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Abstract 
     The main aim of the Computer-Aided Detection/Diagnosis system is to assist the 

radiologists in examining the digital mammograms. Digital mammogram is the most 

popular screening technique for early detection of breast cancer. One of the 

problems in breast mammogram analysis is the presence of pectoral muscles region 

with high intensity in the upper right or left side of most Media-Lateral Oblique 

views of mammogram images. Therefore, it is important to remove this pectoral 

muscle from the image for accurate diagnosis results. The proposed method consists 

of three main steps. In the first step, noise is reduced using Median filtering. In the 

second step, artifacts removal and breast region extraction are performed using Otsu 

method. Finally, the pectoral muscle is extracted and removed using the proposed 

Split Orientation Local Thresholding (SOLTH) algorithm. For this study, a total of 

110 mammogram images from the Mini-Mias database (MIAS) were used to 

evaluate the proposed method’s performance. The experimental results of automatic 

pectoral muscle detection and removal were observed by radiologist and showed 

90.9% accuracy of acceptable results. 

 

Keywords: Computer-Aided Detection/ Diagnosis, Artifacts removal, Otsu method, 

Pectoral muscle removal. 

 

 الكشف عن العضلات الصدرية وإزالتها تلقائيًا في صور الطاموجرام
 

فاتن عبدعلي داودساره سهام فاضل*,   

دػ عمؽم الحاسؽب, كمية العمؽم, جامعة بغداد, بغداد, العراقق  
 الخلاصة

الهدف الرئيدي لشعام الكذف / التذخيص بسداعدة الحاسؽب هؽ مداعدة أخرائي الأشعة في فحص      
الترؽير الذعاعي لمثدي الرقسي هؽ تقشية الفحص الأكثر شيؽعًا لمكذف  الترؽير الذعاعي لمثدي الرقسي.

إحدى السذاكل في تحميل الثدي بالأشعة الديشية هي وجؽد مشطقة عزلات صدرية  السبكر عؼ سرطان الثدي.
نب الأيسؼ العمؽي أو الأيدر بكثافة في مععػ وجهات الشعر السائمة الجانبية لمؽسائط لرؽرة السامؽجرام في الجا

تتكؽن الطريقة  لذلغ، مؼ السهػ إزالة العزمة الردرية مؼ الرؽرة لمحرؽل عمى نتائج تذخيص دقيقة. عالية.
في  . في الخطؽة الأولى، تقميل الزؽضاء باستخدام الترفية الستؽسطة.رئيدية السقترحة مؼ ثلاث خطؽات

. (Otsu)  الغير ضرورية واستخراج مشطقة الثدي باستخدام خؽارزمية عتبةالخطؽة الثانية، تتػ إزالة القطع 
وأخيرا، يتػ استخراج العزلات الردرية وإزالتها باستخدام الخؽارزمية السقترحة انقدام أتجاه العتبة السحمية 
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(SOLTH.)  ل صؽر مامؽجرام مؼ قاعدة البيانات جسعية تحمي 110لهذه الدراسة، تػ أستخدام ما مجسؽع
الشتائج التجريبية لمكذف التمقائي عؼ العزلات  لتقييػ أداء الطريقة السقترحة.  (MIAS)صؽرة السامؽجرام 

 مؼ الشتائج السقبؽلة. 90.9الردرية وإزالتها قد لؽحعت مؼ قبل أخرائي الأشعة وأظهرت الدقة % 
Introduction 

     Breast cancer is the second leading cause of cancer related death in women. However, early 

detection and diagnostics of breast cancer is substantially increasing the chance of survival [1,2]. 

Mammography is a commonly used screening method and the most effective technique for early 

detection of breast cancer that helps radiologists and doctors, not only to diagnose breast cancer but 

also to follow-up patients with breast cancer. A mammogram is a safe and reasonably accurate x-ray 

image of a breast. For women at risk of breast cancer, mammogram screening should be done 

routinely starting at the age of forty to screen for any early signs of the disease [3,4]. 

    The main aim of the Computer-Aided Detection/Diagnosis (CAD) system is to assist the 

radiologists in examining the digital mammograms. Therefore, breast lesion detection and 

segmentation automatically from the mammogram image needs several stages that have to be 

performed. The pre-processing stage is a very important process for enhancing image quality that 

includes several steps.  The first step is removing the undesired regions in the background of the 

mammogram image. The undesired regions mostly represent two types of noise that appear in the 

mammogram image; the first type is called the High-Intensity noise which represents the labels that 

are shaped as rectangular. The second type is called the Low-Intensity noise which is represented as 

marks [5]. The pectoral muscle is the other part that needs to be removed from the breast region. It 

appears as a dense triangular region (i.e. bright pixels) in the top corner of the right or left side of the 

Media-Lateral Oblique (MLO) in the mammogram image [6]. The intensity of the region of the 

pectoral muscle is similar to that of the breast lesions because the pectoral muscle texture is identical 

to some abnormalities detected in the mammogram. In certain cases, the pectoral muscle intensity is 

higher than that of the breast lesion region.  If the pectoral muscle appears in the view of the MLO, the 

false positivity will be increased in the CAD detection of the breast cancer in the mammogram image.  

For this reason, the removal of the pectoral muscle from the mammogram image is necessary before 

any processing [5].    

     The main aim of the proposed method is to automatically remove the pectoral muscle from the 

breast region in the mammogram image. A median filter is used to enhance image quality, then the 

Otsu method is applied to create a binary mask for removing s (i.e. any artificial product that appears) 

from the image. The SOLTH algorithm is proposed to detect and remove the pectoral muscle from the 

image, depending on the split, orientation, and local threshold. 

2. Related Work 
     In the literature investigated, several approaches have been proposed for detecting and removing 

the pectoral muscle.  Sreedevi and Sherly [5] proposed an approach for segmenting and removing 

pectoral muscles. It combines global thresholding, canny edge detection, and connected component 

labelling. In this approach, there are three limitations. First, the normalization process for 

mammogram images into a range that is more familiar to the senses 16 is performed; this means that 

the technique is needed to change the values of pixel intensity. Second, this approach is used to detect 

the pectoral muscle only in the right MLO mammograms. The left MLO view mammogram is handled 

by flipping to make it appear as a right MLO mammogram.  Third, the proposed approach does not 

restore the original pixel intensity of the breast region, rather, this is achieved by matching the binary 

image to the original grayscale image. The previous results showed that the proposed approach gives 

an overall accuracy of 90.06%.  

     Boss et al. [7] proposed a method of the pectoral muscle removing by a histogram based eight 

neighborhood connected component labelling method for breast region extraction and removal of 

pectoral muscle. There are two limitations in this algorithm to detect and remove the pectoral muscle. 

First, the normalization was used for breast region by changing all pixels intensity. Second, the right 

MLO view mammogram is turned to make it appear as a left MLO mammogram. The accuracy of the 

results obtained over the MIAS database by using the proposed algorithm was 89.5%.  

Liu et al. [8] proposed a novel approach depending on a statistical theory; the goodness of fit of the 

statistical theory is utilized for developing a measurement of local spatial distribution in the 

mammogram image. The proposed method is implemented, pixel by pixel, in the mammogram image, 
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where the pectoral muscle and the background are separated by detecting their contours on the resulted 

image. In this method, there is an issue that the contour of the breast with the pectoral muscle was 

better identified than the contour of the pectoral muscle only. Due to the detected pectoral muscles 

contour, which overlaps with the breast tissues in most images, no clear borders can be observed in 

these regions. The accuracy of the results obtained over MIAS database by using the proposed 

algorithm was 81%. 

    Makandar and Halalli [9] proposed an algorithm which removes the undesired background and the 

pectoral muscle by the use of threshold technique and modified region growing technique, 

respectively. The proposed algorithm was tested on mini-MIAS database, where the Region of Interest 

(ROI) was extracted from all the images accurately, and proved to be suitable for CAD system of early 

detection of breast cancer. The experimental results showed that 100 images were selected from the 

MIAS database. 97 images were properly or over segmented and 3 images were under segmented. As 

a result, the accuracy was 97 %. 

     Santle et al. [10] proposed an automatic method that used the watershed transformation for 

identifying the pectoral muscle that appears in the view of the MLO mammograms. The watershed 

transformation of the mammogram shows interesting properties that include the appearance of a 

unique watershed line corresponding to the pectoral muscle edge. In this method, there is an issue in 

the design made to identify the pectoral muscle in the left MLO mammograms. However, the right 

MLO mammogram was processed by rotating to make it appear like a left MLO mammogram. If the 

pectoral muscle was identified, its original position was restarted by rotating it again. This avoided the 

situation of developing two separate approaches for the handling of left and right MLO mammograms.           

The validation accuracy of the results obtained by using the proposed method, over 84 mammogram 

database, was 85%.  

    Mirzaalian H. et al. [11] proposed a method of presenting a new pectoral muscle identification in 

the MLO of mammograms image based on the algorithm of non-linear diffusion. They tested over 90 

mammogram images from the mini-MIAS database.  The limitation of this approach is to determine 

the pectoral muscle of the left MLO mammograms. This region has a higher density as compared to 

that of the other regions. The extraction of this region is achieved by using thresholding. The correct 

threshold is chosen as the average intensity of the up-left pixels in the image resulting from the 

iteration non-linear diffusion.   

1. Materials and methods 

     The proposed method was implemented using the programming language (C#), working under 

Visual studio 2010. It includes three major steps, as shown in Figure -1. The first step is used for 

removing the noise from the mammogram image by using the median filter. In the second step, the 

Otsu method is applied to remove the artifacts and annotations found in the background of the 

mammogram image. Finally, the SOLTH algorithm (Splitting, Orienting, and Local Threshold) is 

proposed for detecting and removing the pectoral muscle.  
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Figure 1- The overall framework diagram for pectoral muscles detection and removal in mammogram 

images. 

 

3.1 Mammogram Image Database 

     The dataset of mammogram images used in this paper are taken from the Mammography Image 

Analysis Society (MIAS), a UK research organization related to Breast Cancer Research and freely 

accessible for scientific purposes [12]. The images of the database were created from a film-screen 

mammographic imaging method in the United Kingdom National Breast Screening Program (NBSP) 

[9] and consists of 322 MLO view mammograms (right and left view). The type of images is grayscale 

with a size of 1024 ×1024, 8 bits per pixel, and artifacts noise. Table -1 shows the description of the 

mammogram images in the MIAS dataset, which are classified into abnormal (116: 64 as benign, 52 as 

malignant) and normal (206). The dataset is also split into three types of the background tissue, based 

on the intensity of the mammogram (i.e., Fat, Fatty-glandular and Dense-glandular). There are two 

types of the severity of the abnormality (B - Benign and M - Malignant) [12] . The main components 

in the mammography image are shown in Figure -2. The MIAS dataset is loaded in BitMap (BMP) 

format by using the programming language c#. 
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Table 1- Description of the images in the MIAS dataset 

 Mammograms images Number of cases 

1 Benign lesions (abnormality) 64 

2 Malignant lesions (abnormality) 52 

3 Normal 206 
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Figure 2 -  An example of the main components of the MIAS dataset image (mdb058) [12]. 

 

3.2 Mammogram pre-processing 

     Pre-processing for a mammogram image is a procedure that helps improve image quality to allow 

the lesions detection without missing important data. The main aim of pre-processing is to improve the 

quality of the image (i.e. mammogram image contains many varieties of noise) to be prepared for 

additional processing by removing or minimizing unnecessary or useless components of a 

mammogram. Two types of noise were observed in the images: (a) high-intensity noise regions, 

including bright rectangular labels, and (b) low-intensity labels. It is therefore necessary to use pre-

processing techniques before removing the pectoral muscle [13]. In this paper, the following pre-

processing phases are used. 

3.2.1 Median filtering 

     The median filter is a non-linear spatial filter. It is classified within the filter in the order-statistical 

filter category. Because of its capacity to deliver noise decrease with less blurring, it is more powerful 

than traditional linear smoothing filters and maintains the sharp edges. The median filters are also 

efficient, with possibility to change their size without the need for conversion [14]. The selected 

median filter value will be exactly equal to one of the existing brightness values, so that there is no 

round-off error when working independently with full brightness values, as compared to other filters 

[15,16]. It can be used on mammograms to lower the quantity of noise and preserve corners. This is 

achieved by selecting an image area (3 x 3, 5 x 5, 7 x 7, etc.), considering all pixel values in that area, 

and placing them in an array called an object array. The output image array is a collection of all the 

median values of the object array acquired for all pixels [17]. The median filter runs into a sequence of 

loops that cover the full image array.  

3.2.2 Artifacts Removal  

     Artifacts are fractions of mammogram images that are of two kinds; high-intensity artifacts such as 

the shaped rectangular labels and low-intensity artifacts such as the marks [7]. The majority of 

mammography images in the dataset used in our methodology contains that type of noise represented 

by artifacts. They are undesirably present in mammography images and may negatively affect the 

results of the removal of the pectoral muscle, due to their high intensity. Therefore, it is better to 

remove them from mammogram images before applying pectoral muscle removal.  

The process of artifacts removal from mammogram images comprises three main steps, as follows: 

 

High-intensity 

noise labels 

Pectoral Muscle 

Low-intensity 

markings   

Breast Region 
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i.   Binarization of the mammogram image by using Otsu method, which is an easy and efficient 

technique based on a global threshold value that is automatically selected for each image entered to 

convert the grayscale image to a binary image. Therefore, the pixels are differentiated in an image by 

two classes; foreground and background [18] . The foreground represents the white part (1’s) and 

includes the breast region with the artifacts, whereas the black part (0’s) of the image is the 

mammogram background, as shown in Figure -3b. 

ii. Calculation of the size of the largest object within the mammogram image, which represents the 

breast portion with the pectoral muscle, by determining the length and width of the object to be 

retained inside the image and removing all objects that are less than the specified length and width.     

The required width of the object is half the width of the image and the height is 150 minus the height 

of the image, according to the following equations: 

     Width of the object = 1/2   width of the image                                           (1) 

 Height of the object = Image Height - 150                               (2) 

     These values were determined experimentally and proven to be effective with the majority of 

images. In other words, any object in the image that does not comply with the specified measurements 

will be deleted and the object whose measurements correspond to the specified measurements will be 

retained, as shown in Figure -3c.  

iii.  Returning the original pixel intensity to the image, as achieved by matching the binary image 

with the original grayscale image. Thus, the pixel that represents the black colour in the original 

image will remain black while the pixel that represents the white colour in the binary image will 

be restored from the original image according to the location of the pixel in the image. The final 

output of this process is an image that includes a breast region with a pectoral muscle and no 

noise artifacts, as shown in Figure -3d.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3 - (a) Original image (b) Binary image (c) After noise artifacts and (d) Restoring the original 

image. 

 

3.3  Pectoral Muscle Detection and Removal 

     The pectoral muscle is a region of homogeneous intensity that is located in the upper left or right 

portion of the breast in most of MLO mammography images. The appearance of the pectoral muscle in 

the MLO view in the mammography images is important and is a proof of the reliability of the 

patient's complete breast imaging for diagnostic purposes by the specialist. On the other hand, the 

detection of the region of the lesions by segmentation of the mammogram image could have an 

erroneous-positive effect due to its high intensity relative to the intensity of the area of the lesions, 

which are more or less intense and, in some cases, equal to the intensity of the pectoral muscle. Thus, 

it is a very important to detect and remove the pectoral muscle automatically from the original 

mammogram. This process was achieved by using the proposed algorithm (SOLTH) that consists of 

the following steps: 

Step1: Splitting the mammography image obtained from the previous stage into four parts, as follows: 

Upper Left Part (ULP), Upper Right Part (URP), Lower Left Part (LLP) and Lower Right Part (LRP). 

        

(a)                             (b) 
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The next steps will be performed only with ULP and URP, which represent the location of the pectoral 

muscle in the mammography image, as shown in Figure -4. 

 

                   
           

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

 

Figure 4- Results of splitting the mammography image (a) Original image (b) ULP (c) URP (d) LLP 

(e) LRP. 

 

Step2: Finding the orientation of the pectoral muscle in the upper parts (ULP and URP), which 

represent the position of the pectoral muscle in the splitting process described above. This is 

performed by calculating the number of non-black pixel intensities in each of the two parts, then 

comparing them. The part that has the highest number of non-black pixel represents the orientation of 

the pectoral muscle in an image (ULP or URP), as shown in Figure -5. The ULP portion will represent 

the position of the pectoral muscle. 

 

                                                                 
                                                                (a)                                     (b) 

 

Figure 5- Results of finding the orientation of the pectoral muscle (a) ULP   (b) URP 

 

 

Step 3: Using the local threshold (thr), where the threshold value was greater than or equal to 150. 

This thr value was carefully selected through experiments and proved to be successful with most 

images, by examining each pixel that achieves the threshold value condition and converts it to a black 

intensity. The pectoral muscle will be removed from the ULP in this process, as shown in Figure -6. 

             
                                                           (a)                                       (b) 

 

Figure 6- Results of removing the pectoral muscle (a) (ULP)   (b) after removing the pectoral muscle.  

 

 Step 4: To view a pectoral muscle in a binary format, we mapped a pixel with a value of 255 in a new 

empty image at the same time as the pixel intensity was modified to black color (value of 0) in the 

previous step. In the same way above, the pectoral muscle was shown but with its original intensity, as 

presented in Figure -7. 
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                                         (a)                                (b)                                  (c)                                

 

 

Figure 7- The effects of applying the binary image of the pectoral muscle region (a) ULP   (b) Binary 

image of the pectoral muscle (c) Pectoral muscle with original intensity. 

 

Step 5: The last step is applied to restore the four parts (ULP, URP, LLP and LRP) of the image that 

represents the breast region after the removal of the pectoral muscle, as shown in Figure -8. 

The SOLTH algorithm steps for pectoral muscle removal are illustrated in algorithm (1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                    (a)                                                                                (b)  

 

Figure 8 - Compilation of split mammography image (a) ULP, URP, LLP and LRP, (b) Breast region 

only 

 

Algorithm 1 : Pectoral muscle removal using SOLTH  

Input:     and    // The image width & height, respectively 

Output:      // Image after removing pectoral muscle 

Begin 

Step1: //Initialization  Set        ;  thr 1 = 150,    ;     ; 

Step2: Split the image into four parts 

 

          For     to   

             For     to   

              = Rectangle(  * (    / 2), j * (   / 2),     / 2,    / 2);  //  method that  

          returns sub image within a specified   ,   location and      width and height    

                     =              ,     // a function that returns a part of an  

                                                                     image within a specified rectangle //       

            End For      

            End For    
Step3: Specify pectoral muscle location either on the left or right of the input image by 

checking the two upper partsm where wid1 and hi1 are the width and height of each part.     
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            For     to         

            For     to        

                =                 ( ,  )    
                 =                   ( ,  )  
            If  (             then  increment      END If  //left part  

            If (             then  increment     END If //right part 

            End For      

             End For    

            If (          THEN                 //check which part contains   

                                                                                  pectoral muscle // 

           else                   END If   

Step4: Remove pectoral muscle from  nimg : which is a part from a source  

                      image with a pectoral muscle            

          For     to              

          For      to                  
                 =               ( ,  )  // get a pixel from       image   

           If ((             //  the threshold  that checks if the pixel is within our threshold        

                                       // remove pixel by changing its color to black 

           END If 

            End For      

            End For    

STEP 5: Group four parts of source image after removing the pectoral to    . The 

following steps will be repeated to all the four parts           

           For     to                                  

           For     to              
                 =               ( ,  )                
                                 
           End For      

           End For  

  End                                                                   

 

 

4.  Experimental Results 

     The proposed algorithm was experimented on 110 mammogram images of the mini-MIAS 

database. The format of these images is "BMP" with a size of 1024 ×1024 and 8 bits per pixel. This 

work was performed using c# program. Images of most types of tissues, such as fatty, fatty-glandular, 

and dense-glandular were included. A method for extracting the ROI and removing the pectoral 

muscle automatically was proposed. The results were examined by a radiologist and the accuracy 

obtained was 90.9 %. Out of 110 images, 100 images had the Accepted category (no remaining 

pectoral muscle tissue in the breast part), 10 images had the Unacceptable category (Remaining 

pectoral muscle tissue in the breast part), and 6 images were removed (absence of pectoral muscle in 

the MLO view due to radiographic errors). Figure -9 shows a sample of the results of the 

preprocessing using Median filtering, then artifacts removal using the Otsu method. Figure -10 shows 

the results of the Pectoral Muscle Removal using SOLTH algorithm. Table -2 presents the comparison 

of the performance of the proposed SOLTH method with different state-of-the-art methods. 
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Image 

Id 

Median filtering 

image 

Binary image using 

Otsu method 

Binary Image of the 

Breast Region 

Breast Region after 

removing artifact 

mdb058 

    

mdb271 

    

mdb256 

    

mdb198 

    

mdb204 

    

 

Figure 9- Results of Artifact Removal 
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Image Id 
Breast Region after 

re-moving artifact 

Binary image of 

the pectoral 

region 

 

Original image of 

pectoral muscle 

region 

Breast Region after 

remove of Pectoral 

muscle region 

mdb058 

 

  

 

mdb271 

 

  

 

mdb256 

 

  

 

mdb198 

 

  

 

mdb204 

 

  

 

 

Figure 10 - Results of pectoral muscle region detection and removal. 
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Table 2 - Performance comparison of the proposed method (SOLTH) with other different methods. 

 

Reference 
 

 

METHODS 

Mammogra

m Images 

from 

MIAS 

 

ACCEPTABLE 

(%) 

 

UNACCEPTABLE 

(%) 

Sreedevi S., et al.[5] 

Combination of 

global thresholding, 

canny edge detection 

method and connected 

component labelling 

322 

 

290 (90.06%) 

 

32 (9.94%) 

Boss R ., et al. [7] 

Histogram based 8-

neighborhood  

connected component 

labeling method 

 

 

322 

 

 

288 (89.5%) 

 

 

34 (10.5%) 

Liu L., et al.[8] 
AD method based on 

statistical theory 
100 81 (81%) 19 (19%) 

Raba D., et al.[19] 
Adaptive histogram 

approach 
322 278 (86%) 44 (14%) 

 

Vaidehi K ., et 

al.[20] 

 

 

Straight line 
 

120 

 

102 (85%) 

 

18 (15%) 

Proposed  method 

(SOLTH ALGORITHM) 

100 98 (98%) 2 (2 % ) 

110 100 (90.9%) 10 (9.1 % ) 

322 300 (93.2%) 22 (6.8%) 

 

5.  Conclusions 

     Digital mammography is a technique used for early detection of breast cancer, which is one of the 

leading causes of death for women. Pectoral muscle tissue appears in mammography in pixels 

intensity similar to that of cancer cells. Therefore, it must be detected and removed from the breast 

region of the mammography before any processing is performed to detect the cancer cells in the breast 

region. The main objective of this paper is to propose an efficient algorithm of pectoral muscle 

removal on MLO mammograms. The proposed algorithm is based on the splitting of the 

mammography image into four parts; these are the ULP, URP, LLP, and LRP. Then, the orientation of 

the pectoral muscle is found in the upper parts (ULP and URP). Then, the local threshold (thr) was 

used to remove the pectoral muscle. Our algorithm was tested on 110 mammogram images taken from 

the MIAS database and achieved an accuracy of 90.9%. This algorithm can be effectively used to 

detect and remove the pectoral muscle without losing any information from the remainder of the 

mammogram. After removal the pectoral muscle from the mammogram, further processing is confined 

to the breast region alone.  
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