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’_ bstract: During the data collecting process, images are frequently degraded. Blurring, information
loss due to sampling, quantization effects, and different forms of noise are all examples of degradation.

The goal of picture restoration is to correct for the flaws that cause an image to degrade.

Motion blur, noise, and camera unfocused are all examples of degradation. In some circumstances,
such as motion blur, it’s feasible to approximate the real blurring function and then “undo” the blur to recover
the original image. When an image is contaminated by noise, the best we can hope for is to compensate for
the loss of quality it has caused. We will introduce and implement numerous picture restoration methods
utilized in the image processing sector in this paper. Medical imaging, astronomical imaging, forensic
research, and other applications are all possible. The advantages of enhancing image quality to the greatest

extent possible frequently exceed the cost and complexity of the restoration techniques required.
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1. INTRODUCTION

Images in digital form are essentially electronic representations of scenes, composed of pixels,
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typically arranged in a grid pattern, with each pixel assigned a specific value corresponding to its tone
at a specific location. These images find applications in various fields, such as everyday photography,
astronomy, remote sensing, microscopy, and medical imaging. Image restoration is a method used to recover
damaged images by addressing issues like noise, blur, or other forms of degradation. Unfortunately, most
photographs tend to have some level of haziness due to the presence of interference both from the camera

and the surrounding environment.

Image restoration is the process of improving the quality of images that have been corrupted in some
way. Visual distortions, such as blur and noise, can arise from factors like atmospheric turbulence, object

movement, or camera misfocusing. The degradation model employed in the envision system is as follows:
Gk=Ik*h+n

Here, Gk represents the degraded image, Ik is the original image, h stands for the point spread function,

and ‘n’ denotes the additive noise. The asterisk (*) denotes a two-dimensional linear

convolution operation. Noise, which manifests as unwanted variations in the image, can significantly
impact its visual clarity. Several types of noise can affect digital images related to digital signals, with Noise
types include Gaussian noise, Salt and Pepper noise (also known as Impulse noise), Uniform noise, and

Brownian noise. being the most common varieties.

Image blurring can result from various factors, including motion during the image capture process,

the use of wide-angle lenses, and extended exposure times. Here are some specific examples of blur:

Motion blur: Occurs when the recording equipment or the scene itself moves during the image capture

process, leading to a blurred image.

Rectangular blur: Involves blurring a specific region of the image, which can be either round or

rectangular and positioned in any part of the image.

Defocus blur: Arises when the camera fails to properly focus on the image, impacting the image’s

resolution. Greater defocus results in lower image resolution.

Gaussian blur: A type of image blurring filter that employs a Gaussian function to calculate the

transformation applied to each pixel.

2. LITERATURE SURVEY:

The GAN inversion method was commonly utilized in traditional restoration models. They ‘invert’

the damaged picture Return to a latent state of the pre-trained. GAN before reconstructing the feed images

59



Sk Ramiz Hossain et. al/NSHM International Journal of Technology & Management @ Vol 1, No. 1, May 2026

using image-specific optimization approaches. GFP-GAN, on the other hand, employs sensitive designs to
achieve a decent combination of realism and fidelity in a single image processing forward pass. GFPGAN
consists of multiple Layers of Channel-Split Spatial Feature Transform (CS-SFT) arranged in a progression
from coarse to fine. Additionally, it incorporates a module dedicated to removing degradation and a
pretrained face GAN serving as a facial feature capturer. These components are all linked together through

a direct mapping of latent codes.

The CS-SFT layers conduct spatial modulation on a subset of features while allowing the remaining
characteristics to flow through directly for improved information preservation. This allows it to effectively
incorporate generative features while retraining the original image’s high fidelity. It also includes facial
component loss with local discriminators to increase picture fidelity by enhancing perceptual facial details

in the image while stressing identity preservation.
Many traditional facial landmark detection methods have been proposed in the literature during the

last few decades. Active Appearance Models (AAMs), Constrained Local Models (CLMs), and
Cascaded Regression are examples of parameterized appearance models. They finish the job by increasing
the image’s confidence in the part position. AAMs and their descendants try to model global holistic
appearance and shape together, but CLMs and variants learn a set of local experts by applying various
shape constraints. The main operation in Cascaded Regression is vector addition, which is efficient and has

a low computational complexity.

In traditional GAN, G employs Xr as an input and produces the composite picture Xs in classic GAN,
whereas D accepts them as input regardless of whether they are actual or created images. D and G compete

during the training phase, with D maximizing classification accuracy and G.

Attempting to synthesis high-quality images to diminish D’s classification accuracy. When D is unable
to tell whether the image generated by G is from the real sample, it will converge, indicating that the true

and false domain image quality is very similar.

When picture information is absent, i.e., pixel information is insufficient, the traditional method is

incapable of creating something from nothing and restoring the lost image in a reasonable manner.

3. THE CHALLENGE OF RESTORING FACIAL IMAGES AND PHOTOS

WITH ARTIFICIAL INTELLIGENCE

Image restoration should not be conflated with digital retouching alone. While these two processes

share similarities, their techniques can differ significantly. The former is generally more objective, while

60



Sk Ramiz Hossain et. al/NSHM International Journal of Technology & Management @ Vol 1, No. 1, May 2026

the latter is subjective in nature. Digital retouching aims to enhance the visual appeal of an image, whereas
restoration involves reversing known degrading operations applied to images to make these degradations

no longer visible.

In the context of facial restoration, several factors, such as facial geometry, typically play a crucial
role. However, the frequently poor quality of input images often poses challenges when applying techniques
related to facial geometry. This limitation restricts the scope of restoration applications. To address this
issue, a research team has introduced GFP-GAN, which leverages alternative features and techniques,

powered by artificial intelligence, to effectively restore photographs featuring faces.

4. ANALYSIS OF TEST RESULTS AND SCREENSHOTS

The difference between input and output is clearly visible:

Here we can see that the output image is recovered from its degraded input image. The noise, blur is much less in the output image.
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5. CONCLUSION

Restoration procedures are employed to bring a corrupted image back to its pristine condition, thereby
enhancing image quality. Blind image restoration involves two primary approaches: direct measurement
and indirect estimation. In the first approach, the unknown characteristics of the system, such as the blur
impulse response and noise level, are directly measured from the image slated for recovery. These measured

parameters are subsequently used in the restoration process.

On the other hand, indirect estimation methods rely on approaches that either derive the restoration itself
or determine crucial aspects of the restoration procedure. This discussion aims to introduce you to restoration

strategies rooted in noise and blur models, offering insights into effective image restoration techniques.
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