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ABSTRACT :

Image denoising remains a significant challenge in image processing, especially when noise reduces image quality and obscures important details. Traditional
denoising methods often rely on smoothing techniques, which can blur edges and remove essential image features. To address these limitations, this project presents
an image denoising system based on partial differential equations (PDEs) and anisotropic diffusion. The system processes noisy grayscale and RGB images, applies
Gaussian, salt-and-pepper, and speckle noise models, and performs edge-preserving denoising to reduce noise while maintaining important image structures and

improving overall image quality.

The implementation integrates image preprocessing and anisotropic diffusion techniques to denoise images while preserving important edges and structural details.
By combining partial differential equations with edge-preserving diffusion, the system reduces noise without significantly blurring essential image features. The
results demonstrate that the system can effectively improve image quality, reduce noise levels, and maintain important visual information, making it a practical

solution for image restoration and enhancement applications.
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INTRODUCTION

Image denoising has become increasingly important in image processing as digital images are widely used in medical imaging, photography,
surveillance, and computer vision applications. Images are often affected by different types of noise during acquisition, transmission, or storage,
which can reduce image quality and obscure important details. Traditional denoising methods may smooth images excessively, resulting in
blurred edges and loss of fine structural information. These limitations highlight the need for an effective denoising technique that can reduce
noise while preserving essential image features.

Recent advancements in image processing, particularly in partial differential equations (PDEs) and anisotropic diffusion, have enabled effective
techniques for reducing image noise while preserving important structural details. These methods can smooth noisy regions, maintain sharp edges, and
retain essential image features. Leveraging these capabilities, this project proposes an image denoising system that processes noisy images and reduces
Gaussian, salt-and-pepper, and speckle noise while preserving significant visual information.

The system integrates image preprocessing techniques with an anisotropic diffusion algorithm implemented using Python. It processes grayscale and
RGB images, applies different noise models, and evaluates denoising performance using metrics such as Mean Squared Error (MSE) and Peak Signal-
to-Noise Ratio (PSNR). By reducing noise and preserving image structures, the proposed system improves image quality and supports reliable image
analysis. Additionally, the framework can be extended to accommodate different image datasets and advanced denoising techniques.

1. System Architecture

The architecture of the proposed PDE-Based Image Denoising Using Anisotropic Diffusion integrates image input, preprocessing, noise generation,
and denoising modules into a unified workflow. The system is designed to ensure efficient image processing, effective noise reduction, and improved
image quality while preserving important edges and structural details.

1.1 Image Input and Preprocessing Module
This module loads the input images from the dataset and prepares them for further processing. It handles grayscale and RGB images, resizes them to
a standard dimension, and organizes the processed images into appropriate folders for efficient access during denoising.
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The module ensures consistent image dimensions and proper data organization, enabling smooth processing and effective integration with the noise
generation and anisotropic diffusion modules without affecting the original images

1.2 Image Preprocessing and Noise Generation Module

After preprocessing the input images, this module generates noisy images for further analysis. It handles different noise types, including Gaussian,
salt-and-pepper, and speckle noise. The system applies the selected noise models, preserves the original images, and organizes noisy outputs into separate
folders for systematic processing.

This module also ensures proper handling of image data and manages communication between preprocessing and denoising stages. By standardizing
noisy inputs, it improves the consistency and effectiveness of subsequent denoising operations.

1.3 Anisotropic Diffusion Module

This module serves as the core processing unit of the system. It utilizes partial differential equations (PDEs) and anisotropic diffusion techniques to
process noisy images. The diffusion algorithm reduces noise, preserves important edges, and maintains structural details while improving overall image
quality.

The implementation uses Python and numerical computation techniques to perform iterative diffusion and update pixel intensities. The module ensures
effective noise reduction while maintaining image clarity and producing improved denoised outputs for further evaluation.

1.4 Image Quality Evaluation Module

The Image Quality Evaluation Module interprets the outputs generated by the denoising process and evaluates improvements in image quality, noise
reduction, and structural preservation.

It calculates performance metrics such as Mean Squared Error (MSE) and Peak Signal-to-Noise Ratio (PSNR) to measure denoising effectiveness. It
compares noisy and denoised images and generates evaluation results for analysis. This module plays a crucial role in assessing denoising performance
and identifying suitable parameters for improving image quality.

1.5 Result Visualization and Comparison Module

The denoising results generated by the system are converted into visual comparisons in this module. Processed images, including original, noisy,
and denoised outputs, are displayed clearly for visual inspection and quality assessment.

Side-by-side image comparisons and graphical representations are used to clearly demonstrate noise reduction and edge preservation. The module also
presents evaluation metrics and performance graphs through result files or visualization interfaces within the application.

By presenting results in a clear and user-friendly format, this module helps users easily understand denoising performance and compare image quality,
improving overall evaluation efficiency.

Literature review

Recent studies highlight the growing need for effective techniques to improve image quality and remove unwanted noise. Traditional image denoising
methods often rely on smoothing filters, which can blur edges and remove important details. Research shows that edge-preserving denoising techniques
can significantly improve image quality and maintain structural information.

Perona and Malik introduced anisotropic diffusion, a PDE-based technique that reduces noise while preserving important image boundaries. This method
has demonstrated useful capabilities in image smoothing and edge preservation. Additionally, techniques such as Gaussian filtering and median filtering
help reduce noise, but they may produce blurred edges or lose fine image details.

However, many existing methods struggle to balance noise reduction and edge preservation, particularly when handling different noise types. The
proposed system addresses these limitations by applying anisotropic diffusion to noisy grayscale and RGB images, evaluating performance using MSE
and PSNR, and improving image quality while maintaining essential structural details.

METHODOLOGY

The development of the PDE-Based Image Denoising Using Anisotropic Diffusion followed a structured methodology to ensure effective noise
reduction, edge preservation, and improved image quality.
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1. Requirement Analysis
Functional requirements were identified to support image denoising, including:
e Loading and preprocessing grayscale and RGB images.
e Generation of Gaussian, salt-and-pepper, and speckle noise.
e Application of anisotropic diffusion for noise reduction.
o Preservation of important edges and image structures.
o Evaluation of denoising performance using MSE and PSNR metrics.
® Visualization and comparison of original, noisy, and denoised images.

2. System Design

The system was modularized into separate components to enhance maintainability and efficiency:

e Image Input Module — Loads original grayscale and RGB images.

® Preprocessing Module — Resizes and prepares images for processing.

® Noise Generation Module — Adds different types of noise to images.

e Anisotropic Diffusion Module — Reduces noise while preserving edges.

e Evaluation Module — Measures denoising performance using MSE and PSNR.

® Visualization Module — Displays and compares original, noisy, and denoised images.

3.Technology Stack
e Python — Core programming language for image processing

® OpenCV — Library for image loading and preprocessing.
® NumPy — Numerical computations for image processing.
e PDE-Based Anisotropic Diffusion — Noise reduction and edge preservation..

e Matplotlib — Visualization of image results and performance graphs.

4. Integration and Testing
Modules were integrated and tested to ensure proper functionality:
o Diffusion Module Testing — Verified effective noise reduction and edge preservation.
® Preprocessing Tests — Ensured correct image resizing and formatting.
o Visualization Tests — Confirmed proper display and comparison of denoised images.

o Evaluation Tests — Checked calculation and storage of image quality metrics.

5. Result Analysis
METRICS :
o MSE — Measures the average squared difference between images.
e PSNR — Evaluates image quality after noise reduction.

® Noise Reduction — Measures the effectiveness of denoising.
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6. Conclusion and Future work

The proposed system improves image quality by providing effective noise reduction, edge preservation, and quantitative performance evaluation. It
reduces unwanted noise while maintaining important image details, improving overall image clarity through anisotropic diffusion.

Future enhancements include:

o Support for additional image datasets and noise types

e Optimization of diffusion parameters for better performance

e Advanced denoising techniques for improved image restoration
o Integration with medical and satellite image processing

® Real-time image denoising and application development

CONTENT

An efficient PDE-based image denoising system is proposed that processes noisy images using anisotropic diffusion and reduces noise while preserving
important edges and structural details. The system reduces image noise, improves visual quality, and provides measurable results through image

comparisons and evaluation metrics.

Focus Scope
Image Preprocessing Image Loading and Resizing
Noise Generation Adding Different Noise Types
Anisotropic Diffusion Noise Reduction & Edge Preservation
Image Quality Evaluation Reporting & Visualization
Result Visualization Comparing Original and Denoised Images

Tablel:Focus and Scope of the Project
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