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ABSTRACT:

The rapid growth of digital imaging has increased the importance of image clarity in various fields such as photography, surveillance, and medical imaging.
However, blurred images often reduce visual quality and limit their practical use. To address this, classical restoration methods such as Wiener Deconvolution,
Unsharp Masking, and Laplacian Sharpening have been widely applied. In this work, we present an integrated software suite that allows users to experiment with
these three techniques through a simple graphical interface. The system enables parameter adjustments, side-by-side comparisons, and histogram analysis for better
understanding of each method’s impact. Rather than focusing only on one approach, the framework offers a platform for comparing multiple techniques, making it
useful for both learning and practical applications. The results highlight how each method performs differently, showing that Wiener is best for structural recovery,

Unsharp Masking is effective for maintaining natural sharpness, and Laplacian is helpful for edge detection.

Keywords: Image Deblurring, Wiener Deconvolution, Unsharp Masking, Laplacian Sharpening, Histogram Analysis, Image Processing, OpenCV,
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Introduction:

Image blurring often occurs in real-life situations due to motion, out-of-focus cameras, or the limitations of imaging devices. When an image is blurred,
important details such as edges, textures, and color contrast are lost. This loss makes it more difficult to interpret and understand the image. In fields like
forensics, surveillance, and medical imaging, blurred images can hinder evidence analysis or diagnosis. That is why deblurring techniques are important

for improving image clarity and usability.

Several algorithms address this issue. They range from traditional filtering methods to modern deep learning approaches. Traditional techniques like
Wiener filtering, unsharp masking, and Laplacian sharpening are popular because they are simple and quick to compute. In contrast, deep learning
methods achieve impressive results but require large datasets and powerful hardware. These methods often operate as black boxes, providing little insight

into their outcomes. This highlights the need for educational and practical tools that allow for clear and interactive comparisons of traditional methods.

The Advanced Image Deblurring Suite developed in this study meets this need by offering a graphical user interface (GUI) platform where users can try
out different deblurring methods. Users can load images, adjust parameters such as kernel size, sharpening amount, and signal-to-noise ratio, and see the

processed results right away. The suite also includes histogram analysis to measure contrast changes, which allows for an objective comparison of results.

Review of Literature

The problem of image blurring has been studied extensively in the fields of digital image processing and computer vision. Research over the last several
decades highlights that blurring typically results from camera motion, out-of-focus capture, or sensor limitations. Various approaches have been developed

to restore blurred images, ranging from simple inverse filtering methods to more advanced machine learning-based solutions.

Method / Lo .
Description Strengths Limitations
Approach
. Works in the frequency domain using a Point Spread||Effective in restoring structural L. . L
Wiener Sensitive to incorrect blur estimation

Function (PSF) to model blur. Uses inverse filtering||details and sharpness. Provides good

Deconvolution and noise level.

with noise suppression based on Signal-to-Noise Ratio||results for motion blur.



http://www.ijrpr.com/

International Journal of Research Publication and Reviews, Vol (6), Issue (8), August (2025), Page — 5227-5231

5228

Method / L. o
Description Strengths Limitations
Approach
Jsxm. [ [
Simple and effective; improves .
Subtracts a blurred version of the image from the p' v . p' v Dependent on correct kernel size and
. . . . K perceived sharpness while retaining . .
Unsharp Masking ||original and amplifies the difference to increase edge amplification; overuse can cause
. . o natural look. Good for colored
sharpness. Widely used in photography and printing. ||. unnatural results.
images.
. . . . . . . Overuse may introduce noise and
Laplacian Applies the Laplacian operator in the spatial domain to||Enhances edges effectively; useful|| .. .
. L . - . . distort smooth areas. Needs Gaussian
Sharpening emphasize intensity changes and highlight edges. for detecting boundaries. . .
smoothing for stability.
Requires huge datasets, high
Deep  Learning||Recent research uses CNNs and GANs for advanced||Achieves state-of-the-art results, qu . U8 &
. . . . computational resources, and lacks
Approaches image deblurring with large datasets. capable of restoring complex blur. || .
interpretability.
Methodology:
Existing System

Traditional deblurring implementations generally apply a single restoration method without interactivity. Users cannot easily tune parameters or compare

different techniques side-by-side. Furthermore, most implementations lack histogram analysis, which provides insights into intensity distribution

changes and contrast improvements. Existing approaches are often either too simple, offering limited user control, or too advanced, relying on deep

learning models that act as black boxes.

Proposed system

1. The Advanced Image Deblurring Suite addresses these limitations by providing an interactive GUI-based platform where multiple methods can

be applied and compared in real time.

A. System
1.

2
3
4,
5

Architecture

Input Layer — Upload image via file dialog.

Processing Layer — Apply Wiener, Unsharp, or Laplacian methods with adjustable parameters.

Comparison Layer — Display results side-by-side with the original image.

Analysis Layer — Generate histograms to analyze pixel intensity distributions.

Output Layer — Save processed results for further use.

B. Algorithms Used

Wiener Deconvolution: Frequency domain restoration with PSF and noise suppression.

Unsharp Masking: Gaussian blur subtraction with adjustable amplification.

Laplacian

Sharpening: Edge enhancement using Laplacian operator.
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¢. Workflow

Flowchart of Advanced Image Deblurring Suite
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Figl
D. Evaluation Metrics
Visual Sharpness — Degree of edge enhancement.
Contrast Improvement — Measured through histogram spread.

User Feedback — Observational analysis of processed results.

Results

The Advanced Image Deblurring Suite allowed us to test and compare three classic image restoration techniques: Wiener Deconvolution, Unsharp
Masking, and Laplacian Sharpening. We carried out a series of experiments on various sample images that had different levels of blur and noise. The
results indicated that each method has its strengths. The quality of restoration largely depends on the characteristics of the image and adjustments to

parameters.

When we used Wiener Deconvolution on motion-blurred images, it consistently provided better results for structure recovery and edge preservation. Its
ability to utilize the point spread function (PSF) along with the signal-to-noise ratio (SNR) helped restore clarity in severely degraded images. However,

when the blur estimation was off, this method sometimes introduced artifacts and increased noise.

Unsharp Masking produced good results for natural images. By adjusting the kernel size, amount, and threshold, we could enhance sharpness while
maintaining natural tones and smooth transitions. This method worked particularly well for photographs that needed detail improvements without

significant distortions.

Laplacian Sharpening proved effective in situations where detecting edges and enhancing boundaries were important. It made edges more prominent and
well-defined, which is beneficial for medical imaging and document analysis. However, this method tended to amplify noise, especially in low-light or

highly textured images.
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Original Image Wiener Deconvolution

Fig 2

The suite also included histogram analysis for each method. This analysis showed the differences in pixel intensity distribution before and after restoration.
The histogram results confirmed that Wiener filtering improved structural balance, unsharp masking highlighted mid-tone contrast, and Laplacian
sharpening increased high-frequency edge components.
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Fig 3

Conclusions:

The Advanced Image Deblurring Suite provides a practical way to explore and compare three established image restoration methods. By integrating
Wiener Deconvolution, Unsharp Masking, and Laplacian Sharpening into a single interactive interface, the system supports both experimentation and
understanding of classical approaches. Its features, such as parameter tuning, histogram visualization, and comparison views, help users connect

theoretical knowledge with hands-on practice. The study confirms that Wiener filtering is suitable for structural recovery, Unsharp Masking balances
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sharpness with visual quality, and Laplacian sharpening enhances edges effectively but requires careful use due to noise amplification. While the suite

already offers educational and practical benefits, future extensions may include deep learning-based techniques and real-time video processing, making

it more versatile for research and professional use.
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