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1. Introduction 

To detect breast abnormalities, classify their types and indicate 

their regions from mammography, several techniques in image 

processing and computer vision have been applied for a 

computer-aided diagnosis (CAD). The breast abnormalities can 

be classified into two major cases: micro-calcifications and 

masses. In recent years, the accuracy of micro-calcification 

detection is very high. However, the accuracy of mass detection 

still need an improvement because it has the difficulty to detect 

masses in dense breast tissue, since the intensity and contrast 

between mass regions and dense breast areas do not clearly differ 

from each other on mammography. Furthermore, there are many 

types of mass need to be detected with unclear boundaries and 

the variation of size and shape such as circumscribed, spiculated, 

microlobulated and ill-defined masses [1-2]. The types of mass 

are categorized from different sizes, shapes, or boundaries. This 

paper presents an improved method to detect and segment the 

region of breast mass abnormalities. 

2. The proposed method 

This study focused on precise detection of mass boundary 

from mammography. We adapted and applied a gray-level co-

occurrence matrix (GLCM) with statistical features and edge 

detection which were previously used for color edges extraction 

[3]. We also improved the method with pre-processing and 

GLCM iterations to detect masses. 

2.1 Pre-processing 

After the radiologists selected one mass region in 

mammography to locate a region of interest (ROI). Then, the 

method cropped the ROI and pre-processed the mass image by 

enhancing the contrast using histogram equalization, removing 

some breast tissue (background) from mass region using 

exponential operation, and adjusting the brightness with Otsu’s 

thresholding [4] and a half of standard deviation to make the 

mass region differ from remaining breast tissue. The method 

normalized the intensity of all pixels from [0, 255] to [0, 7] for 

constructing GLCM in next step. 

2.2 GLCM iteration with statistical features 

The gray-level co-occurrence matrix or GLCM presents the 

appearance frequency between couple of pixels in particular 

distances and directions from a 3x3 sliding window [5-6].  

In this study, we improved the method of previous study [3] to 

satisfy our breast mass detection results. We created, summarized 

and normalized four GLCMs with distance of 1 and directions of 

0o, 45o, 90o and 135o to get a global GLCM. In general, various 

statistical features can be extracted from GLCM. However, only 

six features: mean, diagonal moment, contrast, energy, inverse 

difference moment, and variance were extracted from global 

GLCM. After that, all statistical features were summarized and 

normalized to create an attributed image. Finally, four-time 

iteration of GLCM process was applied to the attributed image in 

order to further remove breast tissue (background).  

2.3 Edge detection  

Eight-directional edge detection with Robinson mask was 

applied to the attributed image. The maximum value (max) of 

eight edge responses in eight directions for each pixel was 

calculated and compared with Otsu’s threshold to determine edge 

(if max≥ Otsu) or non-edge pixels (if max < Otsu) [3-4]. After 

we got an edge response image, we selected a large region again 

on the edge image as a final mass region. 

3. Preliminary evaluation 

Since our method improved from the previous one [3], we 

conducted this preliminary evaluation to explain the 

enhancement points and reasons as following: 

 Our method applied only six statistical features without the 

features of directivity and entropy because they made noise 

when summarizing all features together that affected to the 

smoothness of an attributed image. The edge detection result 

using six statistical features was more clearly. 

 Our method applied iteration of GLCM with statistical features 

because the iterations technique gradually decreased the values 

of statistical features to near zero. In every step of the iterations, 

breast tissue (background) which had low GLCM and low 

statistical features values was gradually removed but the mass 

region which had high values was remained. Using four-time 

iteration of GLCM with edge detection was better to detect 

breast mass region.  

Therefore, the enhancement of our improved method was 

currently suitable for breast mass detection.  

4. Evaluation 

We evaluated the mass detection results of our improved 

method with ground truth images in pixel level. We also 

calculated sensitivity, specificity and accuracy [7].  

4.1 Dataset 

The mini-MIAS database of mammograms (MIAS) [8] are 

applied to evaluate our improved method for breast mass 

detection. Thus, 55 mammography from MIAS which contain the 

following mass types: CIRC (well-defined/circumscribed 

masses), SPIC (spiculated masses), and MISC (other, ill-defined 

masses) were selected. Finally, 58 tumors from 55 

mammography image were tested and analyzed with the ground  
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Table 1 Evaluation results of breast mass detection 

Type Sensitivity Specificity Accuracy 

All 76.14% 83.00% 79.90% 

CIRC 68.72% 85.85% 80.05% 

MISC 82.62% 84.66% 82.70% 

SPIC 80.40% 78.09% 77.50% 

truth images generated by a medical doctor from Kumamoto 

University. 

4.2 Results and Discussions 

Table 1 shows the evaluation results of breast mass detection 

for three mass types. It indicated that our method achieved 

79.90% of accuracy with 76.14% of sensitivity and 83.00% of 

specificity to detect three mass types. Moreover, MISC detection 

got higher accuracy than CIRC and SPIC with 82.70%. The 

accuracy of MISC and CIRC detections were higher than the 

accuracy of SPIC. This means that our method is better to detect 

MISC and CIRC than SPIC because the boundaries of MISC and 

CIRC are more clearly than SPIC. SPIC is the most difficult 

mass type to detect since its boundary is poorly defined in breast 

tissue [9]. Furthermore, we realized that if any masses had clear 

boundary and well distinguished from breast tissue, our method 

can accurately detect them (Figure 1: CIRC). If they infiltrated into 

high dense breast area with unclear boundary, we need to 

enhance contrast, remove breast tissue, and emphasize mass 

region. If these were good, our method can well detect them 

(Figure 1: MISC). However, if some breast tissue still remained 

in the image, our method might incorrectly detect them since the 

intensity of masses and breast tissue (background) were quite 

similar in mammography images (Figure 1: SPIC). Thus, we take 

this case into account as our future works. 

In summary, our improved method based on color edge 

detection technique using four-time iteration of GLCM with six 

statistical features and eight-directional edge detection is more 

suitable for detection of MISC and CIRC mass types. Moreover, 

it might be useful for radiologists to confirm the diagnosis results. 

5. Conclusion 

This study improved a previous color edge extraction method 

to accurately detect breast mass region from mammography 

using pre-processing, six statistical features, and four-time 

GLCM iteration technique. Our improved method can detect 

CIRC, SPIC, and MISC with 79.90% of accuracy, 76.14% of 

sensitivity and 83.00% of specificity. We realized that our 

method is more suitable for detecting CIRC and MISC. However, 

we need to improve it to detect masses that infiltrated into high 

dense breast area with unclear boundary such as SPIC because 

the intensity of masses and breast tissue (background) were quite 

similar. Thus, we take this case into account as our future works. 
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Figure 1 Detection results of masses: (a) original images, (b) images after histogram equalization, (c) images after exponential 

operation, (d) images after adjust brightness, (e) mass detection results from our method, (f) ground truth images 
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