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Abstract

The realm of digital signal processing places significant emphasis on image compression, with
recent years seeing a surge of interest in neural network-based methods. This survey paper aims
to offer a comprehensive review of cutting-edge techniques for image compression that utilize
neural networks. The introduction of the study provides an overview of conventional picture
compression techniques and their inherent drawbacks. The study then explores the idea of deep
learning and how it might be used for picture compression. The survey outlines the various
types of neural networks that are utilized for image compression, classifying them based on
their compression objective and examining the various training approaches. Furthermore, the
paper provides a comparative analysis of several state-of-the-art neural network-based image
compression methods by drawing upon literature. This survey paper explores the potential of
combining neural networks and quantum computing in the field of image compression,
specifically through the use of quantum convolutional neural networks (QCNNs). By
leveraging the parallel processing power of quantum computing and the ability of neural
networks to recognize patterns in image data, QCNNs offer a promising approach for
developing more efficient and effective compression algorithms that preserve image quality
while reducing file size. Ultimately, the paper concludes with a summary of the survey, offering
insights into the potential of neural network-based image compression for future research.
Researchers interested in this area may utilize this survey as a reference.

Keywords Image Compression, Convolutional Neural Networks (CNN), Generative
Adversarial Networks (GANs), Quantum CNN, Variational Autoencoders (VAE)

1. Introduction

Image compression is a critical research area due to the ever-growing amount of digital images
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that are being created, stored, and transmitted on the internet. Traditional image compression
methods, such as JPEG and PNG (Gersho & Gray, 1992); (Skodras et al., 2001), have been
widely used, but they have limitations in terms of achieving high compression rates while
preserving image quality. In recent years, deep learning-based approaches have shown
promising results in image compression by using neural networks to learn effective
representations of images (X. Li et al., 2018) (H. Liu, Chen, et al., 2018) (Mishra et al., 2022a).

This survey paper provides a comprehensive review of the state-of-the-art techniques for image
compression using neural networks. We start by providing an overview of traditional image
compression techniques and their limitations, followed by an introduction to deep learning and
its applications in image compression. We then present a taxonomy of neural network-based
compression methods, categorizing them based on the type of neural network used, the
compression objective and the training approach.

The paper reviews different types of neural networks used for image compression, including
autoencoders (Ball¢ et al., 2017) (F. Yang et al., 2022) , generative adversarial networks
(GANs) (Agustsson etal., 2019a) (Mi et al., 2018) (Zhang et al., 2020) variational autoencoders
(VAEs) (Y. Sunetal., 2021) (Y. Yang et al., n.d.) and discusses the strengths and weaknesses
of each approach. We also cover different compression objectives, such as rate-distortion
optimization, perceptual quality and entropy-constrained compression.

Quantum CNNs are a type of neural network that utilizes quantum computing principles to
perform image classification and processing tasks. Quantum computing offers the potential for
faster computation and higher parallelization than classical computing, which makes it a
promising approach for image processing applications, including image compression (Cong et
al., 2019). In 1994, Shor's quantum algorithm utilises a quantum computer to factor integers in
polynomial time which was believed to be difficult for traditional computers. In 1995, Grover's
algorithm has sparked a lot of interest in search-based techniques(Vogel, 2011). The benefit of
quantum computing is that qubits and quantum gates may be used to calculate far more
powerful functions(Vogel, 2011) .

One potential application of quantum CNNs in image compression is through the use of
quantum algorithms for optimization and feature extraction of images. Quantum computing
algorithms such as the quantum approximate optimization algorithm (QAOA) and quantum
principal component analysis (PCA) have shown promise in improving optimization and
feature extraction in classical CNNs. The application of these algorithms in quantum CNNs for
image compression could potentially lead to better compression rates and improved image
quality.

Finally, we conclude with a summary of the survey and provide insights into the potential of
neural network-based image compression for future research. This survey paper aims to
provide a comprehensive and up-to-date overview of the field of image compression using
neural networks and to serve as a reference for researchers interested in this area.
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2. Literature Review

Traditional image compression techniques have been studied and utilized for decades. One
popular approach is the Discrete Cosine Transform (DCT), which is used in JPEG compression.
Another widely-used method is the Discrete Wavelet Transform (DWT), which is employed in
JPEG2000 compression (Marcellin et al., n.d.)(Rabbani & Joshi, 2002). These techniques have
been extensively researched and have been proven to be effective in reducing the size of image
files while retaining a sufficient level of image quality (Dimililer, 2022)(Hu et al., 2020).
However, these methods have inherent limitations, such as block artifacts in the case of DCT
and high computational complexity for DWT. Therefore, researchers have turned to neural
network-based methods for image compression (Nobre & Neves, 2019) .

Compression Steps
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Figure 1: Basics steps in image compression and decompression

Figure 1 shows basic architecture of image compression and decompression. The compression
architecture is often made up of an encoder-decoder pair. For the input image z let the
distribution is pz, the encoder with quantization function Q and encoding transform e,
generated output as follows:

m = Q(e(z )); (1)

During the learning technique the encoder parameters to be tuned is denoted by f¢. To obtain
the pixel representation of the image, the corresponding decoder D reconstructs the image “m
from the code m as follows:

%= D (Q(e(z ©); D); (2)
where D represents the parameters in D.

Initial works of image compression using neural networks have shown promising results. In
the early stages, researchers used neural networks to learn image transforms that can be used
to compress images. However, these methods were not very effective due to the limited
capacity of the neural networks at that time. In recent years, with the advancement of deep
learning techniques, researchers have been able to develop more powerful neural network-
based methods for image compression. These methods typically involve training an
autoencoder or a generative adversarial network (GAN) to compress and reconstruct images.
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One notable example is the work by (Toderici et al., 2016) , who proposed a neural network
architecture called "End-to-End Optimized Image Compression" (EOIC), which achieved
state-of-the-art results on the Kodak image dataset and outperformed previous methods such
as JPEG and JPEG2000.

There are several metrics that can be used to evaluate the performance of image compression
using neural networks. Here are some of the most commonly used ones:

Peak Signal-to-Noise Ratio (PSNR): This metric measures the difference between the original
image and the compressed image in terms of peak signal-to-noise ratio. Higher PSNR values
indicate better quality of the compressed image (Z. Li et al., 2021) .

Structural Similarity Index (SSIM): SSIM is a metric that measures the structural similarity
between the original image and the compressed image. Higher SSIM values indicate better
quality of the compressed image (Abd-Alzhra & Tamimi, 2022) .

Mean Squared Error (MSE): MSE is a metric that measures the average squared difference
between the original image and the compressed image. Lower MSE values indicate better
quality of the compressed image (Krishna et al., 2016) .

Multiscale Structural Similarity (MS-SSIM): MS-SSIM is a variant of SSIM that measures
the structural similarity at multiple scales. This metric is often used to evaluate the quality of
compressed images that are designed to work well at different resolutions (Mishra et al., 2022b)
.Bitrate: Bitrate is a measure of the amount of data required to store or transmit a compressed
image. Lower bitrates indicate better compression performance, as less data is required to
represent the same image (DU et al., 2022) .

Subjective Quality: Subjective quality measures the perceived quality of the compressed
image by human observers. This is often done using subjective tests, where a panel of human
evaluators rate the quality of the compressed image on a scale (H. Liu, Chen, et al., 2018) .
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Figure 2: Various research works around image compression field
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Figure 2 is a mind map for image compression using neural networks which includes various
interconnected elements. These include different types of neural networks used for image
compression, such as convolutional neural networks (CNNs) and autoencoders. Other branches
deals about current work done in classical methods.
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Figure 3: Country wise distribution in terms of works in neural networks - Scopus

Researchers from various countries are actively conducting research in the field of image
compression using neural networks as shown in Figure 3. The United States, China, and Europe
are some of the leading contributors, with researchers focusing on developing advanced neural
network architectures, novel loss functions and optimization algorithms, and new techniques
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Figure 4: Number of research in neural network-based image compression
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r input data preprocessing. Researchers from Japan, India, and Canada are also making
significant contributions by exploring the use of deep learning techniques, hybrid neural
networks, and video compression, respectively. The collaborative efforts of researchers from
different countries are crucial for advancing the field of image compression using neural
networks and driving innovation in computer vision.

Image Compression Using Neural Network Techniques

Image compression using neural networks is a technique that involves using deep learning
models to compress images while minimizing the loss of image quality. Neural networks are
trained to learn the underlying patterns in image data, which can be used to selectively discard
or retain certain image features during the compression process. This results in a compressed
image that takes up less storage space while still retaining the key visual information (Hussain
et al., 2018) . Figure 4 shows numbers of research papers are increasing YoY to adapt newer
technologies.

Convolutional Neural Networks (CNNs)

CNNS are particularly well-suited for image compression, as they are designed to recognize
patterns in visual data and can learn to identify the most important image features for retention.
CNNs can also be trained to selectively discard less important features, resulting in a
compressed image that still retains the important visual information. This makes CNN-based
image compression particularly useful in applications where storage space is limited, such as
in mobile devices or in transmission over networks with limited bandwidth (Jamil et al., n.d.).
CNNss are designed to recognize patterns in visual data by using convolutional layers to extract
local features and pooling layers to reduce dimensionality. In the context of image extraction,
(Y. Lietal., 2019) CNNs can be used to isolate specific objects or regions of interest within an
image, or to extract information about the image as a whole. This process can be useful in a
variety of applications, such as object recognition, scene segmentation, and image
classification (H. Liu et al., 2020) . Below are steps of architecture details for knowledge
extraction using CNN as show in Figure 5.
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Figure 5: Image features extraction using convolutional layers

Input layer: The input layer of a CNN takes in the image data, which is typically preprocessed
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to a fixed size and format.

Convolutional layers: Convolutional layers are the backbone of a CNN, where a set of
learnable filters are applied to the input image to extract local features. These filters slide over
the entire image, capturing patterns such as edges, corners, and textures.

Pooling layers: Pooling layers are used to down sample the feature maps produced by the
convolutional layers, reducing the dimensionality of the input while retaining important
features.

Fully connected layers: Fully connected layers are used to classify the extracted features into
specific classes or categories. These layers connect every neuron in one layer to every neuron
in the next layer, producing a high-level representation of the image.

Output layer: The output layer produces the final output of the CNN, which can be a set of
class probabilities, a segmentation mask, or a feature vector.

There are several CNN architectures that have been proposed for image compression, each with
its own strengths and weaknesses. (Mishra et al., 2022a) Some popular architectures include
Autoencoders, Variational Autoencoders (VAEs), Generative Adversarial Networks (GANs),
and Transform-based CNNs such as JPEG and HEVC(Abd-Alzhra & Tamimi, 2022) (D. Liu
et al., 2021) . These architectures vary in their approach to image compression, with some
focusing on lossy compression and others on lossless compression. Each architecture has its
own set of advantages and limitations, and the choice of architecture depends on the specific
requirements and constraints of the application (Mishra et al., 2022a).

Autoencoders

Autoencoder-based image compression has become a popular approach in recent years.

Input Cell
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®
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Figure 6: Network architecture of autoencoder

Figure 6 is the architecture of autoencoder typically consists of an encoder network, which
transforms the input data into a compressed representation, and a decoder network, which
reconstructs the original input from the compressed representation. Autoencoders are neural
networks that learn to encode and then decode an input image, aiming to reconstruct the original
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image as closely as possible. (Doersch, 2016) By setting a bottleneck layer in the network, the
autoencoder can reduce the dimensionality of the input data, thereby compressing the image
(Theis et al., 2017). This approach has been shown to outperform traditional compression
techniques such as JPEG and JPEG2000 in terms of image quality at low bitrates. Several
variants of autoencoders have been proposed for image compression, including convolutional
autoencoders (CAEs) (Jamil et al.,, n.d.) and generative adversarial networks (GANS)
(Agustsson et al., 2019a). Researchers have also explored incorporating perceptual metrics into
the loss function of the autoencoder to enhance the quality of the reconstructed image. For
instance, the method proposed by (Agustsson et al., 2019a) achieved a 44:1 compression ratio
while maintaining the image quality comparable to JPEG at 10:1 compression ratio. (Mi et al.,
2018) proposed a deep autoencoder that learns codewords and residuals for image compression.
Their method achieved better performance in terms of image quality compared to traditional
compression methods such as JPEG. (Z. Chen et al., 2018) presented a progressive content-
based layer-by-layer optimization method for deep neural network compression that
significantly reduces the size of the network. (H. Liu, Wang, et al., 2018) explored using deep
convolutional neural networks (CNNs) to preserve image fidelity against extreme JPEG
compression. They proposed a CNN-based approach that improves the visual quality of
compressed images by removing compression artifacts.
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Figure 7: Network architecture of autoencoder based image compression

Figure 7 shows the encoder and decoder components of the architecture. The encoder network
typically consists of several fully connected layers or convolutional layers, while the decoder
network is typically a mirror image of the encoder network. The autoencoder is trained to
minimize the difference between the input and output data, which encourages the network to
learn a compressed representation that captures the most important features of the input data.

Autoencoders are a popular tool for image compression due to their ability to learn compact
representations of input images. However, there are several gaps in the current state-of-the-art
approaches for image compression with autoencoders. One major gap is the trade-off between
compression rate and image quality (Litjens et al., 2017) . While current methods can achieve
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high compression rates, they often result in images that are visually distorted or of low quality.
This is a significant limitation in applications where image quality is critical, such as medical
imaging or remote sensing.

Another gap is the lack of robustness of current methods to variations in image content and
size. Autoencoder-based compression methods often assume that the input images have similar
characteristics and are of fixed size (Mishra et al., 2022a). However, real-world images can
vary significantly in content and size, making it challenging to apply these methods to a wide
range of applications.

Finally, there is a need for more efficient training and optimization methods for autoencoder-
based compression. Current methods often require large amounts of training data and
computational resources, making them impractical for many real-world applications.

Variational Autoencoders

Variational Autoencoder (VAE) is a deep learning architecture that can be used for image
compression. The VAE approach learns a compressed representation of images by encoding
the images into a lower-dimensional space, known as a latent space. The compressed image
can then be reconstructed by decoding the latent space representation back into the original
image space. Variational autoencoders (VAEs) are a type of autoencoder that incorporate
probabilistic modeling into the latent space. In VAEs, the encoder maps the input image to a
probability distribution in the latent space, rather than a single point as in a regular autoencoder.
This probabilistic approach allows the VAE to generate new images by sampling from the
latent space distribution. The decoder then maps the sampled latent representation back to the
original image space. The use of probabilistic modeling in VAEs for image compression has
been explored in studies such as the work by (Ballé et al., 2016) (Ball¢ et al., 2017) on image
compression with variational autoencoders.

Encoder Decoder

Figure 8: Working of VAE for image compression and decompression

Figure 8 shows architecture of VAE. The encoder network learns to approximate the true
posterior distribution of the latent variables given the input data. This allows VAEs to generate
new samples from the learned distribution in the latent space, which can be used for
applications such as image generation and data synthesis.
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Several studies have demonstrated the effectiveness of VAE for image compression. For
instance, in a study by (X. Li et al., 2018) the authors used a VAE to compress high-resolution
images and achieved a compression rate of up to 200:1, while maintaining high visual quality.
Similarly, (W. Chen et al., 2020) used a VAE-based compression method to achieve a high
compression rate on large-scale image datasets with minimal loss of image quality.

Furthermore, VAE-based compression has also been shown to be effective in real-time
applications. In a study by (Jing et al., 2021) the authors proposed a VAE-based method for
compressing video frames in real-time, achieving a high compression rate with low
computational cost. In summary, VAE is a powerful approach for image compression, which
has been demonstrated to achieve high compression rates while maintaining image quality.
Moreover, VAE-based compression methods can be adapted for real-time applications with
low computational cost, making it a promising approach for various practical scenarios.

Despite the promising results of VAE for image compression, there are still several research
gaps in this area. Some of the current research gaps include:

One of the significant computational research gaps in VAE for image compression is the high
computational cost of the training process. Training VAEs on large image datasets can take a
considerable amount of time, making it difficult to scale the approach to real-world
applications. For example, (X. Li et al., 2018) noted that their VAE-based compression
approach required a long training time, even with the use of GPU acceleration. Similarly, (W.
Chen et al., 2020) mentioned the challenge of training VAEs on large-scale image datasets due
to the high computational cost. Several techniques have been proposed to address this
computational research gap, such as using parallel computing and GPU acceleration to speed
up the training process. However, there is still a need for more efficient training techniques,
particularly for large-scale image datasets.

Another computational research gap is the difficulty in optimizing the hyperparameters of
VAEs. Hyperparameters, such as the number of layers, the size of the latent space, and the
learning rate, can significantly affect the compression quality and training time. However,
finding the optimal set of hyperparameters can be time-consuming and computationally
expensive, especially for large-scale datasets. (Zhao et al., 2021) highlighted the importance of
optimizing the hyperparameters of VAEs for efficient compression. The authors noted that
finding the optimal set of hyperparameters can be computationally expensive, particularly for
large-scale video datasets. They proposed a context-adaptive entropy model to address this
computational research gap and improve the compression efficiency of VAE-based methods.
To address this computational research gap, researchers can explore new techniques for
optimizing the hyperparameters of VAEs, such as using Bayesian optimization or evolutionary
algorithms (Mi et al., 2018) . These techniques can help to reduce the computational cost of
finding the optimal hyperparameters.

In summary, the computational research gap in VAE for image compression includes the high
computational cost of training and difficulty in optimizing hyperparameters. Addressing these
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computational research gaps is crucial for making VAE-based compression methods more
practical and scalable for real-world applications.

Generative Adversarial Networks

Image compression using GAN (Generative Adversarial Networks) is a promising research
area that has gained significant attention in recent years. GAN-based image compression
methods aim to learn a compressed representation of the input image using a generator network,
which is trained in an adversarial manner with a discriminator network. One of the significant
advantages of GAN-based image compression is the ability to generate high-quality
reconstructed images with low bitrates (Agustsson et al., 2019a)(Mishra et al., 2022a). GAN-
based compression methods can achieve better compression quality compared to traditional
compression methods such as JPEG or MPEG. Moreover, GAN-based compression methods
can handle complex images such as natural scenes, textures, and patterns. Several GAN-based
compression methods have been proposed in recent years, including GAN-based compression
with entropy coding, GAN-based compression with skip connections, and GAN-based
compression with spatial attention mechanisms (Mi et al., 2018) (Zhang et al., 2020). These
methods have shown promising results in terms of compression quality and reconstruction
fidelity.
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Figure 9 shows the architecture diagram of Generative Adversarial Networks. The architecture
consists of two networks: a generator network that generates fake data samples and a

Conv

(H. Chen et al., 2019)
Figure 9: Working of GAN
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discriminator network that tries to distinguish between the generated samples and real data
samples from the training set. The two networks are trained together in an adversarial process,
where the generator network tries to create samples that can fool the discriminator network,
and the discriminator network tries to correctly classify the real and fake samples. Through this
process, the generator network learns to generate increasingly realistic samples, while the
discriminator network becomes more accurate at distinguishing real and fake samples.

The use of Generative Adversarial Networks (GANs) for image compression is a relatively
new area of research, with the first works appearing in the early 2010s. One of the early works
in this area was by (Toderici et al., 2016), who proposed a GAN-based method for compressing
images that achieved visually pleasing results with a compression ratio of 16:1 on average.
Since then, there have been several other works exploring the use of GANs for image
compression, with promising results. For example,(Agustsson et al., 2019a) proposed a
scalable image compression method using generative adversarial networks (GANs). They
trained a GAN to compress images by learning a mapping from the uncompressed image space
to the compressed space.(Agustsson et al., 2019a) proposed a method called "Generative
Compression" (GC) that uses a GAN to compress images in a way that allows for efficient
decoding and reconstruction. The method achieved competitive results on standard image
compression benchmarks and was able to generate visually appealing images with high
compression ratios (Agustsson et al., 2019b). Finally, (Y. Yang et al., n.d.) introduced a
perceptual loss function for enhancing the quality of reconstructed images in autoencoder-
based compression. They demonstrated that incorporating perceptual metrics into the loss
function can significantly improve the perceptual quality of compressed images. Overall, these
studies demonstrate the potential of autoencoder-based methods for image compression and
provide valuable insights for further research in this area.

However, there are still several research gaps in GAN-based image compression, including the
high computational cost of training GANs, the difficulty of controlling the compression rate,
and the sensitivity to noise and perturbations in the input image. Addressing these research
gaps is crucial for making GAN-based compression methods more practical and scalable for
real-world applications. In summary, GAN-based image compression is a promising research
area that has shown to achieve high compression quality and handle complex images. However,
there are still several research gaps that need to be addressed to make GAN-based compression
methods more practical and efficient.

Quantum CNN

Conventional deep neural networks have grown in popularity over the last decade and are
currently among the most essential and well-known machine learning technologies.

Deep feed-forward networks are the most fundamental type of classical deep neural networks
and may be formally stated as in equation

v =f(x;0) €)
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Here v represents the created output vector of m dimensions, and theta represents the essential
parameters for mapping the input vector to the output vector. x represents the n-dimensional
input vector.(Courville, 2016)

The drawback of convolutional neural networks (CNN) is when the data or model dimension
is excessively vast, they learn ineffectively. As a result, (Oh et al., n.d.) demonstrated how to
combine classical CNN and quantum processing to create a method that is more effective and
outperforms the competition and can be used to tackle challenging machine learning problems.

Figure 10 shows how the convolution layer and the pooling layer, are applied to quantum
systems in the QCNN model. The idea develops as follows:

By applying several qubit gates to neighboring qubits, the convolution circuit is able to detect
the hidden state.

By monitoring the proportion of qubits or implementing 2-qubit gates like CNOT gates, the
pooling circuit minimizes the size of the quantum system.

Repetition of the pooling and convolution circuits seen in above Figure The completely linked
circuit can be utilized as a latent representation when the system is small enough.

Learnable

quantum circuit Decoding

Encoding

Quantum Device

(Source: A Tutorial on Quantum Convolutional Neural Networks (QCNN) (Oh et al., n.d.) )
Figure 10: Quantum convolution layer

Superposition and parallel computation, which do not present in traditional computers, are
advantages of quantum computing that can shorten learning and testing times. Existing
quantum computers can only handle tiny quantum systems, though. Small quantum computers
can build the quantum convolution layer because it processes the image map as much as the
filter size at a time rather than applying the entire image map to a quantum system at once (Oh
etal., n.d.).

Quantum Inspired Neural Networks

Quantum neural networks (QNNs) offer several benefits in terms of computational power
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compared to classical neural networks. QNNs leverage quantum computing principles such as
quantum entanglement, superposition, and interference to perform computations that would be
intractable for classical computers. QNNs can solve problems exponentially faster than
classical neural networks for certain tasks, such as optimization problems and matrix inversion
(Cong et al., 2019)(Farhi & Neven, 2018). Moreover, QNNs can learn more efficiently from
limited data, making them particularly useful for applications such as drug discovery, financial
modeling, and traffic forecasting. However, QNN are still in the early stages of development,
and there are several challenges to overcome, such as hardware limitations and algorithmic
design. Nonetheless, the potential benefits of QNNs make them an exciting area of research for
improving the computational power of neural networks.

Quantum convolutional neural networks (QCNNs) offer several advantages over classical
CNNs. QCNNs can leverage the computational power of quantum computing to perform
computations exponentially faster than classical CNNs for certain tasks (Cong et al., 2019).
This makes QCNNSs particularly useful for applications such as image and video recognition,
where large amounts of data need to be processed quickly. Additionally, QCNNs can learn
more efficiently from limited data, making them useful for applications such as medical
imaging and satellite imagery analysis. Furthermore, QCNNs can potentially improve the
security of image and video processing applications through quantum encryption techniques.
However, QCNNSs are still in the early stages of development, and there are several challenges
to overcome, such as the need for more powerful quantum hardware and improved algorithmic
design. Nonetheless, the potential advantages of QCNNs make them an exciting area of
research for improving the performance of CNNs.

Quantum Convolutional Neural Networks (QCNNSs) are a class of neural networks that utilize
quantum computing principles to perform convolution operations. QCNNs can exploit
quantum entanglement and interference to speed up computation compared to classical CNNss.
QCNN s can be implemented using quantum circuits that are composed of quantum gates, such
as the controlled-NOT gate and the Hadamard gate (Huang et al., 2021). The output of the
QCNN can be read out using quantum measurements. Several QCNN architectures have been
proposed in recent years, including the Quantum Convolutional Neural Network (QConvNet)
and the Quantum Image Processing (QIP) model. QCNNs have shown promising results in
image and video processing applications, including image recognition, object detection, and
video classification. However, QCNNs are still in the early stages of development, and there
are several challenges to overcome, including the need for more powerful quantum hardware
and improved algorithmic design. Nonetheless, the potential advantages of QCNNs make them
an exciting area of research for improving the performance of CNNs. Figure 11 shows
architecture of hybrid network with fully connected layers. A typical hybrid QCNN
architecture consists of a classical neural network with one or more fully connected layers,
followed by a quantum circuit that processes the data using quantum gates.
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There are potential benefits to using Quantum Convolutional Neural Networks (QCNNSs) in
image compression with Variational Autoencoders (VAEs) (H. Liu et al., 2020) (Xu et al.,
2021). QCNNs can leverage the computational power of quantum computing to perform
computations faster than classical CNNs, which could potentially lead to faster compression
and decompression of images. Additionally, (Cong et al., 2019)(Dallaire-Demers & Killoran,
2018) QCNNSs can learn more efficiently from limited data, which is a crucial factor in VAE-
based image compression where the compression model needs to be trained on a limited
dataset. Moreover, QCNNSs can potentially improve the security of image compression through
quantum encryption techniques. However, research on QCNN-based VAE for image
compression is still in its early stages, and there are several challenges to overcome, such as
the need for more powerful quantum hardware and improved algorithmic design. Nonetheless,
the potential benefits of using QCNNs with VAEs make them an exciting area of research for
improving the performance of image compression algorithms (Romero & Aspuru-Guzik, 2021)
.Recent Works

Some of the recent work in image compression is listed below

Study

Keywords

'Year

Region-of-interest and channel attention-based
joint optimization of image compression and
computer vision (B. Li et al., 2022)

Attention;

bit allocation

Computer

vision,;

Learned image compression; ROI

2022

Successive  learned image compression:

Deep learning; Image compression;
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by Recompressing Images (Ali et al., 2022)

compression; Image processing;
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Image Compression Using Stochastic-AFD
Based Multisignal Sparse Representation (Dai et
al., 2022)

Image compression; Image
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2022

DCT-based medical image compression using
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. Research Gaps and Opportunities for Future Wo

Despite the success of neural network-based image compression methods, there are still several
research gaps that need to be addressed. Some of the current research gaps in image

compression with neural networks include:

rk

Limited interpretability: Neural network-based image compression methods

interpretability, which makes it challenging to understand how the model generates compressed
images. Developing interpretable models could help increase trust and confidence in these

algorithms.

Limited generalization: Neural network-based image compression methods often struggle
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with generalizing to unseen data. Developing algorithms that can generalize better to different
image types and sizes could help make these algorithms more practical.

Trade-off between compression ratio and image quality: Finding the right balance between
compression ratio and image quality remains a challenge in neural network-based image
compression. Developing methods that can provide high compression ratios while maintaining
good image quality is an ongoing area of research.

Limited scalability: Neural network-based image compression methods can be
computationally intensive, which limits their scalability. Developing algorithms that can
handle large-scale datasets and operate efficiently on a wide range of hardware could make
these algorithms more practical for real-world applications.

Limited security: Neural network-based image compression methods can be vulnerable to
adversarial attacks, which can compromise the security of compressed images. Developing
methods that can improve the security of these algorithms is an important area of research.

Below research gaps describes ore business use cases in real world applications.
Global Cloud Storage

Today there might be trillions of images that had been stored in cloud drives such as gmail,
google drive. This requires more robust compression technique which will help optimize space
for across all domains. The traditional compression codes cannot help in such scenarios. A
more powerful compact representation is required to solve this problem on large scale. Data
transmission is also affected with more content being transmitted across network, ex. OTT
platform like Amazon Prime, Netflix stream high resolution content.
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Global Optimization for traditional codecs

The conventional hybrid picture codecs, which are still commonly used, have drawbacks. First,
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the foundation of each of these methods segregate blocks of images, incorporates blocking
consequences. Second, the codec's modules are intricately dependent on one another.
Consequently, being challenging to conjunctionally enhance the entire codec. Third, because
entire model cannot be enhanced, it may be difficult to further enhance the complex framework
because a change to one module alone may not enhance the model as a whole.

Standardization of Neural Network Framework

There are various versions of variational auto-encoder which are been research upon. This are
still in beginning phase and more research is required in this area. There is dire need to have
standard architecture (like JPEG) which can be implemented across domains (B. Li et al.,
2022)(F. Yang et al., 2022). As of today, even small change in neural architecture requires
retraining of network which requires huge computational power.

Full-Resolution Image Processing

Convolutional neural networks make it possible to process pictures in their whole, whereas
hybrid frameworks usually process them in segments. Entropy modelling with additional
information and avoiding the effect of blocking brought on due to partitioning may benefit
from processing. Additionally, full resolution processing involves a rise in complexity.
Convolutional kernels have a constrained perceptual field, therefore to sense more big regions
and increase modelling capability, the network must be deeper. Deepening CNN layers will
increase number of learning parameters which will increase training time and increase in
computational consumption.

Aliasing Effect in Reconstructed Image

The aliasing effect of learned lossy image compression frameworks on the recreated image. A
phenomenon known as aliasing occurs when the directionality of the patterns in the
reconstructed pictures produced by CNN and CAE based architectures changes. Due to this
issue deployment of neural network architecture becomes extremely difficult.

QML a new technology that is being widely used to automate many jobs, provides numerous
benefits over traditional machine learning (Rebentrost et al., 2014). QML has the ability to
handle large amounts of data effectively and achieve exponential speedups in many
applications. Medical arena, picture compression, predicting series, and spam identification are
few applications of QML (Xia & Kais, 2018) (Sergioli et al., 2019)(Sagheer et al., 2019). It
may also be used to tackle scheduling and classification problems with great accuracy and
efficiency. Other domain applications are detection of cervical cancer, electro cardiac signals
classification, speech recognition etc. Quantum computation's great speed and efficiency, it can
be used efficiently in real-time applications.

4. Conclusion

In conclusion, neural network-based image compression algorithms have shown promising
results in recent years. These algorithms leverage the power of deep learning and have
demonstrated superior performance compared to traditional image compression methods.
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Convolutional Neural Networks (CNNs), Generative Adversarial Networks (GANs), and
Variational Autoencoders (VAEs) are some of the most popular neural network architectures
used in image compression. CNNs are widely used for image compression due to their ability
to learn local features from images. GANs and VAESs, on the other hand, are used for generative
image compression, where the model generates compressed images from latent variables.
Despite their success, there are still challenges to be addressed, such as balancing compression
ratio and image quality, dealing with large-scale datasets, and improving the efficiency of
training and inference.

The future of quantum computing in the field of image compression using neural networks is
promising. Quantum computing has the potential to significantly speed up image compression
algorithms by performing complex calculations in parallel. This could lead to more efficient
and effective compression methods that preserve the quality of the images while reducing their
size. As quantum computing technology continues to advance, we can expect to see exciting
new developments in the field of image compression that leverage the power of both quantum
computing and neural networks. Nonetheless, the future of image compression using neural
networks is promising, and there is a lot of room for further research and development in this
field.

References

1.  Abd-Alzhra, A. S., & Tamimi, M. S. H. A.-. (2022). Image Compression Using Deep
Learning: Methods and Techniques. [raqi Journal of Science, 63(3), 1299—1312.
https://doi.org/10.24996/1JS.2022.63.3.34

2. Agustsson, E., Tschannen, M., Mentzer, F., Timofte, R., & Van Gool, L. (2019a).
Generative adversarial networks for extreme learned image compression. Proceedings
of the IEEE International Conference on Computer Vision, 2019-October(8), 221-231.
https://doi.org/10.1109/ICCV.2019.00031

3. Agustsson, E., Tschannen, M., Mentzer, F., Timofte, R., & Van Gool, L. (2019b).
Generative adversarial networks for extreme learned image compression. Proceedings
of the IEEE International Conference on Computer Vision, 2019-Octob, 221-231.
https://doi.org/10.1109/ICCV.2019.00031

4, Ali, S. S., Ganapathi, I. I, Vu, N. S., Ali, S. D., Saxena, N., & Werghi, N. (2022). Image
Forgery Detection Using Deeplearning by Recompressing Images. Electronics
(Switzerland), 11(3), 403. https://doi.org/10.3390/electronics 11030403

5. Ballé, J., Laparra, V., & Simoncelli, E. P. (2016). Density modeling of images using a
generalized normalization transformation. 4th International Conference on Learning
Representations, ICLR 2016 - Conference Track Proceedings.
https://doi.org/10.48550/arxiv.1511.06281

6. Ball¢, J., Laparra, V., & Simoncelli, E. P. (2017). End-to-end optimized image
compression. 5th International Conference on Learning Representations, ICLR 2017 -
Conference Track Proceedings.

7. Cai, X., Liu, X., & Pan, Y. (2021). Quantum Convolutional Neural Networks for Image

Received: July 25, 2025 1060



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

International Journal of Applied Mathematics

Volume 38 No. 2s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Processing. ArXiv Preprint ArXiv:2103.13944.

Chen, H., Wossnig, L., Severini, S., Neven, H., & Mohseni, M. (2021). Universal
discriminative quantum neural networks. Quantum Machine Intelligence, 3(1), 1-11.
https://doi.org/10.1007/S42484-020-00025-7/FIGURES/5

Chen, W., Xie, L., Chen, J., & Huang, Q. (2020). Image compression via joint
hyperprior learning and variational autoencoder. [EEE Transactions on Image
Processing, 29, 3098-3112.

Chen, Z., Hou, X., Qian, X., & Gong, C. (2018). Efficient and Robust Image Coding
and Transmission Based on Scrambled Block Compressive Sensing. [EEE
Transactions on Multimedia, 20(7), 1610-1621.
https://doi.org/10.1109/TMM.2017.2774004

Cong, 1., Choi, S., & Lukin, M. D. (2019). Quantum convolutional neural networks.
Nature Physics, 15(12), 1273—1278. https://doi.org/10.1038/s41567-019-0648-8

Courville, I. G. and Y. B. and A. (2016). Deep learning &9 — . %= Deep

Learning ? . Nature, 29(7553), 1-73. http://deeplearning.net/

Dai, L., Zhang, L., & Li, H. (2022). Image Compression Using Stochastic-AFD Based
Multisignal Sparse Representation. [EEE Transactions on Image Processing, 31,5317—
5331. https://doi.org/10.1109/T1P.2022.3194696

Dallaire-Demers, P. L., & Killoran, N. (2018). Quantum generative adversarial
networks. Physical Review A, 98(1), 12324.
https://doi.org/10.1103/PhysRevA.98.012324

Dimililer, K. (2022). DCT-based medical image compression using machine learning.
Signal, Image and Video Processing, 16(1), 55—62. https://doi.org/10.1007/S11760-
021-01951-0/TABLES/5

Ding, K., Ma, K., Wang, S., & Simoncelli, E. P. (2021). Comparison of Full-Reference
Image Quality Models for Optimization of Image Processing Systems. International
Journal of Computer Vision, 129(4), 1258—1281. https://doi.org/10.1007/S11263-020-
01419-7/FIGURES/19

Doersch, C. (2016). Tutorial on Variational Autoencoders.
https://doi.org/10.48550/arxiv.1606.05908

DU, B., DUAN, Y., ZHANG, H., TAO, X., WU, Y., & RU, C. (2022). Collaborative
image compression and classification with multi-task learning for visual Internet of
Things. Chinese Journal of Aeronautics, 35(5), 390-399.
https://doi.org/10.1016/J.CJA.2021.10.003

Farhi, E., & Neven, H. (2018). Classification with Quantum Neural Networks on Near
Term Processors. 1-21. http://arxiv.org/abs/1802.06002

Gersho, A., & Gray, R. M. (1992). Vector Quantization and Signal Compression.
Vector Quantization and Signal Compression. https://doi.org/10.1007/978-1-4615-
3626-0

Golts, A., & Schechner, Y. Y. (2021). Image compression optimized for 3D

1061

Received: July 25, 2025



22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

International Journal of Applied Mathematics

Volume 38 No. 2s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

reconstruction by utilizing deep neural networks. Journal of Visual Communication and
Image Representation, 79. https://doi.org/10.1016/j.jvcir.2021.103208

Guo, P., Li, D., & Li, X. (2020). Deep OCT image compression with convolutional
neural networks. Biomedical Optics Express, 11(7), 3543.
https://doi.org/10.1364/boe.392882

Hoang, T. M., Zhou, J., & Fan, Y. (2020). Image compression with encoder-decoder
matched semantic segmentation. /[EEE Computer Society Conference on Computer
Vision — and  Pattern  Recognition Workshops,  2020-June,  619-623.
https://doi.org/10.1109/CVPRW50498.2020.00088

Hu, Y., Yang, W., Ma, Z., & Liu, J. (2020). Learning End-to-End Lossy Image
Compression: A Benchmark. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 44(8), 4194-4211. https://doi.org/10.48550/arxiv.2002.03711

Huang, H. Y., Broughton, M., Mohseni, M., Babbush, R., Boixo, S., Neven, H., &
McClean, J. R. (2021). Power of data in quantum machine learning. Nature
Communications 2021 12:1, 12(1), 1-9. https://doi.org/10.1038/s41467-021-22539-9
Hussain, A. J., Al-Fayadh, A., & Radi, N. (2018). Image compression techniques: A
survey in lossless and lossy algorithms. Neurocomputing, 300, 44—69.
https://doi.org/10.1016/J.NEUCOM.2018.02.094

Jamil, S., Jalil Piran, M., & Rahman, M. (n.d.). Learning-Driven Lossy Image
Compression, A Comprehensive Survey.

Jing, N., Wu, Z., & Wang, H. (2021). A hybrid model integrating deep learning with
investor sentiment analysis for stock price prediction. Expert Systems with
Applications, 178(March), 115019. https://doi.org/10.1016/j.eswa.2021.115019

Kim, J. H., Jang, S., Choi, J. H., & Lee, J. S. (2022). Successive learned image
compression: Comprehensive analysis of instability. Neurocomputing, 506, 12-24.
https://doi.org/10.1016/J.NEUCOM.2022.07.065

Krishna, M., Srinivas, G., & Prasad Reddy, P. V. G. D. (2016). Image smoothening and
morphological operators based JPEG compression. Journal of Theoretical and Applied
Information Technology, 8§5(3), 252-259.

Li, B., Ye, L., Liang, J., Wang, Y., & Han, J. (2022). Region-of-interest and channel
attention-based joint optimization of image compression and computer vision.
Neurocomputing, 500, 13-25. https://doi.org/10.1016/J.NEUCOM.2022.05.047

Li, M., Ma, K., You, J., Zhang, D., & Zuo, W. (2020). Efficient and Effective Context-
Based Convolutional Entropy Modeling for Image Compression. /EEE Transactions
on Image Processing, 29, 5900-5911. https://doi.org/10.1109/TTP.2020.2985225

Li, X., Du, B., Zhang, L., Zhang, Y., & Li, M. (2018). A deep variational information
bottleneck approach to image compression. /[EEE Transactions on Image Processing,
28(1), 79-90.

Li, Y., Liu, D, Li, H., Li, L., Li, Z., & Wu, F. (2019). Learning a Convolutional Neural
Network for Image Compact-Resolution. /EEE Transactions on Image Processing,
28(3), 1092—1107. https://doi.org/10.1109/TTP.2018.2872876

1062

Received: July 25, 2025



International Journal of Applied Mathematics

Volume 38 No. 2s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

35. Li, Z., Ramos, A., Li, Z., Osborn, M. L., Li, X,, Li, Y., Yao, S., & Xu, J. (2021). An
optimized JPEG-XT-based algorithm for the lossy and lossless compression of 16-bit
depth medical image. Biomedical Signal Processing and Control, 064.
https://doi.org/10.1016/j.bspc.2020.102306

36. Litjens, G., Kooi, T., Bejnordi, B. E., Setio, A. A. A., Ciompi, F., Ghafoorian, M., van
der Laak, J. A. W. M., van Ginneken, B., & Sanchez, C. 1. (2017). A survey on deep
learning in medical image analysis. Medical Image Analysis, 42, 60-88.
https://doi.org/10.1016/;.media.2017.07.005

37. Liu, D., Huang, X., Zhan, W., Ai, L., Zheng, X., & Cheng, S. (2021). View synthesis-
based light field image compression using a generative adversarial network.
Information Sciences, 545, 118—131. https://doi.org/10.1016/J.INS.2020.07.073

38. Liu, H., Chen, T., Shen, Q., Yue, T., & Ma, Z. (2018). Deep Image Compression via
End-to-End Learning. Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). http://arxiv.org/abs/1806.01496

39. Liu, H., Wang, R., Shan, S., & Chen, X. (2018). Extreme JPEG compression artifact
reduction using deep convolutional neural networks. IEEE Transactions on Image
Processing, 27(4), 1994-2008.

40. Liu, H., Zhang, Y., Zhang, H., Fan, C., Kwong, S., Kuo, C. C. J., & Fan, X. (2020).
Deep Learning-Based Picture-Wise Just Noticeable Distortion Prediction Model for
Image Compression. [EEE Transactions on Image Processing, 29, 641-656.
https://doi.org/10.1109/TIP.2019.2933743

41. Marcellin, M. W., Gormish, M. J., Bilgin, A., & Boliek, M. P. (n.d.). 4n Overview of
JPEG-2000.

42. Mi, L., Shen, M., & Zhang, J. (2018). 4 Probe Towards Understanding GAN and VAE
Models. http://arxiv.org/abs/1812.05676

43. Mishra, D., Singh, S. K., & Singh, R. K. (2022a). Deep Architectures for Image
Compression: A Critical Review. Signal Processing, 191, 108346.
https://doi.org/10.1016/J.SIGPRO.2021.108346

44. Mishra, D., Singh, S. K., & Singh, R. K. (2022b). Deep CNN based Image Compression
with Redundancy Minimization via Attention Guidance. Neurocomputing, 507, 397—
411. https://doi.org/10.1016/J.NEUCOM.2022.08.009

45. Nair, R. S., & Domnic, S. (2022). Deep-learning with context sensitive quantization
and interpolation for underwater image compression and quality image restoration.
International  Journal  of  Information  Technology  (Singapore), 1-12.
https://doi.org/10.1007/S41870-022-01020-W/TABLES/3

46. Netalkar, R. K., Barman, H., Subba, R., Preetam, K. V., Raju, U. S. N., Netalkar, R. K.,
Barman, H., Subba, R., Preetam, K. V., & Raju, U. S. N. (2021). Distributed
compression and decompression for big image data: LZW and Huffman coding. JEI,
30(05), 53015. https://doi.org/10.1117/1.JEL.30.5.053015

47. Nobre, J., & Neves, R. F. (2019). Combining Principal Component Analysis, Discrete
Wavelet Transform and XGBoost to trade in the financial markets. Expert Systems with

Received: July 25, 2025 1063



48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

International Journal of Applied Mathematics

Volume 38 No. 2s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Applications, 125, 181-194. https://doi.org/10.1016/j.eswa.2019.01.083

Oh, S., Choi, J., & Kim, J. (n.d.). 4 Tutorial on Quantum Convolutional Neural
Networks (QCNN).

Rabbani, M., & Joshi, R. (2002). An overview of the JPEG 2000 still image
compression standard. Signal Processing: Image Communication, 17(1), 3—48.
https://doi.org/10.1016/S0923-5965(01)00024-8

Rebentrost, P., Mohseni, M., & Lloyd, S. (2014). Quantum Support Vector Machine
for Big Data Classification. Physical Review Letters, 113(13), 130503.
https://doi.org/10.1103/PhysRevLett.113.130503

Romero, J., & Aspuru-Guzik, A. (2021). Variational Quantum Generators: Generative
Adversarial Quantum Machine Learning for Continuous Distributions. Advanced
Quantum Technologies, 4(1), 2000003. https://doi.org/10.1002/QUTE.202000003
Sagheer, A., Zidan, M., & Abdelsamea, M. M. (2019). A novel autonomous perceptron
model for pattern classification applications.  Entropy, 21(8), 1-24.
https://doi.org/10.3390/e21080763

Sergioli, G., Giuntini, R., & Freytes, H. (2019). A new quantum approach to binary
classification. PLoS ONE, 14(5), 1-14. https://doi.org/10.1371/journal.pone.0216224
Skodras, A., Christopoulos, C., & Ebrahimi, T. (2001). The JPEG 2000 still image
compression standard. [EEE Signal Processing Magazine, 18(5), 36-58.
https://doi.org/10.1109/79.952804

Sun, T. P., Wu, Y. C., & Guo, G. P. (2021). Quantum generative models for data
generation. Wuli Xuebao/Acta Physica Sinica, 70(14).
https://doi.org/10.7498/aps.70.20210930

Sun, Y., Li, L., Ding, Y., Bai, J., & Xin, X. (2021). Image compression algorithm based
on variational autoencoder. Journal of Physics: Conference Series, 2066(1).
https://doi.org/10.1088/1742-6596/2066/1/012008

Theis, L., Shi, W., Cunningham, A., & Huszar, F. (2017). Lossy image compression
with compressive autoencoders. S5th International Conference on Learning
Representations, ICLR 2017 - Conference Track Proceedings.

Toderici, G., O’Malley, S. M., Hwang, S. J., Vincent, D., Minnen, D., Baluja, S.,
Covell, M., & Sukthankar, R. (2016). Variable rate image compression with recurrent
neural networks. 4th International Conference on Learning Representations, ICLR
2016 - Conference Track Proceedings. http://arxiv.org/abs/1511.06085

Vogel, M. (2011). Quantum Computation and Quantum Information, by M.A. Nielsen
and ILL. Chuang. In Contemporary Physics (Vol. 52, Issue 6).
https://doi.org/10.1080/00107514.2011.587535

Xia, R., & Kais, S. (2018). Quantum machine learning for electronic structure
calculations. Nature Communications, 9(1). https://doi.org/10.1038/s41467-018-
06598-z

Xu, Y., Li, Z., Li, J., & Du, J. (2021). A Survey on Quantum Convolutional Neural
Networks. ArXiv Preprint ArXiv:2102.12625.

1064

Received: July 25, 2025



International Journal of Applied Mathematics

Volume 38 No. 2s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

62. Yang, F., Wang, Y., Herranz, L., Cheng, Y., & Mozerov, M. G. (2022). A novel
framework for image-to-image translation and image compression. Neurocomputing,
508, 58-70. https://doi.org/10.1016/JNEUCOM.2022.08.048

63. Yang, Y., Bamler, R., & Mandt, S. (n.d.). Improving Inference for Neural Image
Compression.

64. Zhang, X., Hou, L., & Feng, J. (2020). Learning spatial attention for GAN-based image
compression. Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition Workshops, 205-206.

65. Zhao, T., Zhang, Y., Dai, B., & Gao, W. (2021). Real-time video compression based
on variational autoencoder with a context-adaptive entropy model. /EEE Transactions
on Circuits and Systems for Video Technology, 31(2), 675—687.

Received: July 25, 2025 1065



