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ABSTRACT

Artificial Intelligence (AI) has changed the way we
improve image quality. Traditional methods often
struggle with issues like noise, blurriness, and low
resolution. Al-powered image enhancement, using deep
learning techniques such as Convolutional Neural
Networks (CNNs) and Generative Adversarial Networks
(GANSs), provides better results by restoring details and
improving clarity. This paper explores different Al-based
techniques for enhancing images, including noise
reduction, sharpening, and super-resolution. It also
discusses how Al-enhanced images are useful in
photography, medical imaging, and security. Additionally,
we highlight some challenges, such as high computational
requirements and ethical concerns. Finally, we discuss
future possibilities for improving Al-based image
enhancement.

Artificial Intelligence (AI) has transformed image
processing by significantly improving picture quality.
Traditional methods often struggle with issues such as
noise, blurriness, and loss of fine details, especially in
low-resolution images. Al-based image enhancement
techniques, particularly deep learning models like
Convolutional Neural Networks (CNNs) and Generative
Adversarial Networks (GANs), have shown remarkable
success in restoring and enhancing images. These models
can perform super-resolution (increasing image
resolution), denoising (removing unwanted noise),
deblurring (sharpening blurry images), and colorization
(adding colors to black-and-white images).

This paper explores the working principles behind Al-
powered image enhancement, focusing on various deep
learning techniques and their applications. It also
highlights key areas where Al-enhanced images play a
crucial role, such as photography, medical imaging (for
clearer X-rays and MRIs), satellite imaging (for better
Earth observation), and security (improving surveillance
footage). Despite its advantages, Al-based image
enhancement faces challenges, including the need for
large datasets, high computational power, and potential
biases in image processing.
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Learning, Convolutional Neural Networks (CNNs), Generative
Adversarial Networks (GANs)

L INTRODUCTION

In the modern era, digital images play a crucial role in various
fields such as photography, medical imaging, security, and
satellite imaging. However, images often suffer from issues
like noise, low resolution, blurriness, and loss of details due to

poor lighting conditions, sensor limitations, or compression
artifacts. Traditional image enhancement techniques, such as
histogram equalization and edge detection, have been used
to improve image quality, but they often fail to restore fine
details and produce natural-looking enhancements. With the
advancement of Artificial Intelligence (Al), particularly deep
learning, Al-based image enhancement has emerged as a
superior approach to restoring and improving image quality.

Deep learning models such as Convolutional Neural Networks
(CNNs) and Generative Adversarial Networks (GANs) have
shown remarkable success in tasks like image super-
resolution, denoising, and deblurring. For instance, Ledig et

al. (2017) proposed a Super-Resolution Generative
Adversarial Network (SRGAN) that generates high-
resolution images from low-resolution inputs while

preserving finer details and textures

In security and surveillance, Al enhances low-quality footage
to identify individuals and objects more effectively.
Additionally, Al-powered super-resolution techniques
improve satellite images for better geographical analysis and
environmental monitoring (Dong et al., 2016) 4.Despite its
advantages, Al-based image enhancement faces challenges,
including high  computational requirements, data
dependency, and ethical concerns related to image
manipulation and bias. As Al continues to evolve, researchers
are focusing on developing more efficient models that
require less computational power while maintaining high-
quality image restoration. This paper explores various Al-
driven image enhancement techniques, their applications,
challenges, and future prospects.

IL RELATED WORK

1. Super-Resolution Techniques

> SRCNN (Dong et al, 2016): Introduced a deep
Convolutional Neural Network (CNN) for image super-
resolution, significantly improving image quality 111.

» SRGAN (Ledig et al., 2017): Developed a Super-
Resolution Generative Adversarial Network (SRGAN) to
generate high-resolution images with more realistic
textures 222.

» ESRGAN (Wang et al.,, 2018): Enhanced SRGAN by
improving loss functions and feature extraction, leading
to superior perceptual quality 333.

Image Denoising and Deblurring

Deep Image Prior (Zhang et al., 2017): Used CNNs to
denoise images without external training datasets 444.
» DnCNN (Zhangetal.,2017): Applied a deep CNN-based

approach to remove Gaussian noise effectively 555.

» DeblurGAN (Kupyn et al., 2018): Proposed a GAN-
based model for restoring sharp images from blurred
inputs 666.
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Image Colorization and Restoration

Colorization Model (Zhang etal., 2016): Developed a
CNN-based model that assigns realistic colors to
grayscale images 777.

» Global & Local Feature-Based Colorization (Ilizuka et
al,, 2017): Improved colorization by using both local and
global image features 888.
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4. Applications in Medical Imaging and Security

» Medical Imaging Enhancement (Wang et al., 2019):
Used Al-based super-resolution and noise reduction
techniques to enhance MRI and CT scans for better
diagnosis 999.

» Security and Surveillance (Jiang etal., 2020): Applied
Al-powered image enhancement for improving low-
quality  surveillance footage, aiding forensic
investigations 101010.

III. Data and Sources of Data

1. Publicly Available Datasets

Several well-established image datasets are widely used for

trainingand evaluating Al-based image enhancement models:

» DIV2K (Timofte et al, 2017): A dataset with high-
resolution images used for super-resolution and image
restoration tasks 111.

» Flickr2K: An extension of DIV2K containing 2,000
high-resolution images collected from Flickr, used
for super-resolution and enhancement 222.

> BSD500 (Berkeley Segmentation Dataset): Contains
natural images widely used for image denoising and
segmentation tasks 333.

> Set5, Setl4, and Urban100: Benchmark datasets
commonly used for testing super-resolution models 444.

> CelebA (Liuetal.,2015): Alarge-scale face dataset used
for enhancing facial images and removing distortions 555.

Real-World Data

Medical Imaging Data: High-resolution MRI, CT scan,

and X-ray images obtained from medical repositories

like the NIH Chest X-ray Dataset and LIDC-IDRI (Lung

Image Database Initiative).

> Satellite Images: High-resolution Earth observation
data from sources like NASA, ESA (European Space
Agency), and Google Earth Engine.

> Surveillance Footage: Low-quality security camera

images collected from open-source databases for Al-

powered enhancement in security applications.

v N

Synthetic Data Generation

Data Augmentation: Techniques such as rotation,
flipping, noise addition, and blurring are applied to
existing images to increase dataset diversity.

» GAN-Generated Data: Generative Adversarial
Networks (GANs) create synthetic high-quality images to
supplement real-world data for training deep learning
models.

vV w

4. Data Preprocessing and Annotation

» Normalization: Image pixel values are scaled for
consistent training.

» Noise Injection: Artificial noise is added to test the
performance of denoising models.

» Ground Truth Comparison: High-resolutionimagesare
used as references for training super-resolution
networks.

IV. RESEARCH METHODOLOGY

1. Research Approach

This research focuses on improving image quality using Al.
We study how deep learning models, like Convolutional
Neural Networks (CNNs) and Generative Adversarial
Networks (GANSs), can enhance images by increasing
resolution, removing noise, and improving colors.

2. Data Collection

To train and test the Al model, we collect images from:

» Public Datasets (like DIV2K and BSD500) that have
high-quality and low-quality image pairs.

» Real-World Data (such as medical scans, satellite
images, and security footage).

» Generated Data using Al to create artificial images for
training.

3. Preprocessing the Data

Before training the Al model, we clean and prepare the images

by:

» Resizing them to a standard size.

» Adding Noise and Blur to simulate real-world problems.

» Normalizing the images so thatall pixel values are in the
same range.

4. Model Development

We use deep learning models to enhance images:

» Super-Resolution Models (like SRCNN and ESRGAN)
improve image resolution.

» Denoising Models (like DnCNN) remove unwanted
noise.

»> Colorization Models add realistic colors to black-and-
white images.

5. Training the Model

» The model learns by looking at both low-quality and
high-quality images.

» Itadjustsitselfusinga process called backpropagation

to improve results.
» The model is trained multiple times to get better at
enhancing images.

6. Testing and Evaluation

After training, we check how well the model works using:

» PSNR (Peak Signal-to-Noise Ratio) - Measures how
clear the enhanced image is.

»  SSIM (Structural Similarity Index) - Compares the Al-
enhanced image with the original to see how well details
are preserved.

» User Feedback - Real users review the results to see if
the images look good.

7. Deployment

Once the model performs well, it can be used in:

> Photo editing apps for improving image quality.

» Medicalimaging for enhancing MRl and CT scan details.

» Surveillance systems to improve unclear security
footage.
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V. RESULTS AND DISCUSSION
Accuracy Analysis

The system was tested using a dataset of 3,000 high-resolution images. The face recognition accuracy was compared across
different detection techniques: The CNN-based deep learning model significantly outperforms traditional techniques,
demonstrating high reliability in recognizing faces under varied conditions.
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1. Results of Al Picture Enhancement

After training and testing the Al model, we evaluated its

performance inimprovingimage quality. The results showed

that:

» Super-resolution models (like ESRGAN) increased image
sharpness and added fine details.

» Denoising models (like DnCNN) successfully removed
unwanted noise from images.

» Colorization models gave realistic colors to black-and-
white images.

2. Performance Evaluation

We used two key measures to test how well the model

worked:

» PSNR (Peak Signal-to-Noise Ratio): Higher PSNR means
better image clarity. The Al model achieved an average
PSNR of 28-35 dB, which is higher than traditional
methods.

» SSIM (Structural Similarity Index): A score close to 1
means the enhanced image is very similar to the original.
Our model achieved an SSIM of 0.85-0.95, showing high-
quality enhancements

VI.  Conclusion

In this research, we developed an Al-based Picture
Enhancer to improve image quality using deep learning
models. The results showed that Al can significantly
increase image resolution, remove noise, and restore
colors, making images look clearer and more realistic.

Key Takeaways

» Al models like ESRGAN and DnCNN perform much
better than traditional image enhancement methods.

» The model achieved higher PSNR and SSIM scores,
proving its effectiveness in improving images.

» Al-based enhancement is useful for many applications,
including photo editing, medical imaging, and
security footage improvement.

Challenges and Future Work
» Almodels require alot of data and processing power
to work efficiently.

» Future improvements should focus on faster
processing, lightweight models, and better color
accuracy.

Overall, Al-based picture enhancement is a powerful
technology with great potential for real-world
applications. Further research can help make it faster,
more efficient, and accessible to everyone.

VII. References

[1]  Timofte, R., De Smet, V., & Van Gool, L. (2017). DIV2K
Dataset for Super-Resolution Benchmarking. 1EEE
CVPR Workshop.

[2] Agustsson, E.,, & Timofte, R. (2017). NTIRE 2017
Challenge on Single Image Super-Resolution: Dataset
and Study. IEEE CVPR.

[3] Arbelaez, P, Maire, M., Fowlkes, C., & Malik, J. (2011).
Contour  Detection and Hierarchical Image
Segmentation. IEEE Transactions on Pattern Analysis
and Machine Intelligence.

[4] Zeyde, R, Elad, M., & Protter, M. (2010). On Single
Image Scale-Up Using Sparse-Representations.
International Conference on Curves and Surfaces.

[5] Liu, Z, Luo, P, Wang, X, & Tang, X. (2015). Deep
Learning Face Attributes in the Wild. IEEE ICCV.

[6] Kosarkar, U, Sakarkar, G., & Gedam, S. (2022).
Revealing and Classification of Deepfakes Videos
Images Using a Customized Convolutional Neural
Network Model. International Conference on Machine
Learning and Data Engineering (ICMLDE), 7th & 8th
September 2022, 2636-2652.
https://doi.org/10.1016/j.procs.2023.01.237

[7] Kosarkar, U., & Sakarkar, G. (2023). Unmasking Deep
Fakes: Advancements, Challenges, and Ethical
Considerations. 4th International Conference on
Electrical and Electronics Engineering (ICEEE), 19th &
20th August 2023, 978-981-99-8661-3, Volume 1115,
249-262.https://doi.org/10.1007/978-981-99-8661-
3_19

IJTSRD | Special Issue on

Advancements and Emerging Trends in Computer Applications - Innovations, Challenges, and Future Prospects

Page 593



International Journal of Trend in Scientific Research and Development (IJTSRD) @ www.ijtsrd.com eISSN: 2456-6470
[8] Kosarkar, U, Sakarkar, G, & Gedam, S. (2021). [9] Kosarkar, U, & Sakarkar, G. (2024). Designing an

Deepfakes: A Threat to Society. International Journal Efficient VARMA-LSTM-GRU Model for Identification
of Scientific Research in Science and Technology of Deep-Fake Images via Dynamic Window-Based
(IJSRST), 13th October 2021, 2395-602X, Volume Spatio-Temporal Analysis. International Journal of
9(6), 1132-1140. https://ijsrst.com/IJSRST219682 Multimedia Tools and Applications, 8th May 2024.

https://doi.org/10.1007 /s11042-024-19220-w

IJTSRD | Special Issue on
Advancements and Emerging Trends in Computer Applications - Innovations, Challenges, and Future Prospects Page 594



