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ABSTRACT 
 
This paper presents a novel, edge-based segmentation method for identifying the mass contour (boundary) for a 
suspicious mass region (Region of Interest (ROI)) in a mammogram. The method first applies a contrast stretching 
function to adjust the image contrast, then uses a filtering function to reduce image noise. Next, for each pixel in a ROI, 
the energy descriptor (one of the Haralick descriptors) is computed from the co-occurrence matrix of the pixel; and the 
energy texture image of a ROI is obtained.  From the energy texture image, the edges in the image are detected; and the 
mass region is identified from the closed-path edges. Finally, the boundary of the identified mass region is used as the 
contour of the segmented mass. We applied our method to ROI-marked mammogram images from the Digital Database 
for Screening Mammography (DDSM). Preliminary results show that the contours detected by our method outline the 
shape and boundary of a mass much more closely than the ROI markings made by radiologists. 
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1. INTRODUCTION 

 
In 2008, it was estimated that 182,460 new cases of breast cancer would be diagnosed among women in the United 
States. Breast cancer is the second leading cause of cancer related deaths for women in the U.S. after lung cancer [1].  At 
present, the most effective method for breast cancer early detection is mammography screening [1].  Radiologists review 
mammogram images, detect and diagnose any abnormal growths of the breast. Based on the level of the radiologist’s 
suspicion of the abnormality, a patient usually is recommend a routine follow up, or a biopsy to confirm the result [2]. 
 
The problem with mammography screening is that the error rate is high. At present, the sensitivity of most 
mammography reports is in the 68–92% range [3].  A study showed that among the women who had mammogram 
screenings and were recommended to have a biopsy for further confirmation, only 25% of the cases were found to have 
breast cancer [4]. If the accuracy of the diagnosis from radiologists on those abnormities in mammograms can be 
improved, some breast biopsies could be avoided.  Many Computer-Aided Diagnosis (CADx) systems have been 
developed as a second opinion to assist radiologists in their diagnosis [5]. Previous studies have shown that CADx 
systems can help radiologists analyze a suspected abnormality in a mammogram, and improve the diagnosis accuracy 
[6].   
 
 Mass and microcalcifications are the two most common types of abnormalities in mammogram images.  The research 
presented in this paper is part of an ongoing project whose aim is to develop an image-based CADx system for 
classifying suspicious masses in mammograms as malignant or benign.  The goal of the CADx system is to assist 
radiologists as a second opinion in their diagnosis of suspicious masses and to increase the diagnosis accuracy.  The 
proposed CADx will include five parts: mass ROI extraction, mass segmentation, mass feature extraction, feature 
selection and classification (ensemble learning). At the classification stage, we plan to apply an optimal feature set to 
multiple classifiers, and construct an ensemble of classifiers. Figure 1 below depicts the schematic framework of our 
CADx system. 
     



  

 
 

 
 

Figure 1. Framework of proposed Computer-Aided Diagnosis (CADx) system 
 
For this paper, we focus on mass segmentation, which separates a mass from a ROI image and captures the boundary of 
the mass. In the research, a suspicious mass (ROI) is a rectangle image extracted from the original mammogram; it 
includes a suspicious mass and its surroundings, where the ROI has been detected and marked by either computer-aided 
detection (CAD) systems or radiologists. 
 
In this paper, we present a novel, edge-based mass segmentation method for identifying the mass contour (boundary) for 
a mass ROI in a mammogram.  In the experiment, we first applied image enhancement to a mass ROI image, and then 
computed the energy descriptor (one of the Haralick descriptors [7]) for each pixel of the ROI and built the energy 
texture image of the ROI. From the energy image, the edges were detected, then the possible mass regions were 
identified from the closed-path edges.  Finally, the boundary of an identified mass region was used as the final 
segmented outline of the mass.  This paper is organized as follows.  In Section 2, we review related works of mass 
segmentation. In Section 3, we present the data and methodology. In Section 4, the preliminary results are presented and 
the image enhancement for mass segmentation is discussed.  In Section 5, the conclusion and future work are discussed. 
 
 

2. MASS AND MASS SEGMENTATION 
 
Masses are thickenings of breast tissue which appear as lesions in mammograms. For radiologists, the shape and margin 
(spiculated level) of masses are two most important criteria in distinguishing malignant from benign masses. Usually a 
mass with poorly defined shape is more likely to be malignant than a well-circumscribed mass; and a mass with ill-
defined margins or spiculated lesions is much more likely to be malignant than a mass with smoothed margins [2, 6].  In 
order to standardize the annotation scheme of mammogram reports, Breast Imaging Reporting and Data System (BI-
RADS) has been developed by the American College of Radiology (ACR). BI-RADS includes a set of standardized 
lexicons describing mammography lesions. In BI-RADS, mass shapes are defined as round, oval, lobulated, irregular or 
architectural distortion; and mass margins are defined as circumscribed, obscured, microlobulated, ill-defined or 
spiculated [8]. 
 
In a CADx system, mass segmentation is an important step, which separates a mass from its background and captures the 
shape and boundary of the mass [6]. After mass segmentation, the contour of a mass is identified; and the shape features 
and spiculated level of the mass can be computed for classifying the mass as benign or malignant. Previous studies have 
shown that it is critical for a CADx system to extract accurate shape and boundary information for suspicious masses; 
and that improving the mass segmentation can significantly improve the accuracy of mass diagnosis [9, 10].  
 
 Many mass segmentation methods for mammogram images have been developed [9, 10, 11, 12, 13, 14, 15, 16].  There 
are two basic approaches: 1) region-based mass segmentation methods and 2) edge-based mass segmentation methods.  



  

In region-based methods, mass regions are iteratively grown by comparing all neighboring pixels and including the 
pixels with similarity to the respective regions. The similarity can be measured with different types of properties, such as 
pixel intensity or computed texture features.  In edge-based methods, segmentation is based on edge detection. Usually 
the images need to apply enhancement before segmentation in order to enhance relevant edges prior to the edge 
detection stage [14]. 
 
Using a region-based segmentation approach, Jiang et al. [9] developed a new mass segmentation method. Their method 
first applied a gamma correction and a Gaussian filter to a mass ROI to improve contrast and remove image noise.  Then, 
using the principle of maximum entropy, optimal thresholds were selected to obtain initial segmented mass regions; and 
a morphologic dilation operation was applied to the binary image to obtain the initial contour of the mass region.  
Mencattini et al. [11] modified a region-growing mass segmentation procedure in their Computer Aided Detection 
(CAD) system. Their segmentation method included: removing artifacts based on the analysis of the ROI histogram, 
improving mass image contrast by applying a non-linear operator, and a region growing segmentation, where the center 
of a mass ROI was chosen as an initial seed position, and pixel intensity was used for similarity measurement. Xu et al. 
[16] developed a region-based mass segmentation algorithm. In their system, the suspicious areas were extracted using 
iterative thresholding. Then the suspicious area was decomposed by 3-level DWT (discrete wavelet transform) into four 
sub-bands and centers of the masses were located.  Finally, the Canny edge information of each pixel in the ROI was 
computed, and the region growing technique was applied to merge adjacent regions. 
 
Using an edge-based approach, Song et al. [12] developed a mass segmentation method.  Using plane fitting and 
dynamic programming techniques, their method detected the "optimal" contour of a mass from the edge candidate 
points. Yuan et al. [13] developed a method for mass lesion segmentation on mammograms using a geometric active 
contour model. In their method, a radial gradient index (RGI)-based segmentation method was applied to yield an initial 
contour. Based on the initial segmentation, an automatic background estimation was applied to identify the effective 
circumstance of the lesion, and a dynamic stopping criterion was implemented to terminate the contour evolution when it 
reached the lesion boundary.  
 
 

3. DATA AND METHODOLOGY 
 

3.1 Data description 
 
In our experiment, we extracted mass ROI images from the Digital Database for Screening Mammography (DDSM) [17] 
from the University of South Florida. DDSM is the largest publicly available resource for the mammogram analysis 
research community. In DDSM images, suspicious regions (ROIs; including masses and microcalcifications) are marked 
by experienced radiologists, and BI-RADS information is annotated for each abnormal region [18].  However, in 
DDSM, most mass ROIs are marked by a circle for the mass location, and do not trace the detailed outline of the mass.   

 
In DDSM, mammogram images are digitized by different scanners with different resolutions. In this research, for data 
consistency purposes, all mass ROI images are collected from the same type of scanner and resolution. We chose the 
scanner type LUMSYSYS because the largest number of cases are digitized by this type in DDSM. In our experiment, 
we first extracted all mass ROIs from the mammogram images digitized by LUMSYSYS.  Then, we removed the mass 
ROI instances with extreme digitization artifacts (e.g. incorrectly ordered scan lines) and extreme large ROI images (size 
over 2000 x 2000 pixels). In addition, the mass instances with mixed BI-RADS descriptors and the ROI images which 
display only a portion of a mass were removed from our dataset. After removing those instances, a total of 525 mass ROI 
images were left for this study, where 263 instances were benign and 262 instances were malignant. Figure 2 and 3 show 
the distribution of the BI-RADS shape and margin features respectively. 
 



  

    
 

Figure 2. Mass BI-RADS shape distribution 
 

Figure 3. Mass BI-RADS margin distribution 
 
 
3.2. Methodology 
 
In DDSM, a suspicious mass region marked by radiologists was represented as a chain codes in an overlay file [18].    In 
our experiment, for each suspicious mass shown on a mammogram, a rectangle image was extracted as a ROI, which 
includes the suspicious mass and its surroundings.  Then we applied the following four steps to segment a mass and 
obtain the mass boundary from the ROI image. All procedures were implemented by using MatLab in this study. 
 
Step1: Image enhancement 
 
Since most mammogram images have low intensity contrast, image enhancement processing such as contrast adjusting 
functions are often applied to mammogram images before performing segmentation.  In our experiment, for image 
enhancement, we used a linear contrast adjusting function (gamma correction value = 1) to increase the image intensity 
contrast, then applied an averaging filtering with a size of 30 x 30 pixels to remove noise in the image. Figure 4 (a-c) 
shows an example of an original ROI image (a), the contrast adjusted image (b), and the contrast adjusted image after 
averaging filtering is further applied (c); and Figure 4 (d-e) displays the histograms of those images after contrast 
adjusting and averaging filtering.   
 

   
(a) (b) (c) 

   

   
(d) (e) (f) 

 
Figure 4. Original ROI image, enhanced images and their histograms  



  

 
Step 2: Construct a texture image – pixel-based energy image  
 
Haralick descriptors [7] are computed from a gray-level co-occurrence matrix of an image, and they are the most 
commonly used texture features in image processing. Energy is one of the Haralick descriptors, which measures the 
heterogeneity of an image. In our experiment, for each pixel in a ROI, we first computed a co-occurrence matrix with 
angle = 0 and distance = 1 using a neighborhood size of 7x7 pixels [18].  Then, we obtained an energy value for each 
pixel by computing the number of occurrences of the pairs of the same value within the co-occurrence matrix: 
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where M and N are  the size of row and column of the matrix respectively, and ijP  is the probability of the pixel pair (i, j) 
in the matrix.  Finally an energy texture image was constructed from the energy value of all pixels in the mass ROI 
image.  
 
Figure 5 shows the energy texture images computed from the images in Figure 4 (a-c). As you can see, contrast in the 
energy texture images are gradually enhanced and with less noise -- the original mass ROI (5(a)) to the contrast-adjusted 
image (5(b)) to the contrast-adjusted and filtered image (5(c)). 
 

   
(a) Original mass ROI (b) Contrast adjusted image (c) Contrast adjusted and filtered image 

 
Figure 5.  Energy texture images  

 
Step 3: Find the edges and detect the possible mass regions 
 
In the energy texture image (5(c)), we applied an adaptive thresholding method to detect edges.  Then by setting a value 
of 1 to the pixels on the detected edges and a value of 0 to all other pixels, a binary image with detected edges was 
obtained. Figure 6 (a) shows a binary image with detected edges. Next, in the binary image, we applied a morphological 
operation (imfill function in the Matlab) to detect all closed-path edges, and used those edges as boundaries to find all 
possible mass regions (the white regions in Figure 6(b)).  Finally, the region with the largest overlapping ratio over the 
ROI central area was identified as the segmented mass region (Figure 6(c)).  In our experiment, the ROI central area (the 
red rectangle area in Figure 6(b)) was defined as the rectangle of half width and half length of the original mass ROI. 

 
Step 4: Evaluate the mass segmentation 
 
At this step, the segmented mass was evaluated.  In our experiment, using a threshold of overlapping ratio of pixels of 
the segmented mass over the ROI central area, we determined whether or not the identified mass was successfully 
segmented.  For a successfully segmented mass, the boundary of the identified region was used as the segmented mass 
contour. In Figure 6 (d), the green line is the successfully segmented mass contour identified by our algorithm, and the 
red line is the mass outline marked by the radiologist. 
 



  

    
(a) Binary image with detected 

edges 
(b) Possible mass regions and 

central ROI region 
(c)  Segmented mass region  (d) Detected mass contour  

(green line) 
 

Figure 6. Mass segmentation 
 
 

4.  PRELIMINARY RESULTS AND DISCUSSION 
 
4.1 Preliminary results 
 
The results showed that, by using the aforementioned parameter values (the contrast adjusting function with gamma=1 
and the averaging filtering with size of 30x30 pixels), our segmentation method successfully segmented 355 (67.6 %) 
instances among the 525 mass ROIs with the threshold of 25% overlapping ratio over the central area.    
 
Figure 7 (a-c) shows three examples of successfully segmented masses.  In each image, a red line represents the 
radiologists’ marked mass region, and a blue line represents the contour of a segmented mass obtained by our 
segmentation method.  By visual inspection, the contours by our segmentation method outline the mass shapes and 
boundaries much more closely than the markings made by the radiologists.  Figure 7 (d) on the other hand shows one 
example of an unsuccessfully segmented mass, where the segmented mass is not in the center area of the ROI. We will 
discuss more on the unsuccessfully segmented instances in the next section.   
 

    
(a) (b) (c) (d) 

 
Figure 7. Examples of segmented mass instances 

 
4.2 Image enhancement and mass segmentation  
 
In our experiment, we found that image enhancement greatly affects the result of mass segmentation. We observed that 
there is no “one optimal” enhancement that can produce a best fit on all images for mass segmentation.  Figure 8 
displays the segmentation results of two mass ROI instances using six different image enhancements.  For each instance, 
six different image enhancements are shown on the left - they were the combinations of three values used for the 
parameter in the contrast adjusting function (gamma correction = 0.5, 1 and 2), and two values used for the parameter in 
the averaging filtering function (size 10x10 and 20x20 pixels).  For the contrast adjusting function, the adjusting is 
weighted toward brighter values when gamma = 0.5; it is weighted toward darker values when gamma = 2; and it is 



  

linear adjusting when gamma=1. For the filtering function, a larger filtering size removes more noise, but some detail of 
the image is lost at the same time. 
 
The six binary images on the right side are the results of mass segmentation extracted from those six enhanced images.   
For Instance 1, when the contrast adjusting with gamma = 2 and filtering function with size 20x20 pixels, the instance 
obtained a better segmentation contour compared to other enhancements; while the best values for Instance 2 seem 
gamma = 0.5 with either filtering size (10x10 or 20x20 pixels). As exemplified by those images, different mass instances 
may require different image enhancement functions to achieve a better segmentation.  
 
The experiment results demonstrated that, depending on the image’s contrast range and noise level, the “optimal” image 
enhancement for mass segmentation is different for each individual image. Generally speaking, for a darker image, the 
image enhancement should apply a contrast adjusting function with gamma correction value less than 1 (such as 0.5) to 
increase the intensities of the dark areas; while for a brighter image, it seems more effective to use a contrast adjusting 
function with gamma value greater than 1 (such as 2) to increase the contrast of the brighter areas in the image.  
 

  
 

Instance 1 Instance 2 
 

Figure 8. Mass segmentations with different image enhancement  
 
 

5. CONCLUSIONS AND FUTURE WORK 
 
Most mammogram images are in low intensity contrast, making them very difficult to detect the edges of a suspicious 
mass (a region of interest (ROI)). In this paper, we presented a novel, edge-based segmentation method for detecting the 
contour of a suspicious mass region in mammograms.  Our method extracts edges from a pixel-level energy texture 
image of a mass ROI, and then detects closed-path edges to identify the mass region.  Preliminary results showed that 
the mass contours captured by our segmentation outlined the boundary and shape of a mass much more closely than the 
radiologists’ markings in DDSM.  
 
In our experiment, we found that image enhancement greatly affects the quality of segmentation. Mammogram images 
have varied intensity contrast ranges and different noise levels.  Also, different patients have various breast density 
levels.  Those variability factors are making it difficult to select an/one optimal image enhancement which can fit all 
images for mass segmentation.   
 



  

In future work, we plan to investigate a scheme where an image is processed by multiple segmentors where each 
segmentor uses a different set of image enhancement (by using varied gamma correction values for contrast adjusting 
functions and filtering sizes) and combining those segmentations in an ensemble to classify a suspicious mass as benign 
or malignant.  We expect that the combination of multiple weak segmentors in an ensemble can produce better results 
(higher classification accuracy) than a single strong segmentor. 
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