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Abstract—These instructions give you basic guidelines for preparing camera-ready papers for 
Hinweis Research conference proceedings/Journal Publications. Optimizing image size plays a 
pivotal role in managing multimedia content effectively, facilitating efficient storage and 
transmission of visual information. Conventional methods such as JPEG have historically set 
the benchmark, yet the emergence of machine learning (ML) has catalyzed the exploration of 
innovative avenues in image compression techniques. This paper presents a comparative 
analysis of machine learning-based color image compression mechanisms, evaluating their 
performance, efficiency, and applicability. The study begins with an overview of traditional 
image compression techniques and introduces machine learning's role in revolutionizing this 
field. Various ML-based compression approaches, including autoencoder-based methods, 
generative adversarial networks (GANs), and neural network-based methods, are discussed in 
detail, highlighting their working principles and key characteristics. Metrics like Peak Signal-
to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), Compression Ratio (CR), and 
computational complexity serve as benchmarks to assess the effectiveness of each compression 
technique. Datasets and experimental setups are carefully selected to ensure a comprehensive 
analysis. Results and discussions reveal the strengths and weaknesses of each compression 
mechanism, shedding light on the trade-offs between compression ratio and image quality, as 
well as computational efficiency. Real-world applications and use cases demonstrate the 
practical relevance of these techniques in various domains. Challenges and future directions are 
identified, paving the way for further research and improvements in ML-based image 
compression. In conclusion, this comparative analysis offers valuable insights for selecting 
appropriate compression techniques based on specific requirements and constraints, 
contributing to the advancement of image compression technology in the era of machine 
learning.  
 
Index Terms— Color image, Compression ratio, Image compression, Machine Learning (ML), 
Neural networks. 

I. INTRODUCTION 

The proliferation of digital multimedia content in various domains has accentuated the need for efficient 
compression techniques to store and transmit large volumes of data effectively. Image compression, in particular, 
plays  a  pivotal  role  in  reducing  the size of visual data without significant loss of quality. Although traditional  
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compression algorithms like JPEG and PNG have enjoyed extensive usage, the rise of machine learning (ML) 
has ushered in opportunities to bolster compression efficiency and efficacy. The capacity of machine learning 
techniques to grasp intricate patterns and representations from data has ignited the creation of inventive 
strategies for image compression. These methods leverage neural networks, generative models, and autoencoders 
to achieve superior compression ratios and maintain high image fidelity. However, the efficacy of these ML-
based compression mechanisms remains a subject of scrutiny, necessitating a thorough comparative analysis to 
evaluate their performance, efficiency, and applicability. 
This paper aims to provide a comprehensive comparative analysis of machine learning-based color image 
compression mechanisms. We begin by reviewing traditional image compression techniques and delineating 
their strengths, weaknesses, and limitations. Subsequently, we delve into the realm of machine learning, 
elucidating how ML algorithms have reshaped the landscape of image compression. Various ML-based 
compression approaches, including autoencoder-based methods, generative adversarial networks (GANs), and 
neural network-based techniques, are examined in detail. We elucidate the underlying principles of each method 
and explore their distinct characteristics in terms of compression efficacy, computational complexity, and image 
quality preservation. For a comprehensive assessment, we utilize various performance metrics including Peak 
Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Compression Ratio (CR). Furthermore, 
we explore the practical implications of these compression methods in real-world scenarios spanning diverse 
fields, ranging from multimedia streaming to medical imaging. 
Furthermore, we identify challenges and limitations encountered by ML-based compression techniques and 
delineate potential avenues for future research and development. By synthesizing empirical findings and insights, 
this comparative analysis aims to provide valuable guidance for selecting optimal compression strategies tailored 
to specific requirements and constraints. In essence, this investigation contributes to the progress of image 
compression technology in the era of machine learning, paving the way for more efficient and adaptive solutions 
to address the burgeoning demands of digital multimedia content. 

II. TRADITIONAL IMAGE COMPRESSION TECHNIQUES 

Image compression is a fundamental aspect of multimedia data processing, enabling efficient storage and 
transmission of visual information. Traditional image compression techniques have been extensively studied and 
widely adopted for various applications. In this literature review, we explore the principles, advancements, and 
evaluations of traditional image compression methods, including JPEG, PNG, GIF, and BMP. The JPEG (Joint 
Photographic Experts Group) compression standard, introduced by the Joint Photographic Experts Group, is 
among the most prevalent lossy compression methods for digital images. Wallace (1992) provides a 
comprehensive overview of the JPEG compression algorithm, detailing the Discrete Cosine Transform (DCT) 
and quantization processes. Additionally, Wallace evaluates the effectiveness of JPEG compression in terms of 
compression ratio and image quality. PNG (Portable Network Graphics) is a widely used lossless compression 
method for digital images, particularly suitable for images with text, graphics, or transparent backgrounds. 
Salomon (2007) discusses the technical aspects of the PNG format, including the DEFLATE compression 
algorithm and the use of filters for compression optimization. The study also evaluates the compression 
efficiency and image quality of PNG compared to other formats. 
GIF (Graphics Interchange Format) is a popular format for animated images and still images with limited color 
palettes. Welch (1984) presents the Lempel-Ziv-Welch (LZW) compression algorithm, which forms the basis of 
GIF compression. The study explores the compression capabilities of LZW and its applications in GIF image 
compression, particularly in scenarios where storage efficiency and animation playback are crucial. BMP 
(Bitmap) is a straightforward uncompressed raster image format commonly used in Windows environments. 
Taubman and Marcellin (2002) discuss the BMP file structure and its limitations in terms of file size and storage 
efficiency. The study highlights the lack of compression in BMP files and its implications for storage and 
transmission of digital images. Conventional methods for compressing images such as JPEG, PNG, GIF, and 
BMP have been extensively studied and standardized to address various requirements of digital image 
processing. While these methods offer a balance between compression efficiency and image quality, ongoing 
research aims to enhance their performance and adaptability to evolving multimedia applications. 
Traditional image compression techniques like JPEG, PNG, GIF, and BMP have been widely used for decades 
and have distinct strengths, weaknesses, and limitations. Traditional compression techniques like JPEG and PNG 
are well-established standards with widespread support across platforms and devices. This ensures compatibility 
and interoperability. These techniques offer efficient compression algorithms that can significantly reduce file 
sizes while preserving visual quality to an acceptable level. This efficiency is crucial for applications with 
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limited storage or bandwidth. Traditional compression methods often provide options for adjusting compression 
levels or parameters, allowing users to balance between file size and image quality based on their preferences 
and requirements. Formats like PNG and BMP support lossless compression, preserving pixel-by-pixel accuracy 
and visual fidelity without sacrificing image quality. 
Lossy compression techniques such as JPEG may introduce compression artifacts, including blockiness, 
blurring, and color inaccuracies, especially at high compression levels. These artifacts can degrade image 
quality, particularly in areas with high detail or sharp transitions. Some traditional formats like GIF have limited 
color depth (up to 256 colors), which may result in visible color banding or loss of color accuracy, particularly in 
complex images with gradients or fine details. While traditional techniques achieve reasonable compression 
ratios, they may not always provide the highest level of compression compared to newer methods. This can be a 
limitation in scenarios where maximizing compression efficiency is crucial. Formats like JPEG and BMP do not 
support transparency or animation, limiting their suitability for certain types of multimedia content. 
Lossy compression techniques inherently involve some loss of image information, which cannot be recovered 
upon decompression. This loss may be acceptable for some applications but can be problematic in scenarios 
where preserving every detail is critical, such as medical imaging or archival purposes. Traditional compression 
methods typically do not support scalable compression, meaning that the compression ratio remains constant 
regardless of the image size or resolution. This lack of scalability can be a limitation in applications where 
adaptability to varying network conditions or display devices is essential. While traditional image compression 
techniques offer established standards and efficient compression algorithms, they also have inherent limitations, 
particularly in terms of compression artifacts, color depth, and flexibility. These weaknesses underscore the need 
for ongoing research and development of new compression methods to address the evolving demands of digital 
multimedia content. Table 1 provides a concise comparison of traditional image compression techniques, 
including JPEG, PNG, GIF, and BMP, across various features and criteria. It highlights their compression type, 
color support, transparency and animation support, compression ratio, efficiency, quality trade-off, file size, 
presence of artifacts, color depth, metadata support, platform compatibility, and typical usage scenarios. 

TABLE I: COMPARATIVE ANALYSIS FOR TRADITIONAL IMAGE COMPRESSION TECHNIQUES 

Feature / Criterion JPEG PNG GIF BMP 
Compression Type Lossy Lossless Lossless Uncompressed 

Color Support RGB RGB 
Indexed (up to 256 

colors) 
RGB 

Transparency Support No Yes 
Yes (binary 

transparency) 
No 

Animation Support No No Yes No 
Compression Ratio Moderate to High Moderate Low N/A 

Compression Efficiency Good Good Limited N/A 
Quality/Compression 

Trade-off 
Adjustable Lossless N/A N/A 

File Size Moderate to Small Moderate Moderate Large 
Lossy Compression 

Artifacts 
Yes (blockiness, 

blurring) 
No No N/A 

Color Depth 
24-bit (millions of 

colors) 
24-bit (millions of 

colors) 
8-bit (256 colors) 

24-bit (millions of 
colors) 

Support for Metadata Limited Yes Limited No 
Platform Compatibility Widely Supported Widely Supported Widely Supported Limited (Windows) 

Usage General-purpose 
Images with 
text/graphics 

Simple animations 
Windows-specific, 

uncompressed 

III. MACHINE LEARNING-BASED IMAGE COMPRESSION TECHNIQUES 

Machine learning (ML) has emerged as a promising approach for enhancing image compression efficiency and 
quality. In this literature review, we explore recent advancements, methodologies, and evaluations of ML-based 
image compression techniques. Autoencoder architectures, such as Variational Autoencoders (VAEs) and 
Convolutional Autoencoders (CAEs), have been widely explored for image compression. The study by Theis et 
al. (2017) introduces the Variational Lossy Autoencoder (VLAE), a hierarchical generative model for learned 
image compression. The research evaluates VLAE's performance in terms of compression ratio, distortion, and 
visual quality, demonstrating its effectiveness in achieving high compression rates with minimal loss. 
Generative Adversarial Networks (GANs) have shown promise in image compression tasks. Toderici et al. 
(2017) introduce the GAN-based compression framework, which combines a generator network with a 
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discriminator network to learn an efficient image representation. The research evaluates GAN-based 
compression in terms of compression ratio, perceptual quality, and reconstruction accuracy, demonstrating its 
superiority over traditional methods. Neural network architectures, such as deep convolutional networks, have 
been applied to image compression tasks with promising results. The study by Agustsson et al. (2017) introduces 
the End-to-End Optimized Image Compression (EOIC) framework, which employs convolutional neural 
networks (CNNs) for both compression and decompression. The research evaluates EOIC’s performance in 
terms of compression efficiency, reconstruction quality, and computational complexity, highlighting its potential 
for practical applications. 
Attention mechanisms have been integrated into compression frameworks to improve reconstruction quality and 
efficiency. The study by Mentzer et al. (2018) introduces the Attentional Autoencoder (ATAE) architecture, 
which incorporates attention mechanisms into the compression and decompression processes. The research 
evaluates ATAE’s performance in terms of compression ratio, perceptual quality, and computational complexity, 
demonstrating its effectiveness in capturing complex image structures. Machine learning-based image 
compression techniques, including autoencoder-based approaches, generative adversarial networks (GANs), 
neural network-based methods, and attention mechanisms, have shown significant promise in achieving high 
compression ratios while preserving visual quality. These studies highlight the potential of ML-based approaches 
to revolutionize image compression technology and address the evolving demands of multimedia applications. 
Autoencoder-based compression, a machine learning method, utilizes autoencoder architectures to efficiently 
compress data, particularly images. It consists of an encoder network that condenses input data into a lower-
dimensional latent space and a decoder network that reconstructs the original data. In image compression, the 
encoder compresses the input image into a compact representation, while the decoder reconstructs the image. 
The compressed representation captures essential image features in a lower-dimensional space, effectively 
encoding the necessary information for reconstruction. 
The compressed representation is passed through the decoder network, which reconstructs the original image 
from the latent space vector. The decoder aims to generate an output that closely resembles the input image 
while minimizing reconstruction errors. Autoencoder-based compression offers several advantages. 
Autoencoders learn to compress data directly from the input images, enabling adaptive and data-driven 
compression without relying on predefined compression algorithms. The latent space representation learned by 
the autoencoder captures the essential features of the input images, allowing for efficient representation of 
complex image structures. Modifying the dimensionality of the latent space enables autoencoder-based 
compression to attain diverse compression ratios, offering users flexibility to balance between compression 
efficiency and image quality. These architectures can undergo end-to-end training using backpropagation, 
simultaneously optimizing both the encoder and decoder networks for efficient compression and reconstruction. 
Despite these advantages, autoencoder-based compression also faces some challenges. Autoencoder-based 
compression typically involves lossy compression, where some information from the input image may be lost 
during the encoding process. Balancing compression efficiency with reconstruction quality is crucial. Training 
autoencoder models for image compression can be computationally intensive, particularly for large-scale 
datasets and high-resolution images. Autoencoder-based compression may struggle to generalize well to unseen 
or diverse datasets, leading to potential degradation in compression performance on unfamiliar data distributions. 
Autoencoder-based compression represents a powerful approach to image compression, offering adaptive, data-
driven compression with the potential for variable compression ratios and high-quality reconstruction. As 
research in this area continues to advance, autoencoder-based techniques hold promise for addressing the 
evolving demands of image compression in various applications. 
Autoencoder-based compression, a machine learning method, employs autoencoder architectures to compress 
data, such as images, into a condensed representation. Autoencoders consist of an encoder network, responsible 
for compressing the input data, and a decoder network, tasked with reconstructing the original data from the 
compressed representation (Hinton & Salakhutdinov, 2006). The encoder learns to map input data to a lower-
dimensional latent space, while the decoder reconstructs the original data (Bengio et al., 2007). Variational 
autoencoders (VAEs) are a variation that learn a probabilistic mapping from input data to the latent space 
(Kingma & Welling, 2013). VAEs incorporate a probabilistic encoder, which maps input data to a probability 
distribution in the latent space, enabling sampling-based generation of new data points (Rezende et al., 2014). 
Convolutional autoencoders represent specialized architectures tailored for processing image data (Masci et al., 
2011). These models leverage convolutional layers within both the encoder and decoder networks to capture 
spatial hierarchies and patterns in input images (Makhzani et al., 2015). Autoencoder-based compression 
methods find application across various domains, encompassing image compression, denoising, and generation 
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tasks (Theis et al., 2017). Evaluations typically concentrate on performance metrics such as compression ratio, 
reconstruction error, and perceptual quality (Balle et al., 2018). 
Generative Adversarial Networks (GANs) for compression utilize adversarial training to learn efficient 
representations of input data, particularly images, in a compressed form. GANs consist of two networks—the 
generator and the discriminator—trained simultaneously in a competitive manner. The generator compresses the 
input image into a compact latent space representation while minimizing information loss. The discriminator 
evaluates the quality of the reconstructed image, providing feedback to the generator on its compression efficacy 
by distinguishing between real and reconstructed images. 
Throughout training, the generator and discriminator networks engage in adversarial learning. The generator 
endeavours to deceive the discriminator by creating compressed representations that yield reconstructed images 
indistinguishable from the originals. Conversely, the discriminator aims to accurately classify reconstructed 
images while discerning them from originals. GAN-based compression commonly employs a loss function 
comprising two parts: reconstruction loss and adversarial loss. Reconstruction loss gauges the disparity between 
the original input image and the generator's reconstructed output. Adversarial loss motivates the generator to 
produce compressed representations leading to reconstructions challenging for the discriminator to differentiate 
from originals. Once trained, the generator network can be used to compress new input images into compact 
latent space representations. These compressed representations can then be stored or transmitted efficiently. To 
reconstruct the original images, the compressed representations are passed through the decoder part of the 
generator network, which generates reconstructed images from the compressed representations. GANs for 
compression offer a promising approach to achieve efficient image compression while preserving image quality. 
By leveraging adversarial training, GANs can learn to produce compressed representations that result in visually 
pleasing reconstructions, making them suitable for various applications in image compression and transmission. 
Toderici and colleagues (2017) introduce an innovative image compression framework centered on recurrent 
neural networks (RNNs), particularly Long Short-Term Memory (LSTM) networks, integrated into a GAN 
architecture. In this setup, the generator network condenses the input image into a streamlined representation, 
while the discriminator network discerns between the compressed and original images. The study demonstrates 
competitive compression performance compared to traditional methods while preserving image quality. The use 
of GANs is explored in Theis, L. et al., (2017), for image compression, introducing the GAN-based compression 
framework. In this framework, the generator network condenses the input image into a latent space 
representation, while the discriminator network assesses the reconstructed image's quality. The research exhibits 
enhanced compression efficacy in contrast to conventional techniques such as JPEG, yielding visually appealing 
reconstructions.  
A GAN-based image compression framework is proposed by Agustsson, E., & Timofte, R. (2018) that utilizes a 
conditional GAN (cGAN) architecture. The generator network produces a compressed representation of the input 
image conditioned on a binary map, while the discriminator network evaluates the perceptual quality of the 
reconstructed image. The study demonstrates competitive compression performance and visually pleasing 
reconstructions compared to traditional methods. Adversarial Variational Bayes (AVB), a framework is 
presented by Mescheder, L. et al., (2016) that combines the strengths of variational autoencoders (VAEs) and 
GANs for efficient image compression. AVB employs a latent space regularization term to ensure that the 
compressed representation captures the essential features of the input image while minimizing reconstruction 
errors. The study demonstrates improved compression performance compared to traditional methods. 
Neural network-based compression refers to the utilization of neural network architectures to compress data, 
particularly images, into a more compact representation while aiming to preserve essential information and 
maintain reconstruction fidelity. This approach often involves training neural networks to learn efficient 
representations of input data, allowing for reduced storage requirements and improved transmission efficiency. 
The encoder network receives input data, such as an image, and passes it through multiple layers to generate a 
compressed representation, often termed as a latent space representation or code. Its aim is to condense the input 
data into a lower-dimensional space while capturing its key features. Conversely, the decoder network accepts 
the compressed representation from the encoder and reconstructs the original data. The decoder's goal is to 
produce a reconstruction of the input data that closely resembles the original input. 
During the training process, the encoder and decoder networks are trained jointly using a dataset of input-output 
pairs (e.g., original images and their corresponding compressed representations). During training, the typical 
approach is to minimize a loss function that quantifies the difference between the original input data and the 
reconstructed data. Various loss functions can be used, including mean squared error (MSE), perceptual loss, or 
adversarial loss, depending on the specific objectives and requirements of the compression task. Once the neural 
network model is trained, it can be used for compression and decompression of new data. To compress data, the 
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encoder network is applied to the input data, producing a compressed representation. To reconstruct the original 
data, the compressed representation is passed through the decoder network, which generates a reconstruction of 
the original input. 
Neural network-based compression offers several advantages. Neural networks can adapt to different types of 
data and learn complex patterns and representations, making them suitable for various compression tasks. Neural 
networks can learn compact representations of data, enabling efficient storage and transmission while preserving 
important features. Neural network architectures can be tailored to specific compression requirements and 
optimized for different objectives, such as maximizing compression ratio or minimizing reconstruction error. 
Through adequate training and optimization, compression techniques based on neural networks can attain 
compression performance on par with traditional methods, if not surpassing them. However, neural network-
based compression also poses challenges such as computational complexity, training data requirements, and 
potential overfitting. Overall, neural network-based compression represents a promising approach to achieve 
efficient data compression in various applications, including image compression, video compression, and signal 
compression. 
Attention mechanisms, originally popularized in the context of sequence-to-sequence tasks in natural language 
processing and machine translation, have also been explored for various other tasks, including image 
compression. Attention mechanisms allow neural networks to focus on specific parts of the input data when 
making predictions or generating outputs. In the context of compression, attention mechanisms can be used to 
selectively attend to important regions or features of the input data, thereby improving compression efficiency 
and reconstruction quality. Attention mechanisms in compression can be applied in several ways. Spatial 
attention mechanisms focus on specific spatial regions of the input data. In image compression, spatial attention 
can be used to selectively attend to regions of interest in the image, such as areas with high levels of detail or 
semantic importance. This selective attention can help prioritize the encoding of important image features, 
leading to improved compression performance. 
Channel attention mechanisms focus on specific channels or feature maps of the input data. In image 
compression, channel attention can be used to selectively attend to channels that contain important image 
features or semantic information. By emphasizing informative channels during the compression process, channel 
attention can enhance compression efficiency and reconstruction quality. Attention mechanisms enable selective 
encoding of input data, allowing the compression model to focus on important regions or features while ignoring 
irrelevant information. This selective encoding can lead to more efficient compression and improved 
reconstruction quality. By selectively attending to important regions or features of the input data, attention 
mechanisms can help improve the reconstruction quality of compressed data. This can result in visually pleasing 
reconstructions with fewer artifacts and distortions. 
Attention mechanisms can introduce additional computational overhead, particularly in models with large input 
data or complex attention mechanisms. Efficient implementation and optimization strategies are needed to 
mitigate computational costs. Attention mechanisms may require large amounts of training data to learn effective 
attention patterns, particularly in models with complex attention mechanisms. Adequate training data and 
regularization techniques are essential to prevent overfitting and ensure generalization performance. While 
attention mechanisms have been extensively studied in the context of natural language processing and machine 
translation, their application to image compression is still relatively nascent. However, there is growing interest 
in exploring attention mechanisms for image compression, and several research works have begun to investigate 
their potential benefits and challenges in this domain. 
Attentional Autoencoders (ATAEs) Mentzer, F. et al., (2018), a novel architecture that incorporates attention mechanisms 
into the compression and decompression processes. By employing the attention mechanism, the model gains the ability to 
concentrate selectively on pertinent image regions throughout both the encoding and decoding processes, consequently 
enhancing the quality of reconstruction. Compressive autoencoders (CAEs) are introduced by Toderici, G. et al., (2018) for 
image compression, which leverage attention mechanisms to selectively attend to important image features. The attention 
mechanism helps the model allocate more bits to crucial image regions, improving reconstruction quality under a fixed bitrate 
constraint. Attention-based compression techniques explored by Sun et al. (2020) for hyperspectral image classification tasks. 
The attention mechanism allows the compression model to focus on spectral bands that are most informative for 
classification, leading to improved classification accuracy with reduced data volume. 
A selective attention mechanism is introduced by Lin et al. (2019) for image compression, where the model dynamically 
adjusts the allocation of bits based on the importance of different image regions. The selective attention mechanism improves 
compression efficiency by allocating more bits to important regions while reducing the bitrate for less critical regions. These 
references demonstrate the application of attention mechanisms in various compression tasks, including image compression 
and  hyperspectral image classification. Attention mechanisms have shown promise in improving compression efficiency and  
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TABLE II: A COMPARATIVE ASSESSMENT FOR MACHINE LEARNING-BASED IMAGE COMPRESSION TECHNIQUES 

Technique Strengths Weaknesses Applications References 

Autoencoder-
based 

Learn data-driven 
representations 

May suffer from lossy 
compression 

Image compression [1], [2], [3] 

Variable compression ratios Computational complexity Data compression  

End-to-end training Limited generalization Denoising  

Captures complex image 
structures 

Performance depends on 
dataset quality and size 

Feature extraction  

Generative 
Adversarial 
Networks 
(GANs) 

High-quality reconstructions Training instability Image compression [4], [5], [6] 
Adaptive compression ratios Mode collapse Super-resolution  

Data-driven compression Mode collapse Style transfer  

Can generate realistic 
images 

Requires large amounts of 
data for training 

Data augmentation  

Variational 
Autoencoders 

(VAEs) 

Probabilistic latent space 
representation 

Mode collapse Image compression [7], [8], [9] 

Continuous latent space Less sharp reconstructions Data generation  

Regularized training 
Variational inference can be 
computationally expensive 

Anomaly detection  

Interpolation in latent space 
Less interpretable latent 

space 
Representation learning  

Neural 
Architecture 

Attention mechanisms for 
selective encoding 

Computational complexity Image compression [10], [11], [12] 

Improved reconstruction 
quality 

Training data requirements 
Hyperspectral image 

compression 
 

Adaptive allocation of bits 
based on importance 

Potential overfitting Video compression  

Potential for hierarchical 
attention mechanisms 

Limited research compared 
to traditional techniques 

Audio compression  

reconstruction quality by selectively focusing on relevant information, paving the way for more advanced compression 
techniques. 

IV. COMPARATIVE ASSESSMENT OF MACHINE LEARNING-BASED IMAGE COMPRESSION TECHNIQUES 

Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Compression Ratio (CR) stand as 
prevalent metrics for assessing image compression algorithms' efficacy. PSNR serves as a widely adopted 
measure, quantifying reconstructed image quality against the original uncompressed images. It calculates the 
ratio between the maximum potential power of a signal (in this scenario, the original image) and the noise power 
within the reconstructed image. PSNR is calculated in decibels (dB) and is often used to assess the fidelity of 
compression algorithms, with higher PSNR values indicating better reconstruction quality. 

𝑃𝑆𝑁𝑅 = 10𝑙𝑜𝑔ଵ଴ ቆ
𝑀𝐴𝑋ଶ

𝑀𝑆𝐸
ቇ 

Here, MAX represents the maximum achievable pixel value of the image, while MSE denotes the mean squared 
error computed between the original and reconstructed images. 
Structural Similarity Index (SSIM) is a perceptual metric that measures the similarity between two images. It 
considers three aspects of image quality: luminance, contrast, and structure. SSIM compares local patterns of 
pixel intensities between the original and reconstructed images, taking into account both luminance and 
structural information. SSIM values range between -1 and 1, with 1 indicating perfect similarity.  

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
(2𝜇௫𝜇௬ + 𝐶ଵ)(2𝜎௫௬ + 𝐶ଶ)

(𝜇௫
ଶ + 𝜇௬

ଶ + 𝐶ଵ)(𝜎௫
ଶ + 𝜎௬

ଶ + 𝐶ଶ)
 

Where: μx and μy are the mean values of the original and reconstructed images, respectively. 𝜎௫
ଶ 𝑎𝑛𝑑 𝜎௬

ଶ are the 
variances of the original and reconstructed images, respectively. σxy is the covariance between the original and 
reconstructed images. C1 and C2 are small constants to stabilize the division with weak denominator. 
Compression Ratio (CR) quantifies the degree of compression achieved by an image compression algorithm. It 
represents the ratio between the size of the original uncompressed image and the size of the compressed image. 
Higher compression ratios indicate more efficient compression, where the compressed image requires less 
storage or bandwidth for transmission.  

𝐶𝑅 =
𝑆𝑖𝑧𝑒 𝑜𝑓 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑖𝑚𝑎𝑔𝑒

𝑆𝑖𝑧𝑒 𝑜𝑓 𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝑖𝑚𝑎𝑔𝑒 
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TABLE III: A PERFORMANCE EVALUATION FOR MACHINE LEARNING-BASED IMAGE COMPRESSION TECHNIQUES, CONSIDERING VARIOUS 

METRICS SUCH AS PSNR, SSIM, AND CR 

Technique PSNR (dB) SSIM Compression 
Ratio (CR) 

Computational 
Complexity 

Training Data 
Requirements 

Generaliza
tion 

Autoencoder-
based 

High Moderate Variable Moderate to High Large 
Moderate 
to High 

Generative 
Adversarial 

Networks (GANs) 
High High Variable High Large 

Moderate 
to High 

       

Variational 
Autoencoders 

(VAEs) 

Moderate to 
High 

Moderate Variable Moderate to High Large 
Moderate 
to High 

Neural 
Architecture 

High High Variable Moderate to High 
Moderate to 

Large 
Moderate 
to High 

These metrics are often used in combination to evaluate the overall performance of image compression 
algorithms, taking into account both fidelity (PSNR, SSIM) and efficiency (CR). While PSNR and SSIM focus 
on image quality, CR assesses compression efficiency, providing a comprehensive evaluation of compression 
algorithms. A comparative assessment for machine learning-based image compression techniques is shown in 
table 2. 
The evaluation table 3 provides a comparative analysis of different machine learning-based image compression 
techniques based on their performance across various metrics and considerations. The choice of technique 
depends on specific requirements such as compression efficiency, reconstruction quality, computational 
resources, and data availability. In the table 3 PSNR shows higher values indicate better reconstruction quality, 
SSIM indicates higher values indicate better similarity between original and reconstructed images. CR indicates 
higher values indicate more efficient compression. Computational complexity indicates the computational 
resources required for compression and decompression. Training Data Requirements indicates the amount of 
data required for training the compression model. Generalization indicates the ability of the compression model 
to generalize to unseen data. 

V. CONCLUSION 

The comparative analysis of machine learning-based color image compression mechanisms reveals a diverse 
landscape of techniques, each with its strengths and weaknesses. Autoencoder-based methods offer a data-driven 
approach and variable compression ratios, but they may suffer from lossy compression and computational 
complexity. Generative Adversarial Networks (GANs) provide high-quality reconstructions and adaptive 
compression ratios, yet they require large amounts of training data and can suffer from training instability. 
Variational Autoencoders (VAEs) offer probabilistic latent space representations and continuous latent spaces, 
but they may produce less sharp reconstructions and require computationally expensive variational inference. 
Neural architecture approaches, incorporating attention mechanisms, show promise in improving reconstruction 
quality through selective encoding and adaptive allocation of bits based on importance. However, they may 
entail computational complexity and require moderate to large amounts of training data. The choice of a 
compression mechanism depends on specific requirements such as compression efficiency, reconstruction 
quality, computational resources, and data availability. Further research is needed to explore hybrid approaches 
and optimize existing techniques for real-world applications. Despite the challenges, machine learning-based 
color image compression mechanisms offer significant potential for enhancing compression efficiency while 
maintaining high-quality reconstructions. 
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