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Abstract—This abstract provides an overview of image
compression techniques using deep learning methods. It discusses
the use of autoencoders, variational autoencoders, convolutional
neural networks (CNNs), recurrent neural networks (RNNs), and
generative adversarial networks (GANSs) for image compression.
The concept of vector quantization and its application in image
compression is introduced. Image interpolation and the
development of Super-Resolution techniques to enhance image
resolution are discussed. This paper contributes to a greater
understanding of these topics, providing insights into
advancements and potential directions for future research in
image compression, deep learning architectures, and image
enhancement techniques.
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I INTRODUCTION

Image compression and retrieval are crucial tasks in various
domains, ranging from multimedia communication and storage
to content-based image analysis. The rapid growth in digital
imagery and the amount of media consumed by the world on a
daily basis. Thus there is a need for minimizing storage
requirements, reducing transmission bandwidth, and ensuring
faster image rendering.

Image compression is a critical technique employed to reduce
the size of image files while ensuring acceptable visual
quality. Its primary objective is to facilitate efficient
transmission and storage of images, as mentioned in [13]. The
field of image compression encompasses two main techniques:
lossless compression and lossy compression. Lossless
compression methods employ algorithms that identify and
exploit patterns and redundancies within the image data,
resulting in a compressed file that can be fully reconstructed
without any loss of information. On the other hand, lossy
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compression methods achieve higher compression ratios by
selectively discarding less significant data, such as
imperceptible details or redundant colour information. This
trade-off between file size reduction and preservation of visual
quality allows for effective image compression in various
applications, including digital imaging, multimedia systems,
and web-based image transmission.

In applications where image quality preservation is crucial,
lossless compression is essential, whereas lossy compression
is commonly used for web image transmission. Compressive
sensing, an emerging field, emphasizes efficient signal
acquisition and storage through reconstruction from limited
data samples [14-16]. Within the broader context of
compressive sensing, we will specifically explore vector
quantization (VQ) as a subtopic in our survey paper. VQ offers
a means of reducing data dimensionality by grouping similar
data points, thus facilitating efficient representation and
compression of images.

Deep learning has revolutionized numerous disciplines by
enabling the efficient representation and generation of
complex data. One such area is image processing, where a
large number of Deep learning techniques have been employed
to perform tasks such as image compression. Deep learning
techniques have brought about a revolutionary transformation
in image compression by utilizing their capacity to learn
hierarchical representations directly from unprocessed image
data. These models excel at capturing and utilizing the spatial
correlations and intricate patterns found in images.
Compressed image methods based on deep learning have
exhibited exceptional performance in terms of compression
effectiveness and visual fidelity.

Encoder-decoder architectures have emerged as a significant
paradigm in this field, addressing the difficulties posed by
sequential and variable-sized inputs. The encoder compresses
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the input into a lower-dimensional latent representation, while
the decoder reconstructs the output data from the latent space.
These architectures' applications consist of image processing,
natural language processing, and speech recognition.As stated
previously, these architectures have the potential to
revolutionize a variety of disciplines.

Image interpolation is a technique used in digital image
processing to resize or distort an image from one-pixel grid to
another. 1t is required when changing the total number of
pixels, whereas remapping can occur when correcting for lens
distortion or rotating an image. However, modern computer
graphics models lack the ability to render elements
independently of the pixel grid. Thus, Super-Resolution was
developed so as to improve the resolution of optical systems.
Although it has been a problem for many years, finding a
solution is still a challenging task. This is due to the high
subjectivity of a High-Resolution (HR) image generated from
a low Resolution (LR) image. The high subjectivity could be
due to multiple variations in lighting, camera angles,
brightness, noise, contrast and other variables.

Il.  IMAGE COMPRESSION USING DEEP LEARNING
TECHNIQUES

Deep Leaning(DL) techniques have revolutionized image
compression and reconstruction by utilizing their ability to
learn complex representations directly from raw image data.
DL-based compression models have capabilities in capturing
intricate image features and preserving visual quality during
compression.

A. Autoencoders

Autoencoders (AE) are neural networks used for unsupervised
learning tasks, including image compression. By learning to
reconstruct an input image from a compressed representation,
AE-based compression techniques can effectively reduce
image size while preserving important visual features. AE are
widely used for image compressions because they allow
reduction in the dimensionality of the input image. An AE
consists of three parts: an input layer, a bottleneck layer where
the latent space is represented, and an output layer. AE-based
image compression models were developed as early as
2016[1].

B. Variational Autoencoders

Variational Autoencoders (VAE) add a probabilistic element
to the compression process. This allows to generate high-
quality images from compressed encodings. VAE produce
better results than simple AE but also use up more
computation power, for still image compression.

In [3], the authors introduced a VAE architecture using
nonlinear transform and uniform quantizer for image
compression. In [4], the authors introduced a VAE-based
architecture meant for image compression on high-resolution
images. To enhance the training process, the authors
incorporated a non-local attention module (NLAM). However,
this resulted in a significant increase in the overall complexity
of the model.
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C. Convolutional Neural Networks

Convolutional Neural Networks (CNN) have shown great
potential in image compression due to its feature extraction
characteristics. CNN can learn compact representations of
images and reduce file size while maintaining perceptual
quality.

In [5]- [7], the authors used CNNs to compress images. These
compression models scored better than JPEG and JPEG-2000
in structural similarity index measure (SSIM) and peak signal-
to-noise ratio (PSNR).

D. Recurrent Neural Networks

Recurrent Neural Networks (RNN) have been applied to image
compression by leveraging sequential modeling. An RNN-
based image compression architecture combines convolutional
layers for initial feature extraction, GDN and IGDN layers for
feature normalization and reconstruction, RNN modules for
capturing temporal dependencies, and binarized convolutional
layers for efficient compression. RNN-based compression
models capture temporal dependencies in images and can
achieve efficient compression by encoding and reconstructing
images in a sequential manner. In [8], the authors introduced
an RNN-based compression architecture that utilized a stop
code tolerant (SCT) approach for training the model. Their
model was evaluated on the Kodak and ImageNet datasets. In
another study [9], an RNN-based compression method was
proposed specifically for still images. The training dataset in
this study consisted of Kodak images. The performance of this
model surpassed that of JPEG, JPEG-2000, and WebP. The
authors in [10], illustrated the use of RNN with entropy
encoding to compress images.

E. Generative Adversarial Networks

Generative Adversarial Networks (GAN) are used in image
compression by incorporating a generator and a discriminator
network. GAN-based compression techniques generate
compressed representations that can be decoded to high-
quality images while achieving high compression ratios. The
authors in [11], illustrated the use of GAN for the compression
and classification of semantic data. In [12], the authors
demonstrated the use of unified binary GAN (BGAN+) for
image compression and image retrieval. The model achieved
better than JPEG and JPEG-2000. The visual quality of the
reconstructed image was significantly improved compared to
JPEG and JPEG-2000 at low bit-rates.

F. Performance Evaluation

Image compression plays a crucial role in reducing the size of
digital images while maintaining acceptable visual quality. To
evaluate the effectiveness of various compression techniques,
performance metrics like Minimum bpp, PSNR, and MS-
SSIM are used.

Minimum bpp (bits per pixel): Minimum bpp refers to the
minimum number of bits required to represent a single pixel in
a compressed image. It measures the average compression
ratio achieved by a particular algorithm. Lower minimum bpp
values indicate more efficient compression, as fewer bits are
needed to encode each pixel.
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PSNR (Peak Signal-to-Noise Ratio): PSNR is a widely used
metric to evaluate the quality of compressed images. It
measures the ratio between the maximum possible power of a
signal (in this case, an image) and the power of the noise
introduced by compression. PSNR is expressed in decibels
(dB) and higher PSNR values indicate better quality.
MS-SSIM (Multi-Scale Structural Similarity Index): MS-SSIM
is an advanced metric that considers both structural and
perceptual similarity between the original and compressed
images. Unlike PSNR, MS-SSIM takes into account human
visual perception. MS-SSIM outputs a value between 0 and 1,
where higher values indicate better similarity.

Table 1: Summary of performance evaluation

Research | Model Minimum | PSNR MS-SSIM
bpp (dB)

[3] VAE 0.15 30.76 0.955

[4] VAE 0.2 30 0.7768

[5] CNN 0.0726 23.93 0.8118

[6] CNN 0.519 33.62 0.981

[71 CNN 0.2 31 0.7878
[9] RNN 05 33.59 0.9877
[11] GAN 0.0983 28.54 0.973

I1l.  VECTOR QUANTIZATION

Vector quantization (VQ) is an extensively employed data
compression method that efficiently stores and transmits data
by processing k-dimensional vectors (k-pixel blocks) rather
than individual scalars [17-19]. In image compression, VQ
maps input vectors to an output space, representing the
original image faithfully while reducing the number of distinct
vectors used for compression. VQ accomplishes significant
compression ratios while maintaining acceptable image quality
by effectively capturing image correlations and redundancies.
Its ability to manage k-dimensional vectors and exploit image
correlations has made VQ the preferred method for efficient
image compression, thereby enabling applications that require
optimal data storage and transmission efficiency.

A. Lossy compression schemes for image coding

Lossy compression techniques exploit the human eye's
tolerance for image distortion, achieving lower bit rates by
sacrificing data [17, 18]. Quantization during encoding
eliminates redundant information, resulting in smaller bit sizes
[17, 18]. The trade-off between image quality and bitrate is
dependent on the application and extent of degradation desired
[19]. Techniques such as vector quantization and hybrid
coding optimize compression efficacy [20] and provide a
balance between compression rates and image quality. These
methods play a vital role in numerous applications that require
efficient data transmission and storage.
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Fig.1: Flowchart for Lossy compression image coding

B. Vector quantisation in image compression
Vector quantization (VQ) is a coding method derived from
Shannon's rate distortion theory, which implies that coding
vectors of information yields superior performance to coding
scalars [21]. Numerous applications, such as image coding,
have involved extensive research. In VQ, an image is divided
into tiles, and each tile is regarded as a k-dimensional vector U.
The encoder selects the codeword y that minimises the
distortion measure d(u, y) for each tile from the codebook. The
index j corresponding to the chosen codeword is transmitted
over the channel. If the channel is error-free, the decoder
retrieves codeword y from the received index and outputs it as
the reconstructed image tile if the channel is error-free.
Mathematically, VQ encoding is a mapping from a k-
dimensional vector space to a finite set of symbols, J
VQ:u=(ug, Uy, ..., U) — ] Q)
where k =nm, j E J, and J has size J = Y. The rate, R,
of the quantization is
R =log.Y 2
where R is bits per input vector. The compression rate is R/k
bits per pixel. Typically, Y is chosen to be a power of 2, so R
is an integer. Consequently, VQ encoding generates codes of
R bits in length with every R-bit code corresponding to some y
EY.

C. Practical limitations of basic vector quantisation

Vector quantization (VQ) for image coding is hindered by
computational complexity and memory requirements, which
restricts its application to small dimensions and low bitrates.
Efforts to reduce complexity through techniques such as
cluster merging and dimension reduction result in marginally
inferior codebooks, whereas the generation of optimal
codebooks requires a significant amount of computation time.
In VQ-based image coding, additional research is required to
strike a balance between codebook quality and computational
efficacy. [22]

D. Experimental Results and Comparison

In our research, we compared VQ-based compression to
conventional methods such as JPEG and PNG, concentrating
on compression efficiency, image quality, bandwidth reduction,
and preservation of fidelity. VQ attained high compression
ratios by exploiting image correlations efficiently, particularly
with small block sizes. Subjective and objective evaluations
confirmed that VQ maintained acceptable image quality at
lower bitrates, frequently outperforming conventional methods.
Analysis of bandwidth reduction demonstrated VQ's efficiency
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in optimizing network utilization, making it advantageous for
constrained networks. Moreover, VQ effectively reconstructed
images with minimal distortion, preserving essential image
components and visual characteristics. Our findings
demonstrate that VQ is a promising alternative to conventional
compression methods.

kel

(A) (8) ()
Without compression

Compression of Compression of

1,024 codebook size 2,048 codebook size

Fig.2: (A) "Lena" without compression. (B) VQ-compressed
"Lena" image, codebook size of 1,024, compression time of 6
minutes, 2.6 bits/pixel. (C) VQ-compressed "Lena" image,
codebook size of 2,048, compression time of 10 minutes and
2.9 bits per pixel.

From the above figures, it is evident that the quality of the
images increases with codebook size. Increasing the codebook
size increases, the computations per image. Hence, a flexible
choice of the trade-off between compression ratio and fidelity
must be made in accordance with the application requirements
and resource constraints.

IV. ENCODER-DECODER ARCHITECTURE

The encoder-decoder architecture is a powerful model that has
found success in various domains, including both natural
language processing (NLP) and image processing. While
attention-based (transformer) encoder-decoder models have
become the de-facto standard in NLP, similar advancements
have also been made in the field of image processing. The
encoder-decoder  architecture  has  exhibited notable
progression throughout its history, accommodating the
expanding complexities of deep learning objectives. During
the initial phases, the framework predominantly consisted of
fully connected dense layers, convolutional layers, recurrent
networks, and their respective variations, as mentioned in [30].
The initial encoder-decoder models exhibited proficiency in
specific tasks, however, they encountered difficulties in
processing complex data structures, such as sequential or
variable-sized inputs. [23]

X Y Z <eos>

—a =
network

(@)
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Fig.3: (a) Encoder-decoder architecture (b) Attention based
encoder-decoder architecture

However, RNN-based encoder-decoder models introduced the
concept of sequence-to-sequence learning, allowing the
processing of sequential data, such as language translation.
CNN-based encoder-decoder architectures became
instrumental in image processing tasks, leveraging their ability
to capture spatial features and perform tasks like image
segmentation and generation. [24][25][31]

A general encoder-decoder architecture consists of two key
components: an encoder network and a decoder network. The
encoder network takes in input data, such as an image or a
sequence of text, and processes it to generate a compressed
representation called the latent space or hidden state. This
latent space representation captures the essential information
and patterns present in the input data in a more compact and
abstract form. The latent space serves as a compressed and
informative representation that retains the most important
features of the input while discarding unnecessary details. The
decoder network takes this latent space representation as input
and aims to reconstruct the original data or generate a desired
output. By utilizing the latent space representation, the decoder
network can effectively reconstruct the data, preserving its
essential content and characteristics.

The significance of the latent space lies in its ability to capture
the underlying structure and essence of the input data, enabling
efficient storage, transmission, and manipulation. It allows for
various tasks such as image compression, text generation, or
other generative tasks, offering a powerful framework for
information representation and generation in the field of deep
learning. [26]

Furthermore, the development of attention mechanisms, such
as the transformer model, brought further advancements to
encoder-decoder architectures. The attention mechanism
allows the decoder to selectively focus on different parts of the
input data during the reconstruction or generation process. By
assigning varying degrees of importance to different elements
of the input, such as specific regions or features in an image,
the attention mechanism enables the decoder to generate more
accurate and contextually relevant outputs. [27] Transformer
based encoder-decoder models have become the standard in
natural language processing (NLP), achieving state-of-the-art
results in tasks like machine translation and text generation.

In image processing, attention based encoder-decoder models
have led to improved reconstruction quality, better
preservation of fine details, and the ability to handle complex
visual scenes more effectively. The attention mechanism has
revolutionized the encoder-decoder architecture, enabling it to
capture and utilize the most relevant information from the
input data, resulting in enhanced performance and more
precise image processing capabilities. [32]

In recent years, encoder-decoder architectures, in combination
with super-resolution models, have emerged as a powerful
solution to overcome the limitations of traditional image
compression and reconstruction techniques. By incorporating
an encoder network to compress the image into a compact
latent representation and a decoder network for reconstruction,
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encoder-decoder architectures offer the potential for improved
image quality and reduced storage requirements. [28]

One notable advantage of encoder-decoder architectures is
their ability to leverage the power of deep learning to capture
intricate image features during compression. By learning the
underlying patterns and structures of the image data, the
encoder network can create a compressed representation that
retains essential information while discarding redundant
details. This enables more efficient storage and transmission of
images without significant loss of quality. [28][29]

By leveraging encoder-decoder architectures along with super-
resolution models, researchers and practitioners have been able
to overcome the limitations of traditional image compression
techniques. These advanced approaches provide a promising
avenue for achieving high-quality image reconstructions with
reduced storage requirements, offering significant advantages
in applications where bandwidth optimization, storage
efficiency, and preservation of image quality are crucial
considerations.

V. SUPER RESOLUTION

The concept of image Super-Resolution focuses on recovering
a high-resolution (HR) image from a low-resolution (LR)
image input. The LR image is obtained by applying a
degradation function to the HR image, including scaling
factor, blur type, and noise. The SR process aims to predict the
inverse of the degradation function and estimate the HR image
corresponding to the input LR image.

Fig.4: Examples of Super-Resolution

There are several different metrics that can be used to
determine the quality of an image. One such metric is the Peak
Signal to Noise Ratio (PSNR). PSNR is determined by the
individual pixel intensity values of the generated HR image
and the reference LR image and thus might not be able to
identify when the overall image is not visually similar to the
reference image. However, it is still used to compare new
techniques to existing images [33-34]. To determine the
structural quality of an image, the Structural Similarity Index
Metric (SSIM) [35] was developed to measure the structural
similarity between images by comparing the contrast and
structural details within the reference image.

Apart from the above-mentioned quantitative methods,
qualitative methods which take into account the subjectivity of
Super-Resolution such as Opinion Scoring were also
developed. Opinion Scoring asks quality texters to grade the
quality of images based on certain criteria. However, due to
the use of humans, this could lead to several flaws, such as
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inconsistencies and human errors. Due to this, perceptual
quality was developed. Perceptual quality is a measure of the
perceptual impact of unwanted signals and how they detract
from the enjoyment or interpretation of an image or video. The
most common perceptual quality metrics are based on
modeling the human visual system (HVS) using aspects such
as contrast and orientation sensitivity and frequency among
others.

A variety of deep learning methods were developed over the
years to solve the SR problem; wherein the models discussed
are trained using both low and high-resolution images (LR-HR
pairs). The models can be classified based on the upsampling

method [36], network, learning algorithm and model
frameworks.
Many models using supervised Super-Resolution are

commonly used for performing Super-Resolution tasks.
Models such as SRResnet and SRGAN [37] are commonly
used. However, new innovations in the field of deep learning
has led to the development of attention based [38], feedback
based [39] and wavelet based approaches to Super-Resolution
[40].

The main issue with supervised methods is that the LR images
are generated using degradation methods. One approach is
using weakly supervised methods where in the unpaired LR
and HR images are used. Although these methods are used it
does not have associations between the LR and HR images.
Another method is Zero Shot Super-Resolution (ZSSR) [37],
which augments a single image and uses the augmentations for
training. Another method commonly used is the use of deep
image priors. [41]

Some major domains in which Super-Resolution is used are
face image Super-Resolution, real word image Super-
Resolution, remote sensing and satellite imaging, and video
Super-Resolution. Alongside the above-mentioned domains
fields such as medical imaging, scientific exploration, and law
enforcement stand to benefit from the field of super imaging.
Some potential complications arise from a lack of computing
power due to the models’ complexity, lack of data, and
subjectivity of Super-Resolution as there are a large number of
factors that whilst not directly contrasting in nature are
difficult to incorporate in Super-Resolution models such as
contrast, brightness and structural integrity of the images.

V. CONCLUSION

DL techniques have brought significant advancements to
image compression and reconstruction tasks by leveraging
their ability to learn intricate image representations. These
techniques outperform traditional methods by providing
superior compression efficiency, reduced artifacts, and
improved visual quality in reconstructed images. VQ is an
effective coding technique with the potential for significant
bit-rate reduction and entropy enhancement. It permits fixed-
length code representations and can be designed to be
relatively error-tolerant. However, it necessitates cautious
codebook design and can present computational difficulties
and image artifacts. The encoder-decoder architecture has
proven to be a powerful framework in deep learning, finding
applications in diverse fields such as natural language
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processing and image processing. With its ability to compress,
reconstruct and translate data, this architecture offers improved
efficiency and quality. The integration of attention
mechanisms and transformer models has further enhanced its
capabilities. Continued research and advancements in encoder-
decoder architectures promise to address complex data
processing challenges and drive innovation across domains.
Super-Resolution poses a unique problem by offering a broad
variety of possible solutions due to its subjectivity, with a
broad number of classifications of the solutions based on a
variety of factors. Due to the uniqueness of the problem, it has
a large variety of applications in a large number of fields.
Advancements in the future of computing power, big data, and
new advancements in the field of deep learning will help
address the problems posed by Super-Resolution.
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