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ABSTRACT 

Breast cancer is one of the major causes of death among women. 

Microcalcification (MC) deposits could be an early sign of breast cancer. This 

study aims to investigate image contrast enhancement techniques that facilitate 

breast cancer diagnosis in dense breast tissues. A polyvinyl alcohol (PVAL) breast 

phantom, with embedded MCs was produced. Acquired mammogram images 

were analysed using morphological operations and the Gaussian smoothing 

techniques to enhance image contrast. The performances of all the filters were 

measured qualitatively by visual inspection, and quantitatively by evaluating the 

MSE, PSNR, and SNR. All experiments were conducted on MATLAB R2020a 

platform. Qualitative analysis showed that the Gaussian Smoothing filter recorded 

the best performance. Quantitatively, Low values of MSE with high PSNR/SNR 

depict better image quality enhancement. The closing morphological filter 

recorded the least mean value of MSE (32.86 ± 1.30) with the highest PSNR and 

SNR of 32.97 ± 0.20 and 22.91 ± 0.13 respectively. The Gaussian Smoothing filter 

came second with MSE, PSNR and SNR values equals 287.43 ± 10.65, 23.55 ± 

0.17 and 12.83 ± 0.29 respectively. Therefore, the closing morphological filter 

produced a superior result quantitatively. 

 

INTRODUCTION 

Breast cancer is one of the major causes of fatality among 

women. MC deposits are the earliest suspicious signs of 

breast cancer. Breast density is one of the predisposing 

factors for breast cancer, and the risk of breast cancer is 

4-6 times higher in women with dense breast tissue 

(Jalalian et al., 2013). The major challenge for 

radiologists in detecting MCs is due to their small size 

(0.1–1 mm, mean diameter ~ 0.3 mm) and low contrast 

(Vivona et al., 2014) this is associated with the density 

and thickness of the breast. The Breast Imaging 

Reporting and Data System (BIRADS) developed by the 

American College of Radiology (ACR) has classified 

breast density on mammography into 4 categories in 

terms of the amount of fibro glandular and adipose tissue 

present in the breast. Category 1 breast is almost entirely 

fat (< 25% fibro glandular tissue), category 2 contains 

scattered areas of fibro glandular tissue (25 – 50% fibrous 

tissue), category 3 breast is heterogeneously dense (50 - 

75% fibro glandular tissue) and category 4 is extremely 

dense breast containing more than 75% fibro glandular 

tissue (Gweon et al., 2013). BIRADS 3 and 4 categories 

are the likely candidates for breast cancer and at the same 

time pose a challenge in diagnosis. In light of the 

foregoing, this study will focus on the use of a breast 

phantom that mimic BIRADS 3 category breast (Norlaili 

et al., 2021). Mammography have been proven to be a 

powerful and reliable tool in the early detection of breast 

cancer in women who have no symptoms or signs of the 

disease. Although, mammography has significant 

limitations with a sensitivity of 85–90% for breast cancer 

detection (Dromain et al., 2013), this imaging modality is 

still applicable in both routine breast screening and 

symptomatic diagnosis (Hendrick et al., 2010). Low 

contrast is one of the major challenges encountered by 

radiologists when interpreting mammogram images 
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especially for patients with dense breast tissues. This 

results from a small difference between the intensity 

values of a pixel with the neighbouring pixels and could 

lead to false negative diagnosis. The image quality of any 

mammogram is key in the diagnosis of breast cancer. 

Computer aided detection (CAD) necessitates the use of 

the computer to assist radiologists in breast cancer 

diagnosis. The use of CAD have demonstrated that more 

and smaller MCs can be detected, although at the expense 

of a slightly higher recall rate (Bick & Diekmann, 2007). 

CAD systems have greatly improved mammographic 

detection of breast cancer at screening by reducing the 

number of false-negative interpretations (Joseph et al., 

2017; Kshema et al., 2017). Past studies have shown that 

digital image pre and post processing techniques were 

used to enhance mammogram image quality (Akila et al., 

2015; Bandyopadhyay, 2010; Joseph et al., 2017; Lee et 

al., 2019; Ponraj & Jenifer, 2011). This study was carried 

out to assess the improvement in the visibility of MCs on 

mammograms of dense breast tissues by applying the 

morphological (erosion, dilation, opening and closing) 

and Smoothing filters. 

 

MATERIALS AND METHODS 

Phantom and image acquisition 

The American College of Radiology (ACR) has 

classified breast density into 4 categories based on the 

amount of adipose versus fibroglandular tissue present. 

Based on characterization results from our previous study 

(Norlaili et al., 2021), 10 wt % PVAL solid gel with 

physical density of 1.056 ± 0.02 g/cm3 was produced 

through freezing and thawing, to simulate a dense breast 

tissue (BIRADS category C). The MC material of choice 

was developed from a 50/50 blend of Calcium Carbonate 

and Graphite powder, resulting in small elements with a 

mass density of 2.21 g/cm3. Each grouping of MC was 

made up of 6 granules with sizes defined by a range of 

values as shown in Table 1. The phantom was 4.5 cm 

thick; this is synonymous with the average compressed 

breast thickness. Figure 1 shows the fabricated phantom 

and mammogram image of phantom acquired using 

FFDM. The Image was acquired at the radiology 

department, Advanced Medical and Dental Institute 

(AMDI) Universiti Sains Malaysia (USM) on a Siemens 

Mammomat Revelation 1303, Germany at 28 kVp with 

automatic mAs setting.  

 

Table 1: Dimensions associated with the micro calcifications (MCs) 

 

 
Figure 1: (a) Fabricated breast phantom with embedded microcalcification (b) schematic diagram of the breast 

phantom showing dimensions associated with microcalcification and (c) original mammogram image of 

phantom acquired from FFDM 

 

Pre-processing 

Noises are random fluctuations or variations in the 

brightness or colour information on an image which may 

be produced while capturing the image (Joseph et al., 

2017). Digital mammograms are generally difficult to 

interpret as they are mostly characterized by some level 

of noise and low contrast between image background and 

lesions, hence, a preparatory phase is necessary to 

enhance the image quality and make the segmentation 

results more accurate. Pre-processing techniques are 

crucial in order to reduce noise, limit the search for 

abnormalities without undue influence from background 

of the mammogram (Bandyopadhyay, 2010; Ponraj & 

Jenifer, 2011). Two categories of pre-processing filters; 

MC 1 2 3 4 5 

Size (µm) >800 601-800 501-600 401-500 151-400 

 

>800 µm 

601-800 µm 

501-600 µm 

401-500 µm 

151-400 µm 

A B C 
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Morphological operations and Gaussian elimination were 

applied on the acquired mammogram to enhance the 

quality of the image. Considering the various sizes of MC 

employed, 5 equal regions of interests (ROI) were 

selected from the acquired phantom mammogram 

(Figure 1c) before the application of the various filters. 

 

Morphological operations 

Morphological operations such as dilation, erosion, 

opening, and closing can be applied through image 

filtering to grow or shrink image regions, as well as to 

remove or fill-in image region boundary pixels. The 

value of each pixel in the output image is based on a 

comparison of the corresponding pixel in the input image 

with its neighbours (Dubey et al., 2010).  These 

fundamental operators process the input image based on 

the features encoded in the chosen structuring element. 

The morphological operations are applied on the 

grayscale mammography images to segment the 

abnormal regions (Ponraj & Jenifer, 2011). 

 

Erosion and dilation 

Erosion and dilation are the two basic operations in 

Mathematical Morphology (Gonzalez & Woods, 2002; 

Danladi et al., 2025). A combination of these two 

constitute the rest of the morphological operations. 

Erosion removes pixels on object boundaries whereas 

dilation adds pixels to the boundaries of objects in an 

image. The total number of pixels that are removed or 

added to the objects in an image is a function of the size 

and shape of the structuring element employed. Previous 

studies have demonstrated that small-sized disk 

structuring elements are well-suited for detecting and 

enhancing small, approximately circular features in 

medical images, as larger structuring elements may lead 

to over-smoothing and loss of diagnostically relevant 

information (Reljin et al., 2009; Gonzalez & Woods, 

2018). Hence, in this work, we employed the ‘disk’ 

structuring element with radius of 2. The erosion of 𝑓 by 

a non-flat (non-zero) structuring element b(s,t) is given 

by Equation 1. 
[𝑓 ⊖ 𝑏](𝑥, 𝑦) = min

(𝑠,𝑡)∈𝑏
{𝑓(𝑥 + 𝑠, 𝑦 + 𝑡) − 𝑏(𝑠, 𝑡)}  

     (1) 

The dilation of a non-flat structuring element is 

represented by Equation 2 

[𝑓 ⊕ 𝑏](𝑥, 𝑦) = max
(𝑠,𝑡)∈𝑏

 {𝑓(𝑥 − 𝑠, 𝑦 − 𝑡) + 𝑏(𝑠, 𝑡)} 

     (2) 

 

Opening and closing 

Erosion and dilation are combined to form other useful 

operators called opening and closing. Opening operation 

is obtained by doing dilation on eroded Image. This 

operator is used to remove small objects from an image 

and smooth the border of large objects. On the other 

hand, closing operation is achieved by doing erosion on 

a dilated image. closing removes small holes from an 

image. These techniques can also be used to find specific 

shapes in an image. The grey-scale mammographic 

images were separately filtered using open and close 

morphological operations. Equations 3 and 4 represents 

the mathematical expressions for the open and close 

operators, respectively. 

Opening 

𝑓 ◦ 𝑏 = (𝑓 ⊕ 𝑏) ⊖ 𝑏      (3) 

Closing 

𝑓 • 𝑏 = (𝑓 ⊖ 𝑏) ⊕ 𝑏    (4) 

 

Gaussian Smoothing 

The Gaussian smoothing operator is a 2-D convolution 

filter that is commonly used to `blur' an image thereby 

reducing detail and noise. This filter minimizes the low 

and high signals from distortion (Kshema et al., 2017). 

The degree of smoothing is controlled by the standard 

deviation (σ) of the Gaussian kernel, where larger σ 

values result in stronger blurring and smaller σ values 

retain more fine detail (Gonzalez & Woods, 2018). A 

moderate value of σ = 2 was selected in this study to 

achieve an optimal balance between noise suppression 

and edge preservation. The Gaussian elimination 

algorithm was based on the mathematical description in 

Equation 5. 

𝐺(𝑥, 𝑦) =
1

2𝜋𝜎2 𝑒−(𝑥2+𝑦2)/(2𝜎2)    (5) 

Where 𝑥 is the distance from the origin in the horizontal 

axis, y is the distance from the origin in the vertical axis 

and 𝜎 is the standard deviation of the Gaussian 

distribution. 

 

Segmentation by adaptive thresholding 

Image segmentation separates an image into multiple 

sections. The aim of this process is typically to enhance 

location of objects and boundaries. In image 

segmentation, the inputs are usually images while the 

outputs are the attributes extracted from those images. 

The extent to which image segmentation is implemented 

depends on the problem at hand. For the segmentation of 

intensity images like digital mammograms, one of the 

recommended approaches is the use of the thresholding 

technique (Ponraj & Jenifer, 2011). This technique 

assumes that all pixels whose gray level values falls 

within a given range belong to one class. This work 

employed the adaptive thresholding technique in 

separating the mammogram images into MCs and 

background.  

𝑔(𝑥, 𝑦) = {
1 𝑖𝑓 𝑓(𝑥, 𝑦) > 𝑇

0 𝑖𝑓 𝑓(𝑥, 𝑦) ≤ 𝑇
     (6) 

T is the Threshold that separates object from background. 

In adaptive thresholding, the value of T changes over an 

image as T depends on the spatial coordinates (x,y).  

 

https://homepages.inf.ed.ac.uk/rbf/HIPR2/convolve.htm
https://homepages.inf.ed.ac.uk/rbf/HIPR2/convolve.htm
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Proposed Algorithm 

 
Figure 2: Proposed image processing flowchart 

 

Measurement of filter performance 

In the analysis of the performance of the various filters 

used, we calculated image quality metrics (IQM) such as 

the mean square error (MSE), peak signal to noise ratio 

(PSNR) and signal to noise ratio (SNR) for each image, 

these IQM are popular, simple and easy to evaluate (Isa 

et al., 2015; Zhang et al., 2012). MSE constitutes the 

cumulative squared error between the original (input) 

image and the resultant (output) image. Lower values of 

MSE signifies a low degree of error between the input 

and output image. The PSNR and SNR are very useful in 

demonstrating the visibility of an object. PSNR is defined 

as relative to peak dynamic range i.e. 255 for an 8 bit 

image (Isa et al., 2015). This parameter is used to 

quantify the image quality after reconstruction. A higher 

value of PSNR implies a good reconstruction and 

consequently, a higher image quality. The ratio of the 

mean signal power to the mean noise power defines the 

SNR. According to the Rose criterion, an object can be 

perceived and detected if the value of SNR ≥ 5 (Bushberg 

et al, 2011). Equation 7, 8 and 9 are the mathematical 

representations of MSE, PSNR and SNR respectively.  

𝑀𝑆𝐸 =
1

𝑀.𝑁
∑ ∑ [𝐼(𝑚, 𝑛) − 𝐼(𝑚, 𝑛)]

2𝑛=1
𝑛=0

𝑚=1
𝑚=0  (7) 

Where 𝐼 is the original image, 𝐼 is the estimation of the 

original image obtained from a noisy image, M and N are 

the number of rows and columns in the input and output 

images correspondingly. 

𝑃𝑆𝑁𝑅 = 10𝑙𝑜𝑔10
2552

𝑀𝑆𝐸
     (8) 

𝑆𝑁𝑅 =
𝑃𝑠𝑖𝑔𝑛𝑎𝑙

𝑃𝑛𝑜𝑖𝑠𝑒
       (9) 

where P is average power. 

 

RESULTS AND DISCUSSION 

The experiments were conducted on MATLAB R2020a 

platform. Two analyses were applied for image pre-

processing namely the qualitative and quantitative 

analysis. The qualitative analysis is based on visual 

inspection while quantitative analysis is achieved by 

evaluating the MSE, PSNR, and SNR. The results for 

both analyses are presented in Qualitative and 

Quantitative analysis sections. 

 

Qualitative Analysis 

Figure 3 presents grayscale and binary mammogram 

images of ROI 1 - 5 after undergoing image enhancement 

using erosion, dilation, opening, closing and Gaussian 

elimination. The grayscale and binary images of the 

original mammogram is represented by (a), while (b) – 

(f) represents the grayscale and binary images of the 

output after erosion, dilation, opening, closing and 

Gaussian smoothing respectively. By visual perception, 

the mammogram images that underwent morphological 

dilation and Gaussian smoothing depicted better 

enhancement among all the filtered images while erosion 

and closing caused the MCs to become constricted. The 

binary images were visually assessed based on the 

number of visible MCs on each ROI. Even though the 

number of visible MC may be the same for the original 

and enhanced binary images for a particular ROI, the 

MCs are more obvious in the processed binary images. 

Digital Mammogram  

Original Image 

Convert to binary 

Apply Filter 

Binary Image 

Compare binary 

images 

Selection of ROI 

Breast phantom 
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For example, 4 MCs appeared on the binary images of 

both the original and all the processed images of ROI 4 

but the MCs are more obvious in (d) and (f) which were 

processed by opening and Gaussian smoothing filters 

respectively compared to the original binary image. It 

was not possible to distinguish MCs with diameter less 

than 400 µm (ROI 5) in any of the binary images except 

(f). The visual interpretation was supported by 

quantitative measurement; MSE, PSNR and SNR as 

demonstrated in the Quantitative Analysis section for 

each resultant image. 

 

ROI 1 

(a)  

  
(b) 

  
(c) 

  
(d) 

  
(e) 

  
(f) 

  
 

ROI 2 

(a)  

  
(b) 

  
(c) 

  
(d) 

  
(e) 

  
(f) 
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ROI 3 

(a)  

  
(b) 

  
(c) 

  

(d) 

  
(e) 

  
(f) 

  
 

ROI 4 

(a)  

  
(b) 

  
(c) 

  
(d) 

  
(e) 

  
(f) 
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ROI 5 

(a)  

  
(b) 

  
(c) 

  
(d) 

  
(e) 

  
(f) 

  
Figure 3: Grayscale and binary images of ROI 1 - 5 (a) Original (b) Eroded (c) Dilated (d) Opened (e) Closed 

(f) Gaussian Smoothing 

 

Quantitative Analysis 

Figure 4 shows the average MSE values of each tested 

filter namely erosion, dilation, opening, closing and 

Gaussian smoothing. The result revealed that the closing 

morphological operation yielded the least MSE followed 

by the Gaussian Smoothing filter compared to other 

filters. Higher values of MSE imply lower image quality. 

Figures 5 and 6 display the average PSNR and SNR 

values of each tested filter that was used to remove noise 

from the images. In comparing all 5 filters, the closing 

morphological operation and Gaussian Smoothing filter 

performed better compared to the other filters used.  

The results of the analysis of variance (ANOVA) 

conducted across the five ROIs demonstrate an 

exceptionally high level of statistical similarity among 

the evaluated image quality metrics. Specifically, the 

ANOVA yielded P-value of 0.99 (P > 0.05) each for 

MSE, PSNR, and SNR. These values, being extremely 

close to unity, indicate that there are no statistically 

significant differences in the measured metrics for any 

particular image processing technique across the five 

ROIs. This shows that the ANOVA results strongly 

support the reliability and stability of the applied method, 

reinforcing its suitability for applications requiring 

homogeneous image quality across multiple regions of 

interest. 

Overall, the use of Gaussian Smoothing technique 

depicted better image enhancement based on visual 

inspection even though it recorded the second-best result 

for quantitative analysis. The closing morphological 

operation recorded the least MSE and highest PSNR and 

SNR. It is seen that though there is not a single winner, 

Gaussian Smoothing and closing seem to have a superior 

performance compared to other filters used. This research 

revealed that, though the mammogram images visually 

showed better enhanced image, as illustrated in Figure 2, 

the PSNR values do not interpret similar results. For 

example, the image quality in Figure 2 (b); dilation show 

better edge preservation and less blurring compared to 

closing. However, in terms of PSNR and SNR, the 

closing operation yielded much higher values which 

translates to better quality. This is showing that 

qualitative and quantitative evaluation are dependent on 

each other to support the filtering technique. 
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Figure 4: Performance of filter based on MSE 

 

 
Figure 5: Performance of filter based on PSNR 

 

 
Figure 6: Performance of filter based on SNR 

 

CONCLUSION 

This paper assessed the impact of 4 mathematical 

morphological operations and the Gaussian smoothing 

algorithms on the improvement of the visibility of MCs 

on mammogram image. The main stages of image 

processing employed include ROI selection, pre-

processing and segmentation of ROI. Morphological and 

Gaussian smoothing filters were used to enhance the 

image quality and segmentation of ROI was done by 

adaptive thresholding. Qualitative analysis via visual 

inspection identified Gaussian Smoothing as superior, 

while closing morphology performed best quantitatively; 

both outperformed erosion, dilation, and opening.  
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