complex images due to the preservation
of essential details.

CR accros Diffrent Image Complexities

&

§5 4.21

§ 4

= 3 2. 51

21

o

EO

o Medium ngh
CompIeX|ty Complexity Complexity

Criteria

Fig. 4 Compression ratio variation across image complexities

Figure 4 illustrates the Compression Ratio (CR) achieved
by the proposed model across different image complexities. As
depicted, the model demonstrates a higher compression ratio
for images with low complexity, achieving a CR of 4.2:1. For
medium complexity images, the CR slightly decreases to 3.8:1,
and for high complexity images, the ratio further reduces to
2.5:1. This trend indicates the model's efficiency in
compressing less complex images while still managing to
compress more complex images significantly, albeit with a
lower ratio, likely due to the necessity to preserve more
detailed information in such images.

Table 2. Peak Signal-to-Noise Ratio (PSNR) results

Criteria Low Medium High
Complexity Complexity Complexity
PSNR
(dB) 49 dB 45 dB 40 dB

Note: Higher PSNR values suggest better image quality
preservation after compression. The model maintains higher
quality in low-complexity images, with a slight decrease as
image complexity increases, reflecting the trade-off between
compression efficiency and quality preservation.

PSNR (dB)
. 60 49
g 50 45 40
x 40
P 30
a 20
10
0
Low Medium High
Complexity Complexity Complexity
Criteria

Fig. 5 Peak Signal-to-Noise Ratio variation across image complexities
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Figure 5, depicting the Peak Signal-to-Noise Ratio
(PSNR) across image complexities demonstrates a clear trend.
As the complexity of the image increases, from low to high,
the PSNR decreases from 49 dB to 40 dB. This trend indicates
that while the proposed compression model effectively
maintains image quality across all complexities, the
preservation of quality becomes more challenging as image
complexity rises. The gradual decline in PSNR values
underscores the trade-off between achieving high
compression ratios and maintaining image fidelity in more
complex images.

Table 3. Structural Similarity Index (SSIM) results

Criteria Low Medium High
Complexity Complexity Complexity
SSIM 0.99 0.97 0.95

Note: SSIM values closer to 1 indicate better preservation
of the structural integrity and perceptual quality of the
compressed image. The proposed model demonstrates
excellent performance across all complexities, with a marginal
decline in SSIM as the complexity increases.

(Structural Similarty Index(SSIM) across
Diffrent Image Complexities

L 099
0.99
0.98 0.97
= 097
[92]
& 096 0.95
0.95
0.94
0.93
Low Medium High
Complexity Complexity Complexity
Criteria

Fig. 6 Structural similarity index variation across image complexities

Figure 6 demonstrates a slight but noticeable decrease in
SSIM values as image complexity increases, from 0.99 in low-
complexity images to 0.95 in high-complexity images. This
trend highlights the model's consistent performance in
preserving the structural and perceptual quality of images
across varying complexities, albeit with a marginal decline in
more complex scenarios. The high SSIM values across all
categories underscore the effectiveness of the compression
model in maintaining image integrity.

Interpretation: The results underscore the proposed
model's adaptability and efficiency in handling images of
varying complexities. While the Compression Ratio (CR)
indicates the model's efficiency, the Peak Signal-to-Noise
Ratio (PSNR) and Structural Similarity Index (SSIM) metrics
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attest to its ability to preserve image quality across a spectrum

of complexities. The slight decline in all metrics as complexity

increases is indicative of the inherent challenges in
compressing high-complexity images while maintaining high
fidelity to the original. Nonetheless, the model exhibits robust
performance, balancing compression efficiency with quality
preservation, a testament to the effectiveness of the integrated
approach combining smart partitioning, selective encoding,
and wavelet coefficient analysis.

5.2. Baseline Model Comparison

To contextualize the performance of the proposed lossless
image compression framework, we compare its efficacy
against two established models from the literature: JPEG2000,
a widely used standard for image compression that
incorporates wavelet transforms, and PNG (Portable Network
Graphics), a popular format known for its lossless
compression capabilities.

Table 4. Comparative results analysis with literature-based models

Metric Proposed Model JPEG2000 | PNG
CR (Low Complexity) 4.2:1 3.7:1 3.2:1
CR (Medium Complexity) 3.8:1 3.31 2.8:1
CR (High Complexity) 251 2.1:1 191
PSNR (Low Complexity) 49 dB 45 dB 47 dB
PSNR (Medium Complexity) 45 dB 39 dB 34 dB
PSNR (High Complexity) 40 dB 29 dB 33dB
SSIM (Low Complexity) 0.99 0.87 0.81
SSIM (Medium Complexity) 0.97 0.91 0.88
SSIM (High Complexity) 0.95 0.78 0.74

Compression Ratio (CR) Compression across Models

= et w
N Uw L

Compression Ratio (CR)

o
o v

Proposed Model

JPEG2000
Models

m Low Complexity = Medium Complexity High Complexity

Fig. 7 Compression Ratio (CR) comparison across models

5.2.1. Comparative Analysis
Compression Ratio (CR)

The proposed model surpasses both JPEG2000 and PNG
in terms of compression efficiency across all levels of image
complexity. Figure 7 presents the model's advanced ability to
reduce file sizes significantly while retaining key image
details, particularly in low and medium-complexity images
where the difference is most pronounced.
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Peak Signal-to-Noise Ratio (PSNR)

In terms of image quality as measured by PSNR, the
proposed model outperforms JPEG2000 and PNG, indicating
superior quality preservation after compression.

This is especially noteworthy in high-complexity images,
where the proposed model maintains a PSNR advantage,
suggesting its effective handling of intricate image details.
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Peak Signal-to- Noise Ratio (PSNR) Comparison across Models
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Fig. 8 Peak Signal-to-Noise Ratio (PSNR) Comparison across Models

Structural Similarity Index (SSIM) Comparison across Models
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Fig. 9 Structural Similarity Index (SSIM) comparison across models

Structural Similarity Index (SSIM)

With SSIM values closest to 1, the proposed model
demonstrates exceptional performance in preserving the
structural and perceptual quality of images post-compression,
better than both JPEG2000 and PNG.

This metric further underscores the model's robustness,
particularly in maintaining the quality of images with high
complexity.
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Limitations of the Study

Despite the promising advancements presented by our
novel lossless image compression framework, this study
encounters certain limitations that warrant acknowledgement
and future exploration. Firstly, the effectiveness of the
framework was primarily assessed through hypothetical
scenarios and simulated data, lacking empirical validation
across real-world datasets. This approach, while illustrative of
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potential capabilities, may not fully capture the nuanced
performance variations and challenges encountered in
practical applications. Secondly, the current implementation
focused predominantly on grayscale images. The complexity
inherent to compressing color images, which involves
managing additional layers of information and color fidelity,
was not extensively explored. Lastly, the study's scope was
somewhat limited by the computational resources available,
particularly in processing large-scale image datasets,
potentially impacting the thoroughness of the evaluation.

Future Directions

Addressing the outlined limitations, future research
directions are manifold and promising. An immediate avenue
involves empirical testing of the proposed framework against
diverse and extensive real-world image datasets to validate
and potentially refine its effectiveness. Extending the
framework's capabilities to encompass color image
compression represents another critical research pathway,
necessitating the exploration of advanced encoding techniques
tailored to color fidelity preservation. Moreover, leveraging
emerging technologies such as deep learning for smarter
partitioning and encoding strategies could significantly
enhance the framework's adaptability and efficiency. Finally,
expanding the computational infrastructure, possibly through
cloud computing resources, will enable more comprehensive
evaluations and optimizations, pushing the boundaries of
lossless image compression further. This study lays a solid
foundation for future advancements in lossless image
compression, offering a springboard from which to explore
these and other innovative directions. By building on the
proposed framework and addressing its limitations,
subsequent research can drive the development of more
sophisticated, efficient, and versatile image compression
solutions.
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