
 International Journal of Research in Computer Science Engineering and Technology 

ISSN: 3049-1665(Online) IJRCET-2024-December Paper, Vol1 Issue 1,pp:1:9, www.ijrcet.in 

 

 

Advanced Methods for Image Quality Assessment 

and Enhancement and Optimizing Image Quality 

Improvements 

1 Veerla Ajay, Software Developer, ajayveerla@neoshaantechnologies.com 

2 K Gowthamraju, Developer, gowthamrajukongara@neoshaantechnologies.com 

 

Abstract- 

Image Quality Assessment (IQA) is very important in many areas because we rely more on 

high-quality images and technology. It is used in social media, medical imaging, video 

streaming, online shopping, and self-driving cars, so finding good ways to check image quality 

is necessary. Bad image quality can cause misunderstandings, less interest from users, and 

problems in operations, especially in critical areas like healthcare and security. On the other 

hand, good-quality images make users happier, improve diagnosis, and help artificial 

intelligence work better, which encourages more engagement and strengthens brand 

image.Recent progress in IQA, especially with deep learning methods like Convolutional 

Neural Networks (CNNs) and Generative Adversarial Networks (GANs), has really helped in 

checking and improving image quality. These methods look at higher-level features like texture 

and structure instead of just pixels. There are also No-Reference IQA approaches, like Deep 

Image Prior (DIP), that assess image quality without needing a reference. These are useful for 

tasks like removing noise and blurring. By linking IQA with advanced image improvement 

methods, like super-resolution and noise reduction, we can keep making images better. These 

developments give us more dependable, user-focused, and situation-aware solutions to tackle 

challenges in various fields. The shift from traditional to deep learning-based IQA has changed 

how we check and enhance image quality, leading to better accuracy and efficiency that aligns 

more closely with how humans see. 

 

Index Terms: Image Quality Assessment (IQA), Image Enhancement, Convolutional Neural 

Networks (CNNs), Generative Adversarial Networks (GANs) 



 International Journal of Research in Computer Science Engineering and Technology 

ISSN: 3049-1665(Online) IJRCET-2024-December Paper, Vol1 Issue 1,pp:1:9, www.ijrcet.in 

 

 

1. Introduction 

Checking the quality of images is becoming more important in our digital world. This 

is because we are using images more and more in areas like social media, healthcare, video 

streaming, online shopping, self-driving cars, and security. With the rise of high-quality images, 

like 4K and 8K, and the use of AI tools to improve images, it's essential to make sure they look 

good. Bad images can cause misunderstandings, loss of information, or poor experiences for 

users. Also, as we use more image compression methods, it's important to check if these 

processes have harmed the quality of images. So, assessing image quality helps keep standards 

high, makes users happier, and ensures that visual content is clear and accurate in different 

fields. 

If image quality is not properly assessed, it can lead to several significant issues across 

different sectors. In digital platforms, poor image quality can negatively impact user 

experience, leading to dissatisfaction, lower engagement, and loss of customers [2]. In critical 

fields like medical imaging, satellite imagery, and surveillance, unassessed image quality can 

result in misinterpretations that may have serious consequences, such as incorrect diagnoses or 

flawed data analysis [3][9]. Additionally, improper assessment can degrade the effectiveness 

of image compression techniques, resulting in lost details that compromise both functionality 

and visual appeal [1]. In AI-driven applications, low-quality images can lead to higher error 

rates, affecting the accuracy of systems such as facial recognition or autonomous driving [4]. 

The absence of proper image quality assessment can also result in inconsistent standards, 

leading to missed expectations in commercial content, advertisements, or media. Moreover, it 

can increase operational costs, as poor-quality images might require rework or replacement, 

and damage a brand’s reputation by giving an unprofessional or unreliable impression [3]. 

Ultimately, neglecting image quality assessment can undermine performance, communication, 

and brand value across industries. 

2. Related Work 

To figure out how good an image is, we look at different visual qualities like sharpness, 

contrast, color correctness, noise, and resolution. A common way to do this is by having people 

check the images themselves, looking at how clear and detailed they are. While useful, this 

method can take a lot of time and may not always be reliable. On the flip side, there are 

objective methods that use computer techniques to analyse images based on specific standards. 
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For example, tools like peak signal-to-noise ratio (PSNR), structural similarity index (SSIM), 

and mean squared error (MSE) compare an image to a clear reference image. They measure 

things like distortion and blurriness. Some newer methods use deep learning, where models 

learn from lots of images to predict quality. These models can quickly spot quality problems, 

which is helpful when processing many images at once. Knowing the quality of an image is 

important to see if it’s good enough for its purpose, whether it’s for medical use, creating media, 

or marketing online. In the past, the main ways to check image quality depended a lot on 

people’s opinions and simple math. People would rate images based on how they looked, but 

this could be inconsistent and biased.  

To make things better, objective tools were created to measure image quality more effectively. 

Traditional methods like PSNR and MSE looked at the differences between a messed-up image 

and a clear one. Although these methods gave numbers to help judge quality, they didn’t always 

consider how people see and interpret images. The structural similarity index (SSIM) came 

along as an improvement, but it still didn’t capture everything about human perception. Older 

techniques worked well for basic tasks but had trouble with more complicated images or when 

human judgment was more important. This led to the creation of advanced methods using 

machine learning and deeper analysis in later times. 

3. Proposed System 

New techniques for improving image quality have become better thanks to advances in 

computer power, machine learning, and understanding how people see things. One major 

change is the use of deep learning models that learn from large groups of images to guess image 

quality automatically. These models can look at things like sharpness, contrast, noise, and color 

accuracy in a way that is similar to how people see images. Convolutional neural networks, or 

CNNs, are often used for this because they are good at finding patterns in images. Another 

important improvement is the way we now evaluate image quality by considering how people 

see things. This new method looks at more than just differences in the pixels; it also thinks 

about details like texture and how objects are arranged. New tools like Generative Adversarial 

Networks, or GANs, help make images clearer, remove noise, and fix details lost in 

compression. We also have new methods that check images at different resolutions and from 

different viewpoints, making them stronger and more flexible for various uses. These modern 

methods give us a better and easier way to improve image quality, fixing problems seen in older 
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methods and providing better outcomes in areas like medical imaging, entertainment, and self-

driving cars. 

Combining the assessment of image quality with improvement techniques can lead to 

much better results by using the best parts of both. Understanding the current quality of an 

image helps us find issues like noise, blurriness, or color problems. We can use advanced 

methods, like deep learning or human-like quality metrics, to help with this evaluation. Once 

we spot the problems, we can improve the image with techniques like removing noise, 

enhancing resolution, or fixing blurriness. Modern methods, including GANs and deep CNNs, 

can help restore lost details, improve textures, and sharpen images while keeping them looking 

natural. By constantly checking and improving the image through this back-and-forth process, 

we make sure the final product meets both how it looks and how it’s measured, resulting in 

clearer and more attractive images across different fields, from healthcare to entertainment and 

digital media.  

In comparison, new methods that use deep learning and perceptual models give us more 

dependable and advanced results. Techniques such as CNNs and GANs can learn from large 

datasets and adjust to many types of image problems, including noise, blur, and compression 

effects. These models pay attention to key features like textures and arrangements, which helps 

them provide quality assessments that feel more human. Additionally, recent evaluation 

methods look at images in a way that better reflects how the human eye sees quality, even 

without a reference image. while older methods struggled with their basic nature and missed 

some visual details, newer approaches give us stronger, automated, and flexible solutions that 

enhance image quality in ways that consider user experience. This growth has greatly improved 

how we assess and enhance images in important areas such as medical imaging, self-driving 

technology, and digital media, where detail and user satisfaction are key. 

4. Performance Analysis 

Looking at how we assess and improve image quality shows that there have been important 

improvements in both accuracy and speed. Older methods, like Peak Signal-to-Noise Ratio 

(PSNR), Mean Squared Error (MSE), and Structural Similarity Index (SSIM), mainly looked 

at small differences in individual pixels or did simple math between a clear image and a 

distorted one. These methods did provide helpful information, but they often had trouble 

accurately showing how people really see images, especially for complicated pictures or those 
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with slight distortions. They also needed a high-quality reference image to compare against, 

which made them less useful when no reference image was available. 

Recently, new methods have been developed to better assess image quality. One 

important method is called Learned Perceptual Image Patch Similarity (LPIPS), which uses 

deep learning to measure how similar two images are in terms of how a human would see them. 

The LPIPS score looks at the features picked up by deep neural networks, like VGG or AlexNet, 

after analyzing small parts of images. This approach gives a better idea of human perception 

than older methods that just look at pixel differences. 

Another new method is the No-Reference Image Quality Assessment (NR-IQA). This 

method checks image quality without needing a clear reference image. A well-known technique 

is called Deep Image Prior (DIP), which uses a special network to predict image quality based 

on its own structure instead of comparing it to another image. This has been effective for tasks 

like removing noise and fixing blurriness, especially when reference images are not available. 

New methods like LPIPS and NR-IQA offer a more accurate way to assess image quality by 

focusing on how people perceive images, overcoming many issues found in older pixel-based 

methods, and providing more trustworthy results for complex and real-life images. 

5. Conclusion 

In conclusion, the evolution of image quality assessment and improvement techniques 

has greatly enhanced the ability to evaluate and enhance images with greater accuracy and 

efficiency. Traditional methods, such as PSNR, MSE, and SSIM, provided foundational 

approaches to image quality but were often limited in their ability to reflect human visual 

perception and handle complex image distortions. newer techniques like LPIPS and NR-IQA 

offer more reliable, context-aware assessments by considering high-level features, structural 

elements, and perceptual cues that align more closely with human visual experience. These 

advancements have led to significant improvements in various fields, such as healthcare, 

entertainment, autonomous driving, and digital media. As image quality becomes increasingly 

vital across different industries, the combination of advanced assessment and improvement 

methods ensures that images are not only technically accurate but also visually appealing and 

functionally effective. Moving forward, these techniques will continue to evolve, providing 

even more powerful solutions to meet the growing demands of digital and visual content in the 

modern world. 
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