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Abstract—Image compression is a critical and foundational
technology in the field of digital signal processing, enabling the
efficient storage and transmission of visual data. This report
provides a comprehensive technical overview of the principles
and practices of image compression. The primary objective is
to elucidate the fundamental concepts, from the core paradigms
of lossless and lossy compression to the intricate mathemati-
cal underpinnings of key algorithms. Methodologies examined
include traditional transform coding techniques, such as the
Discrete Cosine Transform (DCT) and the Discrete Wavelet
Transform (DWT), which form the basis of standards like JPEG
and JPEG2000, respectively. The report also surveys alternative
and advanced approaches, including Vector Quantization (VQ),
Fractal Image Compression (FIC), and the latest developments
in deep learning-based compression. Key findings highlight the
inherent trade-off between compression ratio and reconstructed
image quality, typically quantified by metrics like Peak Signal-
to-Noise Ratio (PSNR). Comparative analysis demonstrates the
performance advantages of modern codecs over legacy stan-
dards, particularly at high compression ratios where perceptual
quality becomes paramount. Furthermore, this report explores
the broader relevance of image compression to global initiatives,
detailing its contribution to the UN Sustainable Development
Goals (SDGs) through enhanced energy efficiency and improved
digital accessibility. The report concludes by identifying current
challenges, such as the development of robust perceptual quality
metrics, and outlining future research directions, which are
increasingly dominated by content-aware, AI-driven methodolo-
gies.

Index Terms—Image Compression, Lossless Compression,
Lossy Compression, Discrete Cosine Transform (DCT), Discrete
Wavelet Transform (DWT), Vector Quantization (VQ), Deep
Learning, Information Theory, WebP, AVIF, HEIF

I. INTRODUCTION

A. Background

Image compression is a form of data compression applied
to digital images, with the objective of reducing the number of
bits required to represent an image by removing redundant and
irrelevant information. In the contemporary digital ecosystem,
where visual data constitutes the majority of internet traffic,
efficient compression is not merely a technical optimization
but a fundamental enabling technology. Every image shared
on social media, every product photo on an e-commerce site,
and every frame of a streaming video relies on compression
to be delivered quickly and affordably.

The necessity for image compression is starkly illustrated
by considering the data footprint of an uncompressed image.

For instance, a simple 1000x1000 pixel grayscale image, with
each pixel represented by 8 bits, requires 8,000,000 bits, or 1
megabyte (MB), of storage. For a color image using the stan-
dard RGB model (24 bits per pixel), this requirement triples
to 3 MB. When considering high-resolution photography,
medical scans, or satellite imagery, this volume explodes. A
single high-resolution digital photo could exceed 100 MB, and
a single medical MRI scan can be many gigabytes. Transmit-
ting such files over bandwidth-limited channels—Ilike mobile
networks or residential internet—would be impractically slow
and costly.

The importance of image compression is multifaceted,
impacting performance, economics, and accessibility. In web
development, compressed images load faster, which is a
critical factor for improving user experience, reducing page
abandonment rates, and enhancing Search Engine Optimiza-
tion (SEO) rankings. From an economic standpoint, smaller
image files lead to reduced storage costs for data centers and
lower bandwidth consumption, which translates to massive
savings for both content providers and consumers, especially
those on metered data plans.

This process is achieved by exploiting three primary types
of data redundancy inherent in most natural images:

1) Coding Redundancy: This refers to the non-optimal
representation of pixel values. In a typical image, some
grayscale or color values (like shades of blue in a sky)
appear far more frequently than others (like a bright
red). A standard 8-bit representation uses the same
number of bits for every value, which is inefficient.
Techniques like Huffman coding or Arithmetic coding
exploit this by assigning shorter binary codes to more
frequent values and longer codes to rarer ones, reducing
the total number of bits.

2) Spatial (or Inter-pixel) Redundancy: This refers to
the high correlation between adjacent pixels. In a nat-
ural image, a pixel’s value is often very similar, if not
identical, to its neighbors. A blue sky pixel is almost
certainly surrounded by other blue sky pixels. Instead
of storing the value of every single pixel, compression
algorithms can store the value of one pixel and then
store only the small differences between it and its
neighbors, which requires far fewer bits. Transform
coding techniques like DCT are designed specifically
to de-correlate this information.

3) Psycho-visual Redundancy: This relates to informa-
tion that is imperceptible or less significant to the
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Human Visual System (HVS). The HVS is less sen-
sitive to fine details, high-frequency changes, and
subtle variations in color (chrominance) than it is to
changes in brightness (luminance). Lossy compression
algorithms aggressively capitalize on this by selectively
discarding or reducing the precision of this “less
important” information, achieving massive file size
reductions with little to no perceived loss in quality.

B. Motivation & Scope

The motivation for this comprehensive study stems from
the exponential growth in the generation and consumption of
digital imagery. From social media platforms and e-commerce
websites to critical applications in medical diagnostics and
satellite remote sensing, the “data deluge” of visual informa-
tion necessitates a robust understanding of the principles that
allow for its efficient management. The technical process of
image compression has profound ripple effects, influencing
a website’s commercial success, a user’s ability to access
information in a developing region, and the energy footprint
of the entire digital infrastructure. It is, therefore, an economic
and social lever, not merely a technical one. This report is
motivated by the need for a structured, foundational document
that consolidates the core principles, evaluates the landmark
techniques, and contextualizes the field within current and
future technological landscapes.

The scope of this report is to provide a “101” level,
yet technically rigorous, overview of image compression. It
begins by establishing the fundamental dichotomy between
lossless and lossy compression paradigms. It then delves
into the theoretical and mathematical foundations of seminal
algorithms, with a particular focus on the transform coding
methods that underpin widely adopted standards. A survey of
the academic literature is presented to trace the evolution of
compression methodologies, from these traditional techniques
to more recent innovations in fractal analysis and deep learn-
ing. The report provides a comparative performance analysis
of various algorithms, using standard objective metrics to
evaluate the trade-off between compression efficiency and
visual fidelity. Finally, the scope extends to cover the diverse
real-world applications of image compression, a discussion
of the field’s persistent challenges, and an exploration of
promising future research directions.

II. LITERATURE SURVEY

The field of image compression has evolved significantly
over several decades, with research progressing from mathe-
matically defined transforms to highly adaptive, data-driven
methods. This survey examines five pivotal research thrusts
that represent this evolution: classic transform coding, vector
quantization, fractal compression, modern deep learning ap-
proaches, and a recent refinement of the fractal method.

Transform Coding, which has been the dominant paradigm
for decades. This methodology involves transforming image
data from the spatial domain to a frequency or similar domain.
The goal is to de-correlate pixel data and compact the image’s
energy into a small number of coefficients. The Karhunen-

Loeve Transform (KLT) is recognized as theoretically optimal
in terms of energy compaction, but its data-dependent nature
(it requires computing a unique transform for each image)
makes it computationally prohibitive for practical use. The
Discrete Cosine Transform (DCT) emerged as a highly
effective, fixed-basis approximation of KLT, forming the cor-
nerstone of the ubiquitous JPEG standard. The DCT works so
well because the statistical properties of most natural images
are a good match for the cosine basis functions, allowing the
“energy” (visual information) to be concentrated in just a few
low-frequency coefficients. However, its block-based nature
can introduce conspicuous “blocking artifacts” at high com-
pression ratios. In response, the Discrete Wavelet Transform
(DWT) was developed, offering a multi-resolution analysis
that processes the image more holistically. This approach,
central to the JPEG2000 standard, mitigates blocking artifacts
and enables desirable features like progressive resolution de-
coding, though it can entail higher computational complexity.

Vector Quantization (VQ). Unlike the scalar quantization
applied to individual coefficients in transform coding, VQ
groups pixels into blocks (e.g., 4x4) or “vectors” and quantizes
them jointly. The core idea is to create a dictionary, or “code-
book,” of representative vectors (also called “codewords”).
This codebook is generated by training on a large set of sam-
ple image blocks, typically using a clustering algorithm like
the Linde-Buzo-Gray (LBG) algorithm, which is an extension
of k-means clustering. During encoding, each vector from the
source image is compared to all entries in the codebook, and
it is replaced by the index of the closest matching vector.
Compression is thereby achieved by transmitting this sequence
of indices and the codebook itself. The decoder, which also
has a copy of the codebook, simply reconstructs the image
by looking up each index. While capable of high compres-
sion ratios, VQ’s primary limitations are the computationally
intensive search process during encoding (comparing each
image block to every codebook entry) and the fact that a
codebook optimized for one class of images (e.g., portraits)
may not perform well on another (e.g., landscapes).

Fractal Image Compression (FIC) represents a third,
more esoteric methodology. FIC operates on the principle of
self-similarity, exploiting the fact that parts of many natural
images resemble other, larger parts of the same image (e.g.,
a small twig looks like a scaled-down branch). The image
is partitioned into non-overlapping “range blocks.” For each
range block, the algorithm exhaustively searches the entire
image for a larger “domain block” and a contractive affine
transformation (involving scaling, rotation, and shifting of
pixel values) that maps the domain block onto the range
block. The compressed file does not store pixel data; it stores
only the set of these transformations, known as an Iterated
Function System (IFS). To decompress, the decoder starts
with any arbitrary image and repeatedly applies the set of
transformations. Due to the contractive nature of the math, it
is guaranteed to converge to the original image. A key (though
often debated) advantage of FIC is its potential for resolution
independence, allowing a compressed image to be decoded
at resolutions higher than the original, as the fractal patterns
are mathematically defined and can be rendered at any scale.



However, its practical adoption has been severely hampered
by the astronomical computational cost of the encoding search
process, which is why it remains a niche technology.

Deep Learning-Based Image Compression. This par-
adigm shifts from handcrafted, multi-stage pipelines (trans-
form, quantize, encode) to end-to-end learned systems. Typi-
cally based on an autoencoder architecture, these models use
a deep neural network (the encoder) to transform an image
into a compact, quantized latent representation (the “bottle-
neck”). A second network (the decoder) then reconstructs the
image from this representation. The entire system—encoder,
quantizer, and decoder—is trained jointly by optimizing a
rate-distortion loss function. This function simultaneously
penalizes the model for using too many bits (the “rate”) and
for creating an image that looks different from the original (the
“distortion”). This allows the networks to learn the optimal
transforms, quantization strategies, and synthesis functions
directly from data, often surpassing traditional codecs. These
learning-driven methods have demonstrated state-of-the-art
performance, surpassing JPEG2000 and even the latest video
codec standards (in still-image mode) in both objective met-
rics (PSNR, MS-SSIM) and, crucially, in perceptual quality
at very low bit rates. Their primary limitations are the high
computational cost of training, the lack of a universal stan-
dard, and the emergence of new types of visual artifacts that
differ from the “blocking” or “blurring” of traditional codecs.

Addressing the historical limitations of FIC, a very recent
paper proposes a Fractal Dictionary Encoding (FDE) algo-
rithm. This work tackles the encoding-time bottleneck of
traditional FIC. Instead of searching within the source image
for domain blocks, the FDE method utilizes a pre-computed,
universal dictionary of fractal patterns generated from Julia
sets. The encoding process is reduced to matching image
blocks against this fixed dictionary, which dramatically accel-
erates the compression speed. The authors report a 70-fold
increase in encoding speed compared to conventional FIC,
making the fractal approach more computationally viable.
This can be viewed as a hybrid strategy, combining the data-
adaptive philosophy of fractal coding with a pre-computed
element to manage complexity, reflecting a recurring theme in
the evolution of compression technology. The main limitation
is that the reconstruction quality now depends on the expres-
sive power of the universal dictionary.

This survey reveals a clear evolutionary trajectory in image
compression research. The field has moved from algorithms
based on fixed mathematical constructs (DCT), to more flexi-
ble multi-resolution analysis (DWT), to methods that adapt to
image content through search (VQ, FIC), and has culminated
in fully data-driven systems that learn optimal representations
from scratch (deep learning). Each step represents an increase
in adaptivity and performance, often at the cost of increased
computational complexity, a trade-off that continues to define
the frontier of the field.

III. THEORETICAL & MATHEMATICAL FOUNDATIONS

A. Methodology

The methodologies underlying image compression are built
upon a rich foundation of information theory, signal process-
ing, and an understanding of human perception. While specific
algorithms vary, most modern lossy compression systems
follow a canonical three-stage pipeline that systematically
transforms, reduces, and efficiently encodes the image data.

a) Measuring Compression: Information Theory Funda-
mentals: Before exploring the compression pipeline, it is
useful to understand why data can be compressed. The answer
lies in Information Theory, pioneered by Claude Shannon.
The core concept is Entropy, which is a measure of the
uncertainty, or average information content, of a data source.
A data file with high entropy (like pure random noise or
an already-compressed file) has no discernible patterns, and
every bit is unpredictable. Such a file is essentially incom-
pressible.

Conversely, a file with low entropy is highly predictable
and has significant redundancy. Shannon’s source coding
theorem states that the minimum number of bits required
to represent a source, on average, is equal to its entropy.
Digital images are classic examples of low-entropy data. This
redundancy manifests in several ways:

* Coding Redundancy: Some pixel values (like shades

of blue in a sky) appear far more often than others.

* Spatial Redundancy: A pixel’s value is often very
similar to its neighbors.

* Temporal Redundancy: In video, a frame is often very
similar to the frame before it.

e Psycho-visual Redundancy: The human eye is less
sensitive to certain details, like high-frequency changes
in color.

The goal of lossless compression is to create a new repre-
sentation of the data that removes these redundancies, thereby
approaching the fundamental entropy (the “true” information
content) of the image. The goal of lossy compression is to go
even further by also discarding the psycho-visual redundancy,
creating a file that is perceptually similar but not identical, and
therefore much smaller. The three-stage pipeline is a practical
method for achieving this.

b) The General Compression Pipeline: The majority of
lossy image compression codecs, particularly those based on
transform coding, adhere to a three-stage process. This struc-
ture is designed to first re-organize the image data into a more
compressible form, then discard non-essential information,
and finally, represent the remaining data with the minimum
number of bits possible.

Placeholder for Pipeline Diagram

Fig. 1. The general three-stage lossy compression pipeline.



1) Transformation: The initial stage maps the image
from its spatial domain (a grid of pixel values) into
an alternative frequency domain. This step does not
compress the data but rather prepares it for compres-
sion. The transform (like DCT or DWT) de-correlates
the pixel data and compacts the signal’s “energy” (the
important visual information) into just a few significant
coefficients. The other coefficients, which represent
high-frequency noise or very fine details, are close to
ZEero.

2) Quantization: This is the crucial lossy step and the
primary source of data reduction in the pipeline. In
this stage, the precision of the transform coefficients is
reduced. Each coefficient is divided by a quantization
value (from a “quantization table”) and then rounded to
the nearest integer. By using large quantization values
for coefficients that represent information less percep-
tible to the human eye (e.g., high-frequency details),
a significant amount of data can be discarded. Many
coefficients become zero, which is highly compressible.
This step is irreversible; the original precision is lost.

3) Entropy Coding: The final stage takes the stream
of quantized coeflicients and losslessly compresses it.
This is achieved by using statistical coding methods
like Huffman coding or Arithmetic coding. Since the
quantization step creates long runs of zeros and a
non-uniform distribution of other values, it is highly
compressible. For example, in JPEG, the 2D grid of
coefficients is “unrolled” in a zig-zag pattern, grouping
the low-frequency coefficients (which are non-zero) at
the beginning and the long run of high-frequency zeros
at the end. This run of zeros can then be efficiently
represented using Run-Length Encoding (RLE).

c) Lossless vs. Lossy Compression: Image compression
techniques are fundamentally divided into two paradigms:
lossless and lossy, distinguished by whether the original image
can be perfectly reconstructed from the compressed data.

Lossless compression reduces file size without any loss
of information. Algorithms in this category identify and
eliminate statistical redundancy. Upon decompression, the
reconstructed image is bit-for-bit identical to the original. This
perfect fidelity makes lossless compression essential for appli-
cations where every detail is critical, such as medical imaging
(e.g., MRI or CT scans for diagnosis), technical schematics,
and archival of master files. Common lossless techniques in-
clude Run-Length Encoding (RLE), which replaces sequences
of identical data values with a single value and a count (e.g.,
“blue, blue, blue” becomes “3 blue”), and dictionary-based
methods like Lempel-Ziv-Welch (LZW), which is used in GIF
and TIFF formats to build a dictionary of recurring data pat-
terns. Standard file formats that employ lossless compression
include PNG (Portable Network Graphics) and the lossless
mode of WebP. The trade-off for perfect reconstruction is a
modest compression ratio, typically around 2:1 to 3:1.

Lossy compression, in contrast, achieves significantly
higher compression ratios (often 10:1, 50:1, or more) by
permanently discarding information from the original image.
This process is irreversible. The key principle is to eliminate

psycho-visual redundancy—data that the human visual system
is unlikely to notice. A primary example is chroma subsam-
pling, used in JPEG, WebP, and most video codecs. This
technique reduces the resolution of the color (chroma) infor-
mation while keeping the brightness (luma) information at full
resolution, as the HVS is much more sensitive to brightness.
This step alone can reduce the file size by 50% with almost no
perceptible change. The subsequent quantization step discards
even more information. Lossy methods are ideal for natural
photographs on the web, in digital cameras, and in streaming
media, where the primary goal is to balance file size with
acceptable visual quality.

d) Transform Coding in Detail: Transform coding is the
cornerstone of the most successful lossy compression stan-
dards. It operates by converting spatial pixel data into a
frequency representation where energy is more compactly
represented.

Discrete Cosine Transform (DCT): The DCT is the math-
ematical engine behind the JPEG standard. The process begins
by partitioning the image into non-overlapping 8x8 pixel
blocks. For each block, a two-dimensional DCT is computed,
which transforms the 64 pixel values in the spatial domain
into 64 frequency coeflicients. The key property of the DCT is
its high “energy compaction”; for typical images, most of the
signal energy is concentrated in the top-left coefficient, known
as the DC coefficient (representing the average intensity of
the block), and a few adjacent low-frequency AC coefficients
(representing gradual changes). The remaining high-frequency
coefficients, which represent sharp edges and noise, are often
close to zero. These coeflicients are then quantized by dividing
them by values from a quantization table, a step that aggres-
sively reduces the precision of high-frequency coefficients,
causing many to become zero and enabling high compression.
Finally, these quantized coefficients are read in a zig-zag
order to group the many trailing zeros together, which are
then efficiently compressed with Run-Length Encoding.

Placeholder for 8x8 DCT Basis Functions

Fig. 2. The 8x8 basis functions of the Discrete Cosine Transform (DCT).

Discrete Wavelet Transform (DWT): The DWT forms the
basis of the JPEG2000 standard and offers several advantages
over the DCT. Unlike the block-based DCT, the DWT is
typically applied to the entire image or large tiles thereof. It
operates by recursively decomposing the signal into different
frequency sub-bands. A one-level 2D DWT filters the image,
resulting in four sub-bands: LL (a coarse, down-sampled
approximation of the original image), LH (horizontal details),
HL (vertical details), and HH (diagonal details). This process
can be iterated on the LL band to achieve a multi-level
decomposition. This multi-resolution analysis provides better
energy compaction for images with transient features (like
edges) and avoids the blocking artifacts that plague DCT at



high compression ratios. Furthermore, the hierarchical struc-
ture of the DWT naturally facilitates progressive decoding,
allowing a low-resolution version of the image to be recon-
structed first, with details added as more data is received
(useful for fast previews on the web). JPEG2000 specifies two
main wavelet transforms: the irreversible Cohen-Daubechies-
Feauveau (CDF) 9/7 wavelet for lossy compression and the
reversible Le Gall-Tabatabai (LGT) 5/3 integer wavelet for
lossless compression.

Placeholder for DWT Decomposition

Fig. 3. A multi-level 2D Discrete Wavelet Transform (DWT) decomposition.

B. Applications

The theoretical methodologies of image compression trans-
late into a wide array of indispensable real-world applications
that define modern digital interaction and scientific endeavor.

Web and Internet: This is arguably the most ubiquitous
application. Image compression is the backbone of the modern
web, ensuring that websites load quickly and efficiently. For
e-commerce platforms like Amazon and service sites like
Airbnb, faster page load times, enabled by optimized images,
directly correlate with higher user engagement, lower bounce
rates, and increased revenue. Content Delivery Networks
(CDNs) rely on compressed images to efficiently cache and
distribute content globally, reducing latency and server load.
This also includes the optimization of images for different
devices (responsive images), where smaller, more heavily
compressed versions are sent to mobile devices, further saving
bandwidth. The choice of format, from JPEG for photos to
WebP for a superior balance of quality and size, and newer
formats like AVIF for even greater efficiency, is a critical
decision in web performance optimization.

Medical Imaging: In the healthcare sector, image com-
pression is crucial for the effective functioning of Picture
Archiving and Communication Systems (PACS) and the
growth of telemedicine. Medical imaging modalities such as
Magnetic Resonance Imaging (MRI), Computed Tomography
(CT), and Positron Emission Tomography (PET) generate
extremely large, high-resolution datasets, often as 3D or 4D
(time-series) volumes. Compression is essential to manage the
immense storage requirements of these archives and to enable
rapid transmission of images between hospitals, clinics, and
specialists for remote diagnosis (teleradiology). While lossy
compression can be used in some contexts (particularly for
review or consultation), lossless compression is often man-
dated for the primary diagnostic and archival record to ensure
that no diagnostically relevant information is compromised.
Standards like DICOM (Digital Imaging and Communications
in Medicine) incorporate both lossless and lossy compression
schemes, including JPEG and JPEG2000.

Satellite and Remote Sensing: Earth observation satellites
and airborne sensors, particularly those with hyperspectral

or synthetic-aperture radar (SAR) capabilities, capture vast
quantities of data on a continuous basis. The available storage
on-board these platforms is limited, as is the bandwidth for
downlinking data to ground stations. Consequently, efficient
on-board image compression is a mission-critical technol-
ogy. This data is often multi-band, meaning each “pixel”
contains information from dozens or hundreds of different
light frequencies, not just red, green, and blue. Specialized
compression algorithms, often based on 3D DWT or KLT,
are required to manage this spectral redundancy in addition
to spatial redundancy. Compression allows for the storage of
more data before downlink and reduces the time required for
transmission, enabling more timely analysis for applications
in meteorology, agriculture, environmental monitoring, and
military intelligence.

Entertainment and Consumer Electronics: The enter-
tainment industry heavily relies on image and video com-
pression. Standards like MPEG, H.264 (AVC), and H.265
(HEVC), which use intra-frame compression techniques anal-
ogous to JPEG, are what make video streaming services like
Netflix and YouTube possible. The Digital Cinema Initiative
selected JPEG2000 as the standard for digital movie distrib-
ution to theaters, leveraging its high quality and robust com-
pression capabilities. In consumer electronics, compression
allows digital cameras and smartphones to store thousands of
high-resolution photographs on a single memory card, often
using formats like HEIF (which uses HEVC compression) to
store images more efficiently than JPEG. This compression
also enables features like high-speed burst photography and
4K video recording on mobile devices.

IV. REsuLTs AND DiscuUSsSIONS

The efficacy of an image compression algorithm is not ab-
solute but is measured through a trade-off between the degree
of data reduction and the fidelity of the reconstructed image.
This section defines the key metrics used for this evaluation
and presents a comparative discussion of the performance of
major compression techniques, contextualizing recent research
within this landscape.

To objectively evaluate and compare different compression
schemes, several standard performance metrics are employed.
The most fundamental metric is the Compression Ratio
(CR), defined as the ratio of the size of the original uncom-
pressed image to the size of the “compressed” image. A higher
CR indicates greater data reduction. However, CR alone is
insufficient, as it provides no information about image quality.
The most common metric for quantifying quality is the
Peak Signal-to-Noise Ratio (PSNR), measured in decibels
(dB). PSNR is derived from the Mean Squared Error (MSE)
between the original and compressed images and provides a
logarithmic measure of reconstruction fidelity.

A higher PSNR value generally indicates a higher-quality
reconstruction. For 8-bit images, PSNR values between 30
and 50 dB are often considered to represent good to excellent
quality. While widely used due to its simplicity, PSNR is
a notoriously poor indicator of perceptual quality. It works
on a simple pixel-by-pixel difference, meaning an image that



is slightly blurry (but looks fine to a human) might have a
worse PSNR than an image with a few highly-distorted blocks
(which look terrible to a human).

To address this, perceptual quality metrics have been devel-
oped, with the Structural Similarity Index (SSIM) being
one of the most prominent. SSIM evaluates quality based
on the degradation of structural information, comparing local
patterns of pixel intensities by incorporating luminance, con-
trast, and structural components, thereby often providing a
result that correlates better with subjective human assessment.
Even more advanced metrics like MS-SSIM (Multi-Scale
SSIM) perform this comparison at different image scales,
more closely mimicking how the HVS processes information.

The performance of different algorithms can be summarized
qualitatively. This involves highlighting the underlying tech-
nologies and the characteristic trade-offs of each approach.
JPEG, based on DCT, is fast and universally supported but
is prone to distinct blocking artifacts at high compression.
JPEG2000, using DWT, provides superior quality and features
like scalability but at a higher computational cost. Modern
formats like WebP offer a compelling balance, often outper-
forming JPEG significantly. More advanced techniques like
FIC and deep learning models push the boundaries of com-
pression but come with their own challenges in complexity
and standardization.

Placeholder for Table 1: Qualitative Comparison of Com-
pression Algorithms

Fig. 4. Qualitative Comparison of Compression Algorithms

A more quantitative comparison is provided by a rate-
distortion (R-D) curve, which plots a quality metric (like
PSNR) against the bit rate or compression ratio. Such a curve
clearly demonstrates that for any given compression ratio,
JPEG2000 and WebP achieve a higher PSNR than JPEG.
Conversely, to achieve a target PSNR, they require a lower bit
rate (higher CR). The performance gap widens significantly
at higher compression ratios (lower bit rates), where JPEG
quality degrades precipitously due to severe blocking artifacts.
JPEG2000 exhibits a more graceful degradation, typically
resulting in a blurred image rather than a blocky one, which
is often perceived as less objectionable. Studies have shown
that WebP can produce files that are 25%-34% smaller than
JPEG files of equivalent SSIM quality, confirming its superior
efficiency for web applications.

Placeholder for Figure 1: Rate-Distortion (R-D) Curve

Fig. 5. A conceptual Rate-Distortion (R-D) curve.

The results from the recent paper on Fractal Dictionary
Encoding (FDE) must be interpreted within this multi-dimen-
sional performance space. The paper’s primary contribution
is not necessarily an improvement in the rate-distortion curve
over state-of-the-art methods but a dramatic reduction in the
computational complexity of fractal encoding. By reporting a
70-fold speedup, FDE addresses the single greatest barrier to
the adoption of fractal compression. This makes the unique
benefits of FIC, such as resolution independence, potentially
accessible for a wider range of applications where encoding
time was previously prohibitive. This highlights that the “best”
algorithm is not determined by R-D performance alone; it
is a context-dependent choice that balances quality, file size,
encoding speed, decoding speed, and special features. For
instance, a real-time video application prioritizes low encod-
ing latency, a digital archive prioritizes fidelity, and a web-
streaming service prioritizes perceptual quality at the lowest
possible bit rate.

To ground this discussion in concrete numbers, a quanti-
tative comparison of two color image compression schemes
based on Singular Value Decomposition (SVD), a type of
transform coding, can be presented. It shows the PSNR
and CR values achieved for different numbers of selected
singular values (q), which acts as the quality parameter. The
data clearly illustrates the fundamental trade-off: as more
singular values are retained (increasing q), the PSNR (quality)
increases, but the CR (compression) decreases. This provides
a tangible example of how compression algorithms are tuned
to operate at different points along their respective rate-
distortion curves.

Placeholder for Table 2: Quantitative SVD Comparison

Fig. 6. Quantitative comparison of SVD-based compression (Placeholder
Data)

a) Comparison of Key Modern Codecs: JPEG, WebP, AVIF,
and HEIF: While many algorithms exist, the practical land-
scape is dominated by a few key standards.



* JPEG (Joint Photographic Experts Group): The
long-standing champion of the web, first released in
1992. Its 8x8 DCT block approach is computationally
simple and universally supported by every browser and
image viewer. Its primary weakness is the appearance
of “blocking” artifacts (visible 8x8 squares) and “ring-
ing” (ghosting near sharp edges) at high compression
ratios. It also does not support transparency or lossless
compression in its most common form.

*  WebP: A modern format developed by Google, designed
specifically for the web. It offers both lossy and lossless
compression, as well as support for transparency (alpha
channel) and animation. Its lossy mode is based on the
VPS8 video codec’s intra-frame prediction (which is more
advanced than DCT alone, as it can predict blocks from
their neighbors), and its lossless mode is algorithmically
distinct and often more efficient than PNG. WebP con-
sistently produces files 25-35% smaller than JPEG at
equivalent visual quality and is now supported by all
major browsers, making it a strong replacement for both
JPEG and PNG.

 HEIF (High Efficiency Image File Format): A con-
tainer format, not a compression algorithm itself. It
typically uses the HEVC (H.265) video compression
standard to encode images. This is the format used
by default on modern iPhones. HEIF/HEVC offers com-
pression efficiency roughly 2x better than JPEG (i.e.,
half the file size for the same quality). It supports
transparency, animation, and storing auxiliary data like
depth maps. Its main drawback is patent-licensing and
royalty issues associated with HEVC, which has slowed
its adoption on the open web.

* AVIF (AV1 Image File Format): The newest contender,
also a container format, which uses the AV1 video
codec for compression. AV1 is an open-source, royalty-
free codec developed by the Alliance for Open Media
(which includes Google, Apple, Microsoft, Amazon, and
others). It offers even better compression than HEIF/
HEVC, often cited as being 50% smaller than JPEG.
It supports all modern features, including HDR (High
Dynamic Range), 10-bit and 12-bit color depth, and
lossless compression. It is now supported by all major
browsers and is seen as the likely successor to all
previous formats for web delivery.

V. ReLEvaNcE TOo SDG

The practice of image compression, while a deeply tech-
nical discipline, has significant and direct relevance to the
United Nations Sustainable Development Goals (SDGs). The
SDGs represent a global blueprint for peace and prosperity
for people and the planet, and image compression serves as
a key enabling technology for a more sustainable, equitable,
and efficient digital world. Its impact can be analyzed through
environmental, socio-economic, and extended sustainability
lenses.

The most direct connection lies in the environmental impact
of data transfer, which relates to SDG 7 (Affordable and

Clean Energy) and SDG 12 (Responsible Consumption
and Production). Digital images are often the single largest
contributor to the “weight” of a webpage or application.
The transmission of this data across global networks—from
servers through routers to end-user devices—consumes a
substantial amount of electricity. Data centers, which store
and serve this content, are massive consumers of energy, both
for computation and for cooling. A significant portion of this
electricity is still generated from fossil fuels, contributing
to the carbon footprint of the internet. Image compression
directly mitigates this impact. By reducing file sizes, often
by over 90% (especially when moving from JPEG to AVIF),
compression drastically cuts the amount of data that needs to
be transmitted and stored. This leads to a proportional reduc-
tion in energy consumption across the entire digital supply
chain, from data centers to last-mile network infrastructure.
For context, it is estimated that transferring 1 GB of data can
produce up to 3 kg of CO2; thus, compressing a 10 MB image
to 1 MB prevents a significant amount of carbon emissions
over millions of views.

Beyond the environmental benefits, image compression
is a powerful tool for promoting social equity and digital
inclusion, directly supporting SDG 10 (Reduced Inequali-
ties). A data-heavy internet creates a digital divide, where
access to information, education, and economic opportunities
is limited for those with poor infrastructure. In many devel-
oping nations and rural areas, internet access is exclusively
mobile, slow, and expensive (“data poverty”). Lightweight,
optimized images ensure that websites and digital services
remain performant and accessible to users in low-bandwidth
areas, or for individuals who rely on older, less powerful
devices or have restrictive mobile data plans. By lowering
the barrier to access, image compression helps ensure that
the benefits of the digital world—from online education to
e-government services—are not confined to those with high-
speed connections and modern hardware, thereby fostering a
more inclusive global information society.

From an economic perspective, which aligns with SDG
8 (Decent Work and Economic Growth), the benefits
are twofold. For businesses and content creators, optimized
images lead to faster websites, which in turn improves
user engagement, search engine visibility, and e-commerce
conversion rates, fostering economic activity. For end-users,
particularly in developing economies where data costs can be
a significant portion of income, smaller file sizes mean that
accessing online content is more affordable. This allows indi-
viduals to consume more educational material, access more
services, and participate more fully in the digital economy
without being penalized by high data charges.

Finally, there is an extended impact on sustainable con-
sumption patterns, again relating to SDG 12. By reducing the
computational load required to render web content, optimized
images can help extend the functional lifespan of older elec-
tronic devices. When websites become too resource-intensive,
users are often forced to upgrade their smartphones, tablets,
and computers, contributing to the growing global problem
of electronic waste (e-waste). A lighter, more efficient web,
facilitated by effective image compression, can help slow



this cycle of forced obsolescence, promoting more sustain-
able consumption of electronics. Thus, the technical act of
compressing an image is intrinsically linked to broader goals
of environmental stewardship, social justice, and sustainable
economic development.

VI. CHALLENGES & OPEN RESEARCH DIRECTIONS

Despite decades of progress, the field of image compres-
sion continues to face fundamental challenges and is ripe
with opportunities for future research. The pursuit of more
efficient, intelligent, and perceptually optimized compression
algorithms remains an active and critical area of investigation,
driven by the ever-increasing resolution and volume of visual
data.

One of the most persistent challenges is navigating the fun-
damental Rate-Distortion-Complexity Trade-off. The core
objective of compression is to minimize the data rate (file
size) for a given level of distortion (quality), but this must be
achieved within acceptable computational bounds for both the
encoder and decoder. State-of-the-art deep learning models
may offer superior rate-distortion performance, but their high
computational complexity can render them impractical for
real-time applications on resource-constrained devices like
mobile phones or on-board satellite systems. Finding archi-
tectures and algorithms that push the rate-distortion curve
forward without an exorbitant increase in complexity remains
a central challenge.

A closely related challenge is the inadequacy of Perceptual
Quality Metrics. For decades, PSNR has been the workhorse
metric for optimizing and comparing codecs. However, it is
widely acknowledged that PSNR often correlates poorly with
the subjective quality perceived by a human observer. An
image with a high PSNR may appear blurry, while another
with a lower PSNR but different types of artifacts might
look more visually pleasing. Metrics like SSIM and MS-
SSIM offer an improvement, but the development of fast,
accurate, and reliable no-reference or full-reference metrics
that truly capture human perceptual judgment is a major open
problem. The lack of such a metric hinders the optimization
of compression algorithms for what truly matters: the final
visual experience.

Furthermore, the field faces the challenge of Domain-
Specific Compression. Most general-purpose compression
algorithms, including both traditional codecs and deep learn-
ing models, are designed and trained on datasets of natural
images. Their performance may be suboptimal for specialized
imagery, such as medical scans, astronomical images, or
hyperspectral remote sensing data. These domains have unique
statistical properties and different requirements for what con-
stitutes “important” information. For example, in medical
imaging, preserving subtle textural details for diagnosis is
paramount, a requirement that a standard JPEG or WebP
encoder is not designed to prioritize. Developing compression
techniques tailored to these specific domains is a critical need.

Looking forward, several open research directions promise
to address these challenges. The future of the field is increas-
ingly oriented towards End-to-End Learned Compression.

Research in this area is focused on several key fronts. One
is the development of more efficient neural network architec-
tures that can achieve state-of-the-art compression with lower
computational overhead, making them viable for broader
deployment.

A parallel and highly promising direction is the develop-
ment of Learned Perceptual Metrics. Instead of relying on
handcrafted formulas like PSNR or SSIM, researchers are
using deep neural networks to learn a metric that mimics
human quality judgments. Metrics like LPIPS (Learned Per-
ceptual Image Patch Similarity) have already shown a much
stronger correlation with human perception. The ultimate goal
is to integrate these learned metrics directly into the loss
function used to train compression models, thereby optimizing
the models explicitly for visual quality rather than for a proxy
like MSE.

a) The Rise of Generative Compression: A major evolu-
tion within end-to-end learned compression is the use of
generative models, such as Generative Adversarial Networks
(GAN:s) or diffusion models. Traditional codecs, when pushed
to very low bit rates, produce blurry, blocky, or washed-
out images. They are optimized for “fidelity” metrics like
PSNR, which reward them for creating an image that is the
“average” of all possible high-quality reconstructions. Gener-
ative compression models take a different approach. Instead
of just reconstructing the “average” of possible pixels, they
synthesize plausible, realistic-looking details. The resulting
image may not be a perfect match to the original (i.e., it
might have a low PSNR), but it often appears sharper, more
detailed, and more perceptually pleasing to a human. This is a
paradigm shift from “fidelity” (matching the original exactly)
to “realism” (looking like a real, high-quality image). The
challenge lies in controlling these models to prevent them
from “hallucinating” important details that weren’t in the
original, such as altering a person’s face or changing text on
a sign.

b) Semantic and Content-Aware Compression: Finally, the
concept of Semantic and Content-Aware Compression
represents a paradigm shift from compressing pixels to com-
pressing meaning. Future codecs could integrate computer
vision modules, such as object detectors or saliency predic-
tors, to identify semantically important regions in an image
(e.g., faces, text, a product in an e-commerce photo). The
compression algorithm could then dynamically allocate more
bits to preserve the quality of these regions while compressing
less important areas, like a blurred background, more aggres-
sively. An even more advanced idea is semantic compression,
where the encoder identifies the objects in an image (“a cat
sitting on a mat”) and sends this semantic description, along
with some guidance, to a generative decoder, which then
renders a new image of a cat on a mat. This could achieve
astronomical compression ratios, but it fundamentally changes
the goal from reconstructing an image to recreating its
meaning. As new forms of visual media like 360-degree video,
light fields, and volumetric data become more common, de-
veloping novel compression techniques to handle their unique
multi-dimensional structures will also be a critical frontier for
research.



VII. CoNcCLUSION

This report has provided a foundational and comprehensive
examination of the field of image compression, a technology
that is indispensable to the functioning of our modern digital
world. It serves as a critical bridge between the ever-growing
demand for high-fidelity visual content and the finite, practical
constraints of data storage and transmission bandwidth. The
core principles of compression revolve around the systematic
identification and removal of various forms of data redun-
dancy—coding, spatial, and psycho-visual—to create a more
compact representation of an image.

The methodologies explored herein trace a clear evolu-
tionary path. The journey began with the mathematically
elegant but rigid block-based Discrete Cosine Transform of
the JPEG standard, which prioritized computational simplicity
and achieved widespread adoption. This was followed by the
more sophisticated multi-resolution analysis of the Discrete
Wavelet Transform in JPEG2000, which offered superior
quality and advanced features like progressive decoding at the
cost of increased complexity. The survey of literature further
highlighted alternative paradigms such as Vector Quantization
and Fractal Image Compression, each with unique strengths
and significant challenges, particularly in computational cost.

Today, the field is being revolutionized by end-to-end
learned approaches, where deep neural networks are trained
to discover optimal compression strategies directly from data.
These Al-driven models, along with modern video-codec-
based formats like AVIF and HEIF, are consistently pushing
the boundaries of what is achievable in terms of both objective
and perceptual quality, rendering legacy standards like JPEG
obsolete in performance.

Throughout this analysis, a central theme has been the
persistent and multi-dimensional trade-off between compres-
sion ratio (rate), visual quality (distortion), and computational
complexity. The results demonstrate that there is no single
“best” algorithm; rather, the optimal choice is highly depen-
dent on the specific application’s requirements for encoding
speed, decoding speed, fidelity, and desired features. The
discussion also underscored the broader significance of this
technology, linking efficient compression practices to global
sustainability goals by reducing the energy footprint of digital
data and promoting greater digital inclusion.

In conclusion, the future of image compression is poised
to be more intelligent, adaptive, and perceptually driven. The
open research directions point towards systems that are not
merely compressing pixels but are increasingly aware of the
semantic content they represent, with generative models and
learned perceptual metrics at the forefront. The integration
of advanced machine learning and the creation of standards
for these new technologies will define the next generation of
compression. These advancements will not only enable richer
visual experiences but will also play a crucial role in building
a more efficient, accessible, and sustainable digital ecosystem.
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