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Abstract—Accurate breast boundary estimation and segmentation 

of breast tissue region from the background of the mammogram 

image is an important pre-processing task in computer-aided 

diagnosis of breast cancer. This paper presents an automated 

system to estimate skin-line and breast segmentation. The 

proposed method is based on automatic seed region selection, 

modified fast marching algorithm to propagate the seed region 

and automatic boundary point selection with intensity gradient 

information to initial boundary estimation and morphological 

operators to final boundary estimation and breast tissue region 

segmentation. Performance of the proposed method was tested by 

using 136 mammogram images with all types of breast tissues 

taken from mini-MIAS database. The results obtained from the 

experimental evaluation indicate that the sensitivity of this 

algorithm is 99.2% of the ground truth breast region and accuracy 

of the segmentation is 99.0%. By analyzing the results we can 

conclude that this system is capable of estimate the breast 

boundary and segment the breast area from background for all 

three types of breast tissues with high accuracy level. 

 

Keywords— Breast Cancer, Mathematical Morphology, Modified 

Fast Marching Algorithm 

I. INTRODUCTION 

According to the statistics about cancer, breast cancer is the 

most frequent cancer in women worldwide, with nearly 1.67 

million new cases diagnosed in 2012 [1]. It is the second 

leading cancer type in the world and represents 12% of all 

new cancer cases and 25% of all cancers in women [1]. Early 

detection of breast cancer increases the prognosis and hence 

increases the rate of survivals. Mammography is still the 

widely used breast screening tool for detecting breast 

cancers. Retrospective studies have shown that the estimated 

sensitivity of radiologists in breast cancer screening is only 

about 75% [2]. Therefore many computer vision techniques 

have been proposed to increase the accuracy of detecting 

breast cancers. These techniques are divided in to three 

phases as Pre-processing, Computer Aided Detection or 

Diagnosis (CAD) and post-processing. 

In the pre-processing stage, a given mammographic image 

is mainly categorized in to three important regions such as 

breast tissue area, pectoral muscle area and background area 

including markers.  
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Accurate breast skin line segmentation is a very important 

step in enhancing and analyzing of mammograms for 

computer aided detection of breast cancer. Breast tissue in the 

breast skin line area is less dense compared to the other 

adjacent tissues. Because of this reason skin line area in 

mammogram is very low in grey level contrast [3]. Hence, if 

the skin line is not detected accurately there is a chance that 

lesions attached to the skin line are overlooked. 

The proposed method mainly consists with four steps 

Pre-processing, Segmentation, Skin-line estimation and Post 

processing. In pre processing step, first noise in the 

mammogram was removed. Attribute morphological 

operators were used to remove external articles such as 

identification labels, markers and wedges and to improve the 

area homogeneity. In the segmentation stage, the seed region 

was selected automatically by using thresholding and 

morphological operators. Then the selected seed region was 

propagated until the skin-line is reached by using modified 

fast marching algorithm, and an endpoint was selected 

automatically to stop the region growing. Finally, at the 

post-processing stage, morphological processing was used to 

remove false pixels from the skin-line and obtained a 

smoothed estimate. 

II. METHODOLOGY 

A. Pre-processing 

External artifacts near the breast boundary directly caused to 

reduce the accuracy of breast skin-line estimation and 

segmentation results [3]. To increase the accuracy of final 

estimates, these artifacts must be removed. First, Gaussian 

smoothing was used to remove the noise. Then the attribute 

morphological based article suppression algorithm to remove 

those external articles from the background [4]. Attribute 

morphological operators, such as area-opening operator can 

be used to remove such artifacts less than a certain size. 

Alternating Sequential Filter (ASF) (area closing followed by 

area opening) was used finally to improve the homogeneity 

among neighboring regions [5]. Attribute morphology 

doesn’t need a pre-defined structuring element as in standard 

morphological operators. Morphological filters using 

standard structuring elements always do not guarantee that it 

will reconstruct the original structure to be preserved, as it is. 

Attribute morphology will be a good solution for problems 

that we need to remove unwanted articles on an image 

without damaging the shape of the original object.  

B. Automated seed region 

selection 

To automatically select a seed 

region inside the breast tissue 
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region, first a threshold was applied [6] and then, different 

morphological operators such as area opening, dilation, 

erosion were used to smooth the boundary of thresholded 

breast region (seed contour). The estimated boundary contour 

was compared with 138 relevant mask images which were 

validated by medical experts and the seed region was 

completely inside the actual boundary. Hence the detected 

region was used as the seed region for the proposed method. 

C. Determining breast orientation and automated end 

point selection 

Intensity profile along a mammogram (fig. 1) is an important 

characteristic used for estimating an end point on the 

skin-line. However the intensity profile itself does not 

provide sufficient information to extract the boundary point. 

Therefore the intensity gradient profile will be used which 

provides useful information to extract the boundary position 

and breast orientation. Fig. 1 shows the intensity profile along 

the selected line on a mammogram and Fig. 2 shows the 

intensity gradient profile of the same line. 

 

 
Figure 1: (A) Selected line along a mammogram (B) 

Intensity profile along the selected line 

 

 
Figure 2: Intensity gradient profile along the selected line 

From intensity gradient profile first, local maxima and 

minima and their coordinate points were extracted [7]. Peak 

is the highest or lowest point between two valleys or hills on 

the profile. When comparing all peaks, if maximum of 

absolute values of peaks belongs to local maxima then it is a 

Right Oriented mammogram or if it is belongs to local 

minima it is a Left Oriented mammogram. Fig. 3 

demonstrates an intensity gradient profile of a Right oriented 

mammogram. Peaks are shown by asterisks. Fig. 4 

demonstrates an intensity gradient profile of a left oriented 

mammogram. 

 
Figure 3: Intensity gradient profile of a right oriented 

mammogram 

 

 
Figure 4: Intensity gradient profile of a left oriented 

mammogram 

 

To segment the breast region from the background, modified 

fast marching method was used. After determining the breast 

orientation, an end point should be selected to stop the 

propagation of the seed region. Generally, lower and upper 

area of mammograms contains noise besides the low contrast 

at breast-edge. This could sometimes introduce undesirable 

artifacts on lower and upper area of skin-line [3]. Therefore 

intensity profile line in the middle area of the mammogram 

was taken to select an end point.  When selecting the end 

point, minimum peaks (local minima) were considered for 

the right oriented mammograms and maximum peaks (local 

maxima) were considered for the left oriented mammograms. 

Simply a minimum or maximum peak of intensity gradient 

profile could not be selected as an end point. Peaks due to 

suppressed artifacts and the peak due to real mammogram 

film edge (mammogram images in MIAS data base have been 

clipped or padded to make the size of every image to 

1024x1024 pixels.) should be avoided. All peaks in the 

intensity profile which are located far from 80 pixels from 

seed region were avoided. Then, all peaks which are located 

inside the seed region were also avoided, and the maximum 

peak of remaining peaks was selected as an end point. 

Finally, the modified fast marching method was applied on 

mammogram to segment the breast region from background 

[3]. In Fig. 5 the seed region is 

shown by drawn contour and 

the selected end point is shown 
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by asterisks for mammograms with different characteristics. 

 
Fig. 5: Automatically selected seed region (x) and 

automatically selected end-point (y) 

Fig. 6 shows the segmented breast region and   breast contour 

superimposed on Original mammogram image, based on the 

fast marching method.   

 
Fig. 6: (A) Segmented breast tissue region (B) Breast 

contour superimposed on original mammogram image 

D. Post processing 

After estimating the breast skin-line, morphological filter 

was applied to suppress inconsistencies on the estimated 

skin-line. Standard morphological closing-opening (ASF) 

operator was used to remove small false-positive and 

false-negative artifacts from lower and upper area of the 

segmented mammogram image (3). Flow chart 1 shows the 

different steps of proposed method. 

III. PERFORMANCE EVALUATION 

In the literature, breast skin line segmentation methods can be 

classified in to five different methods such as Histogram 

based methods (8-11), polynomial modeling based methods 

(12, 13), gradient based methods (14-17), active contour 

method (18-21) and classifiers (22-25). Almost all algorithms 

related to mammographic breast boundary detection, have 

been evaluated qualitatively based on observations made by a 

radiologist. Most of them have not provided quantitative 

statistical comparison of measurements. Completeness (CM) 

and Correctness (CR) are the two evaluation metrics used to 

derive the quantitative measurement statistically (26). 

Completeness - percentage of the true breast region (GT) 

extracted by the segmentation algorithm. 

                         

Values of CM can be ranged from 0 to 1 

Correctness - percentage of correctly extracted breast 

region. 

                        

 

Values of CM can be ranged from 0 to 1 

 
Flow chart 1: Steps of proposed method 

IV. EXPERIMENTAL RESULTS 

This experiment was done using 136 mammograms taken 

from mini-MIAS database (27). Mini-MIAS database is an 

unrestricted database, which is a popular database among 

mammogram research community. It contains320 

mammograms digitized at 200 micron pixel edge and those 

images have been clipped or padded so that every image 

consists of 1024x1024 pixels. The 136 images used for the 

experiment, consisted all types of mammograms: 36 of 

images with fatty tissue, 60 of images with fatty-glandular 

tissue, and 40 of images with dense glandular breast tissues. 

Different types of breast tissues give different levels of 

visibility due to different levels of X-ray attenuations (28). 

Generally, mammograms from breasts with fatty tissues are 

darker and low in contrast while dense-glandular tissues are 

brighter. Table 1 shows the results according to breast tissue 

type. 

Table 1: Mean Completeness and mean Correctness 

according to the breast tissue type 

Tissue Type Mean CM Mean CR 

Fatty 0.99 0.99 

Fatty-Glandular 0.99 0.98 

Dense-Glandular 0.99 0.99 

Mean value for completeness is 99.2%and correctness is 

99%for all the 

136mammogram images used 

for the experiment. Which 

means only 0.8 % of pixels 

Pre Processing 

1. Gaussian smoothing 

2. Morphology based attribute article suppression 

3.Alternating Sequential Filter (ASF)  

Automatic Seed Region Selection 

1. Threshold the mammogram with selected value 

2. Smooth the contour with morphological operators 

Automatic End point Selection 

1. Select the intensity profile & Derive the intensity 

gradient profile. 

2. Extract the peaks from intensity gradient profile 

3. Determine the breast orientation 

4. Select the end point 

Region growing 

1. Apply modified fast marching algorithm 

2. propogate seed region until end point reach 

 

Post processing 

1. Apply Alternative sequential Filter 
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from beast region was missed and 1% of pixels were 

recognized erroneously from the background. Corresponding 

standard deviations were 1.04% and 2.72 % respectively. 

This shows that the segmentation algorithm maintains a 

higher accuracy level. Also the algorithm is robust with 

respect to the different breast density types. By combining 

CM and CR measures, the proposed algorithm gives an 

average quality measure of 98.21%. According to literature, 

there are very few segmentation algorithms that have been 

tested broadly. Bick et al. [10] have tested their algorithm on 

740 mammogram images, and have visually rated that their 

algorithm is “acceptable” on 97% of mammogram images 

and segmentation problems encountered on other 2.9% 

mammogram images due to digitization artifacts. The 

contour based algorithm developed by Mendez et al. [29] that 

have been tested on 156 mammograms and claimed that the 

breast contour is “accurate” or “nearly accurate” only in 89% 

of the mammogram images. The algorithm developed by 

Adbel-Mottaleb et al. [15] that has been tested on 500 

mammogram images and achieved “acceptable” boundary in 

98% of the images. Chandrasekhar et al. [30] claim that their 

algorithm estimates breast skin-line with 94% accuracy on 

mammogram images in MIAS database [27]. Raba et al. [31] 

have tested their method over 320 images, and have obtained 

a 98% of "near accurate" results, which includes “accurate” 

results. Dehghani and Dezfooli [32] have tested their method 

over 60 images, and have obtained a 99% of "near accurate" 

results, which include the "accurate" results. According to the 

results they recognized for their method as robust approach 

and even they accept the method since it provides useful 

regions without meaningful information loss. Most of the 

above proposed methods did not provide quantitative 

statistical evaluation for the accuracy but visually rated 

accuracy levels or “acceptable “and “nearly acceptable” 

categorization evaluation based on observation made by 

radiologist. Accuracy of most of the above methods is high 

but they include the near accurate or acceptable results. 

Original Image, Segmented mask and result obtained by 

applying the proposed segmentation algorithm on Fatty, 

Fatty-Glandular and Dense-Glandular images are shown in 

figs. 7, 8 and 9 respectively. 

Fig. 7 demonstrates the result obtained by applying the 

algorithm for Fatty image “mdb077” with CM = 0.9998 and 

CR= 0.9973 which means that the segmented image 

describes 99.98% of GT and it has correctly extracted 

99.73% from GT region. 

 

 
Fig. 7: Segmentation of Fatty mammogram “mdb077”. 

(A) Original image, (B) Segmented mask, (C) Estimated 

skin-line and segmented region superimposed on the 

original image 

Fig. 8 demonstrates the result obtained by applying the 

algorithm for Fatty-Glandular image “mdb008” with CM = 

0.9973 and CR= 0.998 which means that the segmented 

image describes 99.73% of GT, and it has correctly extracted 

99.8% from GT region. 

 
Fig. 8: Segmentation of Fatty-Glandular mammogram 

“mdb008”. (A) Original image, (B) Segmented mask, (C) 

Estimated skin-line and segmented region superimposed 

on the original image 

Fig. 9 shows the result obtained for Dense -Glandular image 

“mdb191” with CM = 0.9919 and CR= 0.9999, which means 

that the segmented image describes 99.19% of GT and it has 

correctly extracted 99.99% from GT region. 

 
Fig. 9: Segmentation of Dense-Glandular mammogram 

“mdb191”. (a)Original Image. (b) Segmented mask. (c) 

Estimated skin-line andsegmented region superimposed 

on the original image. 

V. DISCUSSION 

Accurate breast boundary estimation and breast segmentation 

from the background of the image is a significant 

pre-processing in computer-aided diagnosis of breast cancer. 

Due to external articles, low contrast in the breast boundary 

region and noise present in the mammogram, breast skin line 

segmentation is not an easy task. 

By analyzing the results of proposed automated breast 

boundary segmentation system, we can conclude that this 

system is capable of estimate the breast boundary and 

segment the breast area from background for all three types 

of breast tissues with high accuracy level. Moreover this 

method is fully automated and can operate independent of 

image orientation. 

The proposed algorithm can provide as a pre-processing 

component of an intelligent workstation for computer-aided 

diagnosis in mammography. 
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