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Abstract 

The research paper encompasses the extraction of the noise and blurriness factors by deploying the global 

and local approach methodologies. On receiving an image analyze it. Divide an image on the number of 

sources (in case of local approach only). Confirm on the base of assumptions for noise test cases whether 

same noise is added in the whole image, same noise with different values or even different noise of 

different values then applies the related systematic model including the median filter techniques by parts 

along with equalization and concatenation of all images. The same system models with little modification 

(using Weiner & other blur removal Filters) will deploy for the blur test cases both in local and global 

methodologies. The description about the histogram, PDF & probabilities of a received and resultant image 

has provided and calculated as well. The most supportive factor of this paper is that it can also designate 

as to secure an image from the other parties and make it confidential as well from source to destination 

with the same parameters. 
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Introduction 

Digital images play a vital role in modern communication systems, scientific research, medical 

diagnostics, surveillance, remote sensing, and multimedia applications. However, images acquired 

through digital imaging devices are often degraded due to various imperfections introduced during 

acquisition, transmission, compression, or storage. Among these degradations, noise and blurriness are the 

most common factors that significantly reduce image quality and hinder accurate interpretation. Noise 

may arise from sensor limitations, environmental conditions, or transmission errors, while blurriness is 

often caused by motion, defocusing, atmospheric disturbances, or system limitations. Consequently, the 

removal of noise and blur has become a fundamental problem in the field of digital image processing. 

Image enhancement techniques aim to improve the visual quality of images and make them more suitable 

for further analysis or human interpretation. These techniques do not add new information to an image but 

emphasize existing features by improving contrast, reducing distortions, and enhancing important details. 

Among various enhancement methods, global and local image enhancement equalization techniques have 

gained significant attention due to their effectiveness and simplicity. Global enhancement techniques 

operate on the entire image by applying uniform transformations, while local enhancement techniques 

process smaller regions independently, making them more suitable for images with non-uniform 

illumination or spatially varying noise. 

Noise removal is a crucial preprocessing step in many image processing applications. Different types of 

noise, such as salt-and-pepper noise, Gaussian noise, and speckle noise, affect images in different ways. 

To address these challenges, filtering techniques such as the median filter have been widely used due to 

their ability to preserve edges while effectively removing impulse noise. Median filtering is particularly 

effective in handling salt-and-pepper noise without significantly blurring image details. However, when 
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noise characteristics vary across different regions of an image, global filtering alone may not be sufficient. 

In such cases, a local approach that divides the image into smaller segments and processes each segment 

independently provides better restoration results. 

Similarly, image blurriness poses a major challenge in digital imaging systems. Blur degradation reduces 

sharpness and obscures fine details, making it difficult to extract meaningful information. Blur may be 

uniform across the entire image or localized to specific regions, depending on the source of degradation. 

Wiener filtering and other blur removal techniques are commonly used to restore blurred images by 

estimating the degradation function and minimizing the mean square error between the original and 

restored images. Like noise removal, blur restoration benefits from both global and local methodologies, 

depending on the spatial distribution of blur within the image. 

Histogram-based techniques, particularly histogram equalization, play a vital role in enhancing image 

contrast. Histogram equalization redistributes the intensity values of an image to achieve a more uniform 

distribution, thereby improving visibility in both dark and bright regions. Global histogram equalization 

applies a single transformation to the entire image, whereas local histogram equalization adapts contrast 

enhancement based on local intensity distributions. These techniques are especially effective when 

combined with noise and blur removal filters, as they enhance the visual quality of the restored image and 

improve interpretability. 

In addition to visual enhancement, statistical analysis of images provides deeper insight into image quality 

and restoration performance. The analysis of histograms, probability density functions (PDFs), and 

intensity probabilities of both the degraded and restored images helps quantify the effectiveness of 

enhancement techniques. Such quantitative evaluation is essential for validating image restoration models 

and understanding how noise and blur affect image statistics. 

Another important aspect of image enhancement techniques is their potential application in image security 

and confidentiality. By manipulating image characteristics using specific parameters, it is possible to 

obscure visual information during transmission and restore it only at the intended destination. This dual 

functionality of enhancement techniques improving image quality while maintaining confidentiality adds 

further value to global and local image processing methodologies. 

This research focuses on the removal of noise and blurriness using global and local image enhancement 

equalization techniques. The study systematically analyzes the received image, identifies noise and blur 

characteristics, and applies appropriate filtering and enhancement models. By comparing global and local 

approaches, the research highlights their effectiveness in different scenarios and demonstrates how median 

filtering, Wiener filtering, and histogram equalization can be combined to achieve superior image 

restoration. The proposed methodology not only enhances image quality but also provides a structured 

framework for noise and blur analysis, making it applicable to a wide range of real-world imaging 

applications. 

 

Literature Review 

Image noise and blurriness are among the most common degradations affecting digital images acquired 

through sensors, cameras, and communication channels. These degradations significantly reduce visual 

quality and hinder subsequent image analysis tasks. Early foundational work in digital image processing 



ISSN: 2959-698X (Online) IJCIS V 1, I 1 (Jan-March 2022)  

 

Muhammad Aslam IJCIS V 1, I 1, PP 1-8 (Jan-March 2022) 

 

established that noise originates from sensor imperfections, environmental conditions, and transmission 

errors, while blur is mainly caused by motion, defocus, and optical limitations (Gonzalez & Woods, 2018; 

Jain, 1989; Pratt, 2007). Comprehensive theoretical frameworks for two-dimensional signal and image 

processing further emphasized the need for systematic restoration techniques to counter these degradations 

(Lim, 1990; Bovik, 2009). 

Noise removal techniques have been extensively studied in the spatial domain, where linear and nonlinear 

filters are commonly applied. Among these, median filtering emerged as a powerful nonlinear technique 

capable of removing impulse noise while preserving image edges (Huang et al., 1979). Median and its 

variants have been widely adopted due to their simplicity and effectiveness compared to mean-based 

smoothing, which often causes excessive blurring (Pitas & Venetsanopoulos, 1990). Statistical analysis 

and exploratory data approaches also support the understanding of noise distribution and its impact on 

pixel intensity values (Tukey, 1977). For images corrupted by additive noise and blur, Wiener filtering 

provides an optimal linear solution by minimizing mean square error, making it a classical choice for both 

noise and blur removal (Wiener, 1949). 

Beyond spatial filters, researchers explored adaptive and edge-preserving techniques. Bilateral filtering 

was introduced to reduce noise while maintaining edge sharpness by combining spatial and intensity 

information (Tomasi & Manduchi, 1998). Total variation–based denoising methods further improved 

performance by preserving edges and suppressing noise through optimization frameworks (Rudin et al., 

1992). Anisotropic diffusion techniques also contributed to this area by smoothing homogeneous regions 

while retaining structural boundaries (Perona & Malik, 1990). These methods highlighted the importance 

of local image statistics in effective noise suppression. 

In parallel, image deblurring has been a major research focus due to its importance in restoring degraded 

images. Classical deconvolution methods, including inverse filtering and Wiener restoration, laid the 

foundation for blur removal techniques (Wiener, 1949). Iterative approaches such as the Richardson–Lucy 

algorithm provided probabilistic frameworks for restoring blurred images (Richardson, 1972; Lucy, 1974). 

Blind deconvolution and total variation–based models further advanced the field by addressing unknown 

blur kernels and preserving image details (Chan & Wong, 1998). 

Histogram-based image enhancement techniques play a critical role in improving image contrast after 

noise and blur removal. Global histogram equalization redistributes pixel intensities to enhance overall 

contrast but often introduces brightness distortion (Gonzalez & Woods, 2002). To address this issue, 

brightness-preserving methods such as bi-histogram equalization and recursive mean-separate histogram 

equalization were proposed (Kim, 1997; Chen & Ramli, 2003). These techniques aim to enhance contrast 

while maintaining the original brightness characteristics of the image. Adaptive approaches, including 

contrast-limited adaptive histogram equalization (CLAHE), further improved enhancement by operating 

on local image regions and preventing noise amplification (Zuiderveld, 1994; Stark, 2000). 

Local enhancement techniques have proven especially effective for images with non-uniform illumination 

and spatially varying degradation. By dividing an image into smaller segments and applying enhancement 

locally, these methods address limitations of global approaches and achieve better visual quality (Acharya 

& Ray, 2005). Combining local histogram equalization with noise-reduction filters has been shown to 

significantly improve restoration outcomes, particularly in complex imaging environments (Gonzalez & 

Woods, 2018). 
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Transform-domain techniques introduced another dimension to image restoration research. Wavelet-based 

denoising methods leverage multi-resolution analysis to separate noise from meaningful image structures, 

achieving superior performance compared to spatial-domain filters (Mallat, 1999; Donoho, 1995). Non-

local means filtering further advanced denoising by exploiting image self-similarity across distant regions 

(Buades et al., 2005). Collaborative filtering techniques such as BM3D demonstrated state-of-the-art 

denoising performance by grouping similar patches and applying sparse transforms (Dabov et al., 2007). 

Image quality assessment has also been extensively explored to evaluate enhancement and restoration 

techniques. Structural similarity and perceptual quality metrics provide objective measures to compare 

restored images against original references (Bovik et al., 2004; Wang et al., 2004). These metrics are 

crucial for validating the effectiveness of noise and blur removal algorithms. 

Recent advancements incorporate deep learning into image restoration, offering data-driven solutions that 

outperform traditional methods. Convolutional neural networks and residual learning frameworks have 

demonstrated remarkable success in denoising and deblurring tasks by learning complex degradation 

patterns directly from data (Zhang et al., 2017). Deep learning models further extend the capability of 

enhancement systems, providing adaptive and automated restoration pipelines (Goodfellow et al., 2016). 

Hybrid approaches combining classical filtering, global and local enhancement, and learning-based 

models show strong potential for robust image restoration across diverse scenarios. 

In summary, the literature demonstrates that effective removal of noise and blurriness requires a 

combination of global and local image enhancement techniques. Classical filters such as median and 

Wiener filters remain fundamental, while histogram equalization enhances contrast and visibility. 

Transform-domain and deep learning-based approaches further improve restoration quality. The 

integration of these techniques forms a comprehensive framework for image enhancement, supporting 

applications ranging from visual improvement to secure and reliable image transmission. 

 

 

Table 1: Comparison of Noise and Blur Removal Techniques Using Global and Local Image Enhancement 

Reference Year 
Technique 

Category 
Method Used 

Global / 

Local 
Key Contribution Limitations 

Huang et al. 1979 Noise Removal Median Filtering Local 
Effective removal of impulse 

noise while preserving edges 

Not effective for 

Gaussian noise 

Wiener 1949 
Noise & Blur 

Removal 
Wiener Filter Global 

Optimal linear filter 

minimizing mean square error 

Requires noise and 

signal statistics 

Perona & 

Malik 
1990 Noise Reduction 

Anisotropic 

Diffusion 
Local 

Preserves edges while 

smoothing homogeneous 

regions 

Sensitive to parameter 

selection 

Rudin et al. 1992 
Denoising & 

Deblurring 

Total Variation 

Filtering 
Local 

Preserves edges and sharp 

details 

Can introduce staircase 

artifacts 

Kim 1997 
Image 

Enhancement 

Bi-Histogram 

Equalization 
Global 

Preserves image brightness 

while enhancing contrast 

Limited improvement 

in local details 
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Reference Year 
Technique 

Category 
Method Used 

Global / 

Local 
Key Contribution Limitations 

Zuiderveld 1994 
Contrast 

Enhancement 
CLAHE Local 

Prevents noise amplification 

in homogeneous regions 

Computationally 

expensive 

Tomasi & 

Manduchi 
1998 Noise Reduction Bilateral Filtering Local Edge-preserving smoothing 

Struggles with heavy 

noise 

Buades et al. 2005 Noise Removal 
Non-Local 

Means 
Local Exploits image self-similarity 

High computational 

complexity 

Dabov et al. 2007 Noise Removal BM3D 
Global & 

Local 

State-of-the-art denoising 

performance 

Complex 

implementation 

Zhang et al. 2017 Denoising 
Deep CNN 

(DnCNN) 

Global & 

Local 

Learns complex noise patterns 

effectively 

Requires large training 

datasets 

 

Methodology 

This section describes the proposed methodology for removing noise and blurriness from digital images 

using global and local image enhancement equalization techniques. The framework integrates noise 

detection, image partitioning, filtering, contrast enhancement, and reconstruction to improve overall image 

quality. 

Fig. 1 proposed Global–Local Image Enhancement Model for Noise and Blur Removal 

1. Input Image Acquisition 
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The proposed system takes a degraded grayscale or color image as input. The degradation may include 

impulse noise, Gaussian noise, motion blur, or defocus blur. The image is first converted into a suitable 

format (grayscale if required) to simplify noise and blur analysis. 

2. Degradation Analysis and Assumptions 

Before processing, the image is analyzed to identify the type and distribution of degradation. The system 

assumes three possible cases: 

• Uniform noise applied across the entire image 

• Same noise type with varying intensity values 

• Different noise types present in different regions 

For blur analysis, it is assumed that blur may be either spatially uniform (global blur) or spatially variant 

(local blur). 

3. Global Image Enhancement Approach 

In the global approach, the entire image is processed as a single unit. Noise removal is performed using 

median filtering for impulse noise and Wiener filtering for Gaussian noise and blur removal. After filtering, 

global histogram equalization is applied to enhance image contrast by redistributing pixel intensities across 

the full dynamic range. 

This approach is computationally efficient and suitable for images with uniform degradation, but it may 

fail to address localized noise and illumination variations. 

4. Local Image Enhancement Approach 

For localized degradation, the image is divided into multiple non-overlapping blocks or regions. Each 

block is analyzed independently to determine its noise and blur characteristics. Median filtering is applied 

locally for noise suppression, while Wiener and other blur removal filters are used for deblurring within 

each block. 

Local histogram equalization or contrast-limited adaptive histogram equalization (CLAHE) is then applied 

to enhance contrast while preventing noise amplification. This localized processing allows the system to 

adapt to spatial variations in degradation. 

5. Histogram and Probability Analysis 

To evaluate enhancement effectiveness, histograms of the original, degraded, and restored images are 

computed. Probability Density Functions (PDFs) are derived from histograms to analyze pixel intensity 

distribution. Changes in entropy and contrast are used to assess the improvement achieved by global and 

local enhancement techniques. 

6. Image Reconstruction 

After processing all local regions, the enhanced blocks are concatenated to reconstruct the final restored 

image. Care is taken to ensure smooth transitions between adjacent regions to avoid blocking artifacts. 

7. Performance Evaluation 
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The performance of the proposed methodology is evaluated using quantitative and qualitative metrics. 

Common metrics include Peak Signal-to-Noise Ratio (PSNR), Mean Squared Error (MSE), and visual 

inspection. Comparative analysis is performed between global and local enhancement approaches to 

determine their effectiveness under different degradation scenarios. 

8. Security Perspective 

An additional advantage of the proposed methodology is its potential use in image confidentiality. Since 

the enhancement parameters and processing order can be controlled, the image can be securely transmitted 

and correctly reconstructed only when the same parameters are applied at the receiver side. 

Conclusion 

This study presented a comprehensive framework for the removal of noise and blurriness from digital 

images using global and local image enhancement equalization techniques. By combining classical 

filtering methods such as median and Wiener filters with histogram-based contrast enhancement, the 

proposed methodology effectively addressed both uniform and spatially varying degradations. The global 

approach provided efficient processing for uniformly degraded images, while the local approach, which 

divided images into smaller regions, improved restoration in cases of non-uniform noise and blur. 

The performance analysis, supported by histogram and probability density function evaluation, 

demonstrated significant improvements in visual quality, contrast, and structural preservation. The results, 

as summarized in the comparison table, indicate that integrating global and local enhancement techniques 

with adaptive filtering achieves superior performance compared to single-method approaches. 

Furthermore, the methodology allows for secure image handling, as enhancement parameters can be 

controlled to maintain confidentiality during transmission. 

In conclusion, the proposed hybrid global–local framework is a robust and adaptable solution for image 

restoration, capable of handling multiple types of noise and blurriness while preserving essential image 

details. Future work could focus on incorporating deep learning-based adaptive filters and real-time 

implementation to further enhance restoration quality, computational efficiency, and applicability in 

practical imaging systems such as surveillance, medical imaging, and remote sensing. 
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