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ABSTRACT 

Background and objective: Mammography is a common imaging method, utilizing low-dose X-rays to 

detect calcifications and other tissue abnormalities. The aim of this study was to determine the most 

effective techniques for enhancing mammogram images to ensure accurate and reliable breast cancer 

detection. 

Methods: Mammogram images from the MIAS database were enhanced using various techniques to 

improve image quality for more accurate diagnostic identification. The methodology proceeded in two 

steps. First, artificial noise — Gaussian, quantum, salt-and-pepper, Poisson, and speckle — was 

purposefully added to create a controlled testing environment and replicate noisy settings; although 

mammogram images naturally contain some noise, this artificial addition allowed systematic 

evaluation of enhancement and denoising techniques. Second, contrast enhancement (histogram 

equalization and contrast-limited adaptive histogram equalization, CLAHE) and denoising (Gaussian, 

median, and Wiener filters) were applied to restore image clarity while preserving diagnostically 

significant information. Peak signal-to-noise ratio (PSNR) was used to evaluate effectiveness, and       

one-way ANOVA was used to determine the significance of each technique's effect on PSNR values. 

Results: The Gaussian filter achieved the best performance, with PSNR values of 66.79 dB and 46.6 dB 

for salt-and-pepper and Poisson noise, respectively, while CLAHE performed best for Gaussian noise 

(PSNR=50 dB). PSNR values were significantly affected by the enhancement technique used, according 

to ANOVA (F=1.08×10⁴, p <0.001). 

Conclusion: The Gaussian filter successfully lowers noise and greatly improves image contrast, making 

these techniques useful for the precise and early identification of breast cancer in mammograms. 
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Introduction 

Breast cancer is the most frequently diagnosed 

cancer globally, and its prevalence has increased 

over the past few decades (1). Lowering the 

mortality rate associated with breast cancer 

depends on early detection and treatment (2). X-ray 

mammography remains the most common method 

for screening breast cancer, but its sensitivity             

and specificity are noticeably limited (3). Recent 

developments in image processing have increased 

the possibility of personalizing mammogram 

analysis for each patient, providing more accurate 

information for risk assessment, early prognosis, 

and treatment decisions (4, 5). Mammogram 

images frequently contain various kinds of noise, 

which can deteriorate image quality and make                   

it more difficult to diagnose breast lesions             

precisely (6). Noise is added to mammogram images 

during the capture, transmission, and storage 

phases (7). Currently, one of the healthcare 

industry's fastest-growing subfields is medical 

image processing (8). Enhanced mammogram 

imaging improves the visibility of critical anatomical 

details, leading to more accurate diagnosis and 

improved patient         care (9). Despite the fact that 

many denoising and enhancement methods have 

been used on mammograms, it is still unclear which 

techniques work best for various kinds of noise 

while maintaining qualities that are important for 

diagnosis. Most existing work either concentrates 

on a single filtering technique or assesses 

performance in situations with little noise, which 

limits how generally the findings can be applied. The 

current work aims to fill this gap by examining and 

carefully assessing several enhancement 

techniques under various noise conditions, in order 

to identify the best techniques for enhancing 

mammography image quality and provide accurate 

and reliable breast cancer detection. 

Literature Review 

Several studies have examined image processing for 

enhancing breast cancer detection. One approach 

implemented morphological operations, PCA-based 

grayscale conversion, region-growing for pectoral 

muscle removal, and Gaussian Laplacian and 

anisotropic diffusion filters for contrast refining; 

this multi-step procedure increased PSNR in the         

BI-RADS-1 category from 28.13 dB to 32.48 dB, 

producing noticeable improvements in contrast  

and EME (10, 11). Another study improved 

mammography images for breast cancer detection 

using a denoising technique based on a modified 

statistical filter. After detecting impulsive noise with 

the Modified Robust Outlyingness Ratio (mROR), an 

extended non-local means (NL-means) filter was 

used to maintain image details; this two-stage 

enhancement improved image clarity more than 

filters such as median and adaptive filters, with 

PSNR values as high as 41.91 dB (12). Another study 

used two databases — a private database and the 

MIAS database. In the pre-processing stage, images 

were first classified, then the pectoral muscle was 

removed, and finally the image was enhanced with 

a novel segmentation technique applied to identify 

abnormal areas for breast cancer detection.           

The best PSNR for the private database was 30.18 

dB, while the proposed method gave a peak signal-

to-noise improvement of 3 dB for the MIAS 

database (13). Another pre-processing approach 

used filtering to improve image quality, testing 

various combinations of median filter, CLAHE, and 

unsharp masking. The CLAHE algorithm was tested 

separately, followed by combinations including 

CLAHE & unsharp masking, median filter & unsharp 

masking, median filter & CLAHE, and median filter & 

CLAHE & unsharp masking, with every combination 

applied to each image (14). Another study proposed 

MIFS, an enhancement technique based on 

intuitionistic fuzzy sets that enhances contrast            
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and draws attention to abnormalities through 

fuzzification, hyperbolization, and image fusion; 

MIFS performed better at enhancing fine                 

details than conventional techniques, although it 

demanded faster processing (15). Another 

investigation used two main stages: a preprocessing 

step involving noise removal with Gaussian, 

median, and Wiener filters followed by contrast 

enhancement, and a second stage using deep 

learning; results showed that the median filter 

provided the best results (16). 

METHODS 

Database 

The mammogram images used in this investigation 

were taken from the Mammographic Image 

Analysis Society (MIAS) database, created by British 

research teams to support the study of 

mammography images such as those from the UK 

National Breast Screening Programme. The MIAS 

database contains 322 digital images from 161 

pairs, of which 209 were normal and 113 abnormal. 

Every image in the database was 1024×1024 after 

being resized to a 200-micron pixel edge and 

padded (17). Processing was implemented in 

MATLAB R2024a. (Figure 1) 

 

 

 

 

 

Figure 1. Comprehensive framework illustrating image enhancement methods 
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Resizing Image 

The initial step of the preprocessing procedure 

involved reducing the image's size to a uniform 

256×256 using logical filtering. Resizing is 

particularly vital in medical imaging, where it is 

essential to maintain image detail and clarity while 

adjusting for analysis or presentation needs. 

Additive Noise 

Noise refers to random changes in an image's color 

information or brightness that can occur during 

image capture. Multiple projection image 

acquisition results in higher detector noise, which 

can considerably decrease image quality and make 

it more challenging to see minute abnormalities, 

especially microcalcifications, which are crucial for 

early breast cancer diagnosis (18). Since no dataset 

including the noise types produced by radiation 

dose or physical device setup during mammogram 

procedures was available, artificial noise was added 

to the original mammogram images instead, using 

various techniques: Gaussian noise with zero         

mean (μ) and variance (σ²) of 0.01; Poisson noise 

using λ=11 with an intensity scaling factor of 0.2; 

salt-and-pepper noise simulated at a density of 

0.25; speckle noise with a variance of 0.01; and 

quantum noise with an intensity of 0.05. These 

noise types together offer a thorough experimental 

setting for precisely assessing how well image 

purification algorithms work and for contrasting 

how well various models handle each kind of noise, 

while improving the model's generalization to real-

world images that might combine one or more of 

these noise categories. (Figure 2)

 

 

 

Figure 2. The original image artificially degraded by the addition of quantum noise 
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Enhancement Techniques 

Enhancement techniques were implemented on the 

mammogram images in two steps. The first step 

applied contrast enhancement to emphasize small 

tissue changes and improve the visibility of 

structural details, using two well-established 

methods: histogram equalization, which increases 

overall image contrast by redistributing pixel 

intensity levels, and CLAHE, which prevents noise 

from becoming over-amplified while enhancing 

local contrast. Starting with contrast enhancement 

ensured that further processing stages worked on 

images where important diagnostic characteristics 

could be more easily identified. In the second step, 

noise reduction techniques were used to further 

enhance image quality and eliminate undesired 

artifacts, using three filters: the Gaussian filter, 

which averages nearby pixels to smooth the effects 

of intensity changes; the median filter, which works 

exceptionally well at eliminating impulsive noise 

while maintaining edges; and the Wiener filter, 

which minimizes the mean square error between 

the original and restored image by adjusting to local 

image statistics. This set of filters was selected to 

guarantee that mammography images were 

denoised without sacrificing information crucial for 

diagnosis. 

Performance Evaluation 

The peak signal-to-noise ratio (PSNR) (19) was used 

as a quality index between restored (filtered) and 

deformed (noisy) images, measuring peak error 

based on mean squared error (MSE) values, using 

the formula PSNR = 10 log₁₀(R²/MSE), where R 

represents the input image's ideal variation (255 for 

8 bits) and MSE is the mean squared error. 

Statistical Analysis 

To evaluate the quality of image reconstruction, 

PSNR values were calculated for each approach.          

A one-way analysis of variance (ANOVA) was used 

to determine whether mean PSNR values from the 

various approaches differed significantly. ANOVA 

was selected because it reduces the possibility of 

Type I error while enabling simultaneous 

comparison of multiple groups. Results with p <0.05 

were considered statistically significant, using a 

significance threshold of α=0.05. When ANOVA 

revealed a significant difference, post-hoc pairwise 

comparisons were used to determine which 

approaches varied in terms of PSNR (20). 

RESULTS 

As described in the methodology, a variety of noise 

types were added to the MIAS database to study 

their impact on image quality and analyze the 

model's ability to handle noisy data. An abnormal 

image was chosen from the database, and a set of 

filters commonly used in medical image processing 

was then applied to reduce noise and improve 

image quality.  

In Figures 3, 4, and 5, the image mdb010.pgm — an 

abnormal image in the MIAS dataset — is taken as 

the input image, to which Gaussian, quantum, and 

speckle noise were applied and then removed using 

different enhancement techniques. Performance 

indicators for each enhancement technique, as 

implemented in MATLAB, are presented in              

Tables 1–4, including PSNR. 

Table 1 and Figure 6 show the performance of 

enhancement techniques. ANOVA confirmed that 

the enhancement technique had a significant effect 

on PSNR values (F=1.08×10⁴, p <0.001), showing 

that the primary factor affecting image quality is the 

image processing technique used. The median filter 

performed best, giving the highest PSNR (36.79±2 

dB) with the most substantial noise reduction;           

the Gaussian filter was second (35.05±1.55 dB), 

demonstrating moderate improvement.  
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The Wiener filter (28.04±0.58 dB) and CLAHE 

(22.47±1.5 dB) were weaker, while histogram 

equalization performed worst (9±2.18 dB). The 

median filter consistently outperformed histogram 

equalization by more than 25 dB, indicating                      

a significant improvement in noise reduction.                  

A higher PSNR suggests less noise and more 

identifiable detail in the image; in mammography, 

this directly enhances the visibility of 

microcalcifications or small lesions, which are 

essential for early cancer identification. 

 

 

Figure 3. Illustration of Gaussian noise removal in mammogram images using histogram equalization, 

CLAHE, Gaussian, median, and Wiener filters 

 

 

Figure 4. Illustration of quantum noise removal in mammogram images using histogram equalization, 

CLAHE, Gaussian, median, and Wiener filters 
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Figure 5. Illustration of speckle noise removal in mammogram images using histogram equalization, 

CLAHE, Gaussian, median, and Wiener filters 

  

Table 1. Average PSNR (dB) between normal and enhanced images 

Technique Gaussian Poisson Quantum S&P Speckle 

Histogram Eq. 9 4.1 6.75 6.15 7.31 

CLAHE [8×8] 21.5 21.5 22.47 9.57 21.29 

Gaussian filter 29 19.71 35.05 9.81 22.52 

Median filter 33 19.82 34.39 36.79 22.54 

Wiener filter 28 19.8 28.04 16.72 22.16 

 

 

Figure 6. Performance measurement of PSNR, normal vs. enhanced images
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Table 2 and Figure 7 present the comparison of 

PSNR values between noisy and enhanced images. 

ANOVA confirmed that enhancement techniques 

differed significantly in performance across all 

conditions (p <0.001). For salt-and-pepper noise, 

the Gaussian filter consistently yielded the best 

results, achieving the highest PSNR (66.75±0.24 dB) 

with the lowest standard deviation; under Poisson 

noise, the Gaussian filter also produced favorable 

results (46.6±1.46 dB). CLAHE (50±0.58 dB) also 

produced strong results, often ranking just below 

Gaussian filtering. The Wiener filter (35.89±3.47 dB) 

provided stable and competitive performance, 

while histogram equalization (10±2.67 dB) regularly 

performed worst. Performance improvements 

ranged between 24.5 and 58.7 dB, well above the 

threshold usually regarded as clinically meaningful 

in mammography, demonstrating the effectiveness 

of the enhancement techniques used; these 

improvements should result in more accurate 

identification of small lesions, better visibility of 

microcalcifications, and crisper structural detail.

 

Table 2. Average PSNR (dB) between noisy and enhanced images 

Technique Gaussian Poisson Quantum S&P Speckle 

Histogram Eq. 10 4.66 6.85 8.05 6.65 

CLAHE [8×8] 50 27 31.38 21.15 26.13 

Gaussian filter 23 46.6 24.37 66.75 30.32 

Median filter 22 31.3 24.04 9.8 28.36 

Wiener filter 24 38 31.11 12.16 35.98 

 

 

Figure 7. Performance measurement of PSNR, noisy vs. enhanced images 
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Table 3 and Figure 8 display PSNR values for the 

comparison between abnormal and enhanced 

images. ANOVA showed that the enhancement 

technique significantly influenced PSNR values 

(F=9521.9, p <0.001). The median filter was the 

most successful enhancement method, consistently 

producing the highest PSNR (36.67±3.12 dB) with 

the lowest standard deviation; its performance 

under quantum and Gaussian-type noise was more 

middling (34.07±1.5 dB, 32.5±0.37 dB), while 

histogram equalization had the worst overall 

performance (9.2±1.03 dB). The differences of 23–

27.47 dB translate into less background noise and 

more distinct lesion edges, making low-contrast 

structures easier to spot and subtle architectural 

distortion and microcalcification visibility easier to 

identify; as reader confidence rises, noise-related 

recalls could drop.

 

Table 3. Average PSNR (dB) between abnormal and enhanced images 

Technique Gaussian Poisson Quantum S&P Speckle 

Histogram Eq. — 9.2 5.87 7.22 6.63 

CLAHE [8×8] — 21.5 20.34 22.13 9.6 

Gaussian filter — 29 18.95 34.79 9.86 

Median filter — 32.5 19 34.07 36.67 

Wiener filter — 28 19 27.92 16.79 

Table reproduced as supplied; the Gaussian-noise column for this table was not populated in the original 

manuscript. 

 

 

Figure 8. Performance measurement of PSNR, abnormal vs. enhanced images
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Table 4 and Figure 9 display PSNR values between 

noisy and enhanced images for various noise types. 

ANOVA results confirmed that PSNR was 

significantly affected by the enhancement 

technique for all noise levels (p <0.001), suggesting 

that image quality is determined by the image 

processing technique rather than by chance 

variance between cases. The Gaussian filter yielded 

the highest PSNR (66.79±1.11 dB); CLAHE and the 

Gaussian filter under Poisson noise performed 

moderately (50±0.91 dB, 46.26±1.32 dB), but still 

substantially lower than the best result, while 

histogram equalization performed weakest 

(10±1.67 dB). Significant increases in PSNR lead to 

smoother, lower-noise mammograms that make 

delicate diagnostic characteristics like tiny lesions 

and microcalcifications easier to see; diagnostic 

variability is reduced, since even small but 

meaningful improvements guarantee consistent 

improvement across patients.

 

Table 4. Average PSNR (dB) between noisy and enhanced images (repeat analysis) 

Technique Gaussian Poisson Quantum S&P Speckle 

Histogram Eq. 10 5 7.35 8.45 7 

CLAHE [8×8] 50 26.89 31.02 20.9 25.84 

Gaussian filter 23 46.27 24.03 66.79 30.02 

Median filter 22 30.87 23.68 9.85 28.06 

Wiener filter 24.2 37.25 30.42 12.19 35.28 

Note: this table and Table 2 share the same title and describe the same comparison (noisy vs. enhanced images) 

with closely similar but not identical values (e.g., Gaussian filter/salt-and-pepper: 66.75 dB in Table 2 vs. 66.79 

dB here). The Abstract's reported values (66.79 dB, 46.6 dB, 50 dB) match this table exactly. This may indicate 

Table 2 is an earlier or duplicate run of the same analysis; we recommend confirming with the authors which table 

reflects the final dataset before publication, and removing the other if it is indeed a duplicate. 

 

 

Figure 9. Performance measurement of PSNR, abnormal vs. enhanced images
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DISCUSSION 

According to the study's findings, the Gaussian filter 

produced the highest PSNR values under salt-and-

pepper noise, because the Gaussian kernel's 

smoothing effect lessens intensity fluctuations. 

While salt-and-pepper noise tends to be impulsive, 

the Gaussian filter's weighted averaging preserves 

the mammogram's overall structural continuity 

while suppressing severe pixel changes. These 

qualities are especially critical in mammography 

imaging, where the ability to clearly see minute 

structures like microcalcifications and faint mass 

borders is essential for accurate diagnosis. 

A number of limitations should be recognized 

despite these encouraging results. Because the 

dataset was small, the reliability of the findings may 

have been affected. The evaluation was based on 

mammograms artificially degraded with simulated 

noise; although this approach offers a controlled 

testing environment and enables consistent filter 

comparison, it does not fully capture the intricate 

details of actual acquisition noise that arises in 

clinical settings, where factors such as differences in 

patient posture, electronic interference, and 

detector sensitivity produce more diverse noise 

patterns than the artificial models used here. 

Caution should therefore be taken when 

extrapolating these findings to clinical settings, and 

future research should test these findings on real-

world mammograms and larger, more diverse 

datasets to ensure greater relevance and 

generalizability across imaging conditions. 

The knowledge gained here can help build more 

sophisticated preprocessing techniques in addition 

to improving experimental settings. Gaussian 

filtering and other classical enhancement 

techniques can serve as an initial step to enhance 

the quality of data supplied to deep learning 

pipelines, thereby reducing errors caused by noise 

during model training; filter performance insights 

might also guide how noise-reduction techniques 

are integrated into deep learning models, making it 

possible for systems to adjust to various kinds of 

noise dynamically. Future research ought to include 

runtime and computational cost as well, to ensure 

that techniques are both accurate and workable for 

widespread diagnostic use. 

Figure 10 shows better noise-reduction results 

compared with the other enhancement methods 

examined. In this study, various kinds of noise — 

Gaussian, Poisson, speckle, and salt-and-pepper — 

were denoised by several types of filters, 

demonstrating the effectiveness of different 

denoising methods on images distorted by various 

noise types. In a related study, salt-and-pepper 

noise of density 0.5 was applied to three distinct 

kinds of mammography images in the mini-MIAS 

database; this noise was eliminated using a 

Gaussian filter, which was shown to be successful in 

lowering noise without appreciably compromising 

image detail (21). 

In another investigation, three kinds of noise were 

added to reduce noise in mammography images of 

microcalcification breast phantoms of different 

densities using mean, median, and Gaussian filters; 

the findings showed that, compared with the mean 

and median filters, the Gaussian filter performed 

best when denoising images with all three types of 

added noise (22) (Table 5). 

Compared with the current study's results,                           

a noticeable difference in PSNR level was found. 

These differences are attributable to several 

factors: (1) differences in databases used, the 

nature of the experimental data, and the number of 

samples; (2) differences in filter settings and 

evaluation criteria; and (3) differences in the level 

of added noise intensity and Gaussian sigma.                

These factors highlight the importance of 
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considering such elements when comparing 

findings across different investigations (Table 6).
 

Table 5. PSNR results of filters applied to mini-MIAS mammogram images for salt-and-pepper noise 

removal 

Filter mdb001lm mdb110rl mdb322rm 

Wiener [3×3] 30.6853 30.0827 28.3819 

Median [3×3] 38.4963 38.245 37.3703 

Adaptive median [15×15] 47.8133 47.864 47.2503 

Gaussian (σ=0.06) 32.1619 31.9525 31.0426 

Mean [3×3] 30.6419 30.0141 29.2954 

 

Table 6. Average PSNR values for different preprocessing filters (comparison study) 

Image Gaussian filter S&P Gaussian Speckle 

PVAL/E 31.67 30.24 30.41 

PVAL 31.53 30.24 30.17 

PVAL/G 32.7 31.08 31.69 

PVAL/H 34.16 31.9 34.2 

  

 

Figure 10. PSNR radar comparison across enhancement techniques for salt-and-pepper noise
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CONCLUSION 

The results clearly indicate that the best approach 

for denoising mammogram images is using 

Gaussian and median filters, which have the best 

performance and can significantly improve image 

quality — important for accurate diagnosis and 

further processing tasks. CLAHE was also effective 

for enhancing contrast, particularly in images          

with low-intensity noise; however, Wiener filters 

and histogram equalization demonstrated only a 

moderate level of efficacy. These results imply that 

Gaussian and median filters are more dependable 

options for improving noisy mammograms, and can 

significantly aid in improved visual evaluation and 

early detection of abnormalities. 
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