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1 Introduction

Breast cancer has been one of the major diseases affect-

ing women over the past several decades. Mammographic 

screening has become a standard medical examination and 

screening tool for women of age 50 years and above. The 

successful implementation of breast cancer screening pro-

grams around the world has greatly increased the number 

of mammograms that need to be examined, and has created 

the need for systems for computer-aided diagnosis (CAD) 

to assist radiologists.

Mammography imaging is X-ray imaging of the breast, 

and using X-rays as the base technology makes mam-

mography distinct from other imaging techniques. Mam-

mograms are usually high-resolution images with high 

bit-depth, which provides the possibility of discovering 

abnormalities masked by surrounding and overlapping 

breast tissue. CAD systems should include multiple dif-

ferent possibilities for image enhancement, automatic 

segmentation, and registration, and, in the ideal scenario, 

automatic detection algorithms for various possible fea-

tures that could indicate an abnormality. The main pre-

processing technique in CAD applications is defining the 

proper region of interest which implies some sort of image 

segmentation and object detection. After the segmentation, 

the user of a CAD system can start all other automatic 

detection and diagnosis tools on the way to bring a reliable 

and quick diagnosis.

There are two commonly used ways of capturing and 

storing mammograms: analog screen-film mammography 

(SFM) and full-field digital mammography (FFDM). Each 

of these methods has its advantages, but there is no signifi-

cant difference in their diagnostic accuracy [28]. FFDM is 

being used more commonly now because of the conveni-

ence of digital storage and lower running cost for each 
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examination. Even though there is a standard for image 

storage for use with several medical imaging modalities 

called DICOM [40], different equipment manufacturers 

have different storage options because of varying capabili-

ties of the equipment.

In this paper, we deal with image processing techniques 

for segmentation of the breast tissue from the background 

in both FFDM and digitized SFM images, and also for seg-

mentation of the pectoral muscle from mediolateral oblique 

(MLO) mammograms. Segmentation of the breast tissue 

from the background is important for automatic detection 

and registration methods as well as for determining the 

breast tissue boundaries for proper image display without 

manual adjustment. In MLO mammograms, a part of the 

pectoral muscle is visible, and obtaining its boundaries 

leads to useful information about the position of the breast 

and its orientation as well as the overall intensity of the 

gray levels in the image. Because of these reasons, many 

automatic methods for detection of the pectoral muscle and 

its masking have been proposed, and such methods have 

become a part of commercial CAD systems. In this paper, 

we review recent advances in segmentation techniques, 

with emphasis on the most commonly used approaches that 

have provided the best results.

It is a challenging task to compare the performance of 

different methods when they were tested on images from 

different sources in the initial works because image proper-

ties can vary and some techniques can lead to better results 

when certain types of images are used for testing. It would 

be ideal to compare all of the methods using the same set 

of images containing a large selection of images with vary-

ing quality and from multiple image capturing sources. 

There are a few different public mammographic image 

datasets available, but the most widely used databases are 

the Mammographic Image Analysis Society (MIAS) data-

base [50] with 322 MLO mammograms and Digital Data-

base of Screening Mammograms (DDSM) [20] with 2620 

cases and almost 10,500 both CC and MLO mammograms. 

These two databases consist of digitized SFM images, 

which makes them outdated. Unfortunately, no comparable 

and comprehensive database of FFDM images is publicly 

available at present. Some of the reviewed algorithms for 

segmentation of the breast tissue from the background and 

the pectoral muscle have been implemented in CAD solu-

tions among with nipple detection algorithms, but the infor-

mation about which commercial software developer uses 

which algorithm is confidential and not publicly available.

The paper is organized as follows. Section 2 provides 

descriptions of methods for breast segmentation from the 

background. Section 3 presents a review of methods for 

segmentation of the pectoral muscle in MLO mammo-

grams. Section 4 summarizes the most commonly used 

segmentation approaches and provides comparative analy-

sis of their results, and Sect. 5 draws the conclusion.

2  Segmentation of the breast from the 

background

Image segmentation is an important initial step in com-

puter-aided analysis of mammograms regardless of the sub-

sequent steps of processing. In the case of scanned SFM 

images, each image before the segmentation process may 

contain many objects and artifacts that need to be removed, 

such as labels, markers, scratches, and, in the worst case, 

even adhesive tapes. Another important problem that needs 

to be addressed in the case of scanned SFMs is the orien-

tation of the image and the separation of the breast tissue 

region from the edge (first column) of the image. Figure 1 

shows an example of a scanned SFM image from the 

MIAS database that contains many background objects and 

artifacts.

Mammograms are projection images of 3D structures 

in the breast that have different physical dimensions and 

cause different levels of attenuation of X-rays. For this rea-

son, similar intensities in the resulting image could be the 

result of many overlapping tissues of low density or of a 

few tissues of higher attenuation. Therefore, using solely 

the intensity in the image cannot guarantee proper segmen-

tation of the desired tissue. There have been many solu-

tions proposed for segmentation of breast tissue from the 

Low intensity label 

Orientation tag

Tape artifact 

Scanning artifact

Unknown 
position and 
orientation

Fig. 1  Example of an SFM image which contains many background 

objects and artifacts
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background in mammograms, some of which are reviewed 

in the following paragraphs.

There are many ways to define how accurate an auto-

matic segmentation is, and one of the mostly used 

approaches is thorough completeness and correctness. 

Completeness and correctness can be defined using TP, FN, 

and FP parameters. TP is the true-positive area or area iden-

tified correctly by the method; FN is the false-negative area 

or area missed by the method; and FP is the false-positive 

area or area identified as error by the method. Complete-

ness and correctness are defined as:

where areamatched is the area that is common between 

areasegmented as provided by the segmentation method and 

areamask as provided by the reference or ground truth anno-

tated by an expert.

Qi and Head [43] conducted a study on breast asymme-

try with images obtained using a thermal (infrared) camera. 

Infrared images have different properties in terms of inten-

sity distribution as compared to X-ray mammograms. It is 

interesting to note that, even though the image modality is 

different, a few basic preprocessing techniques are used 

to achieve image segmentation as in images from other 

modalities. Qi and Head [43] used the Canny edge detector 

to obtain binary edge images and the Hough transform to 

extract feature curves which were used to detect asymme-

try. The thermograms they used have much lower contrast 

than mammograms and, therefore, are more difficult to seg-

ment because a region of interest (ROI) may be placed dif-

ferently in each image.

Van Engeland et al. [55] presented a comparison of 

methods for registration of mammograms with the aim of 

detecting corresponding areas in the left and right breasts. 

To segment the breast tissue from the background, they 

used the low-intensity property of a mammogram’s back-

ground and morphological operations for removing pos-

sibly existing labels. The process for alignment involved 

detection of the pectoral muscle and detection of the nip-

ple position, which required accurate segmentation of the 

breast skin-line because the nipple is assumed to be located 

at the skin–air interface. Hong and Brady [21] used a topo-

graphic approach by determining contours of the same or 

similar intensity and creating an isolevel contour map. A 

problem with the process for contour creation is the exist-

ence of noise; therefore, it is necessary to remove the noise 

and insignificant details without degrading the edges. For 

this purpose, Hong and Brady [21] used the anisotropic 

diffusion filter [58]. Their approach detected regions 

(1)completeness =
areamatched

areamask

≈
TP

TP + FN
and

(2)correctness =
areamatched

areasegmented

≈
TP

TP + FP
,

corresponding to the breast boundary, the pectoral mus-

cle, masses in general, and dense tissue regions. Although 

the results of mass detection using 48 mammograms were 

good, the segmentation accuracy needs improvement 

according to the results presented in their paper.

Wirth and Stapinski [60] used active contours, also 

known as snakes, for segmentation of the breast tissue 

region in mammograms. Active contours are generally sen-

sitive to the seed point location or position of the initial 

contour and to undesired local intensity minima which can 

lead to false segmentation. To overcome these problems, 

Wirth and Stapinski [60] adapted their method to be semi-

automatic, with the need to place the initial contour close 

to the expected result. The proposed method was tested on 

mammograms from the MIAS database, and the results of 

only a few cases were shown. Therefore, it is not possible 

to obtain information about the performance of the pro-

posed method on the entire database, which contains many 

difficult-to-process images. Wirth et al. [61] proposed a 

fuzzy segmentation method which uses a combination 

of two variables, a measure of the size of deviations in a 

neighborhood surrounding the pixel being processed and a 

measure of edge sharpness in a neighborhood of the pixel. 

Evaluation of the method was performed on 120 mammo-

grams from the MIAS database, achieving a result of com-

pleteness of 0.99 and correctness of 0.98.

Active contours were also used by Ferrari et al. [16] as a 

segmentation tool for identification of the breast boundary. 

As the first step, they performed contrast enhancement of 

the tissue near the boundary using a logarithmic operation:

where G(x, y) is the intensity of the transformed image and 

I(x, y) is the input image at the position (x, y). After contrast 

enhancement, their procedure included steps of binarization 

using the Lloyd–Max quantizer and morphological open-

ing to remove small objects outside the breast region. An 

approximate breast boundary was extracted from the binary 

mask using the chain-code method. By observing the inten-

sity variation in pixels along normals to the breast bound-

ary, they extracted an improved estimate of the boundary 

based on histogram analysis. Furthermore, since the tradi-

tional active contour model did not give satisfactory results, 

they proposed an adaptive active deformable contour 

model, with which they were able to obtain a more accu-

rate breast boundary, especially in situations when objects 

of high intensity were present close to the breast boundary. 

The method was tested on 84 mammograms from the mini-

MIAS database and produced the following FP and false-

negative (FN) percentages with the corresponding standard 

deviation: 0.41 ± 0.25 % and 0.58 ± 0.67 %. An example 

of accurate segmentation of a mammogram with a label 

close to the skin-line is shown in Fig. 2.

(3)G(x, y) = log
[

1 + I(x, y)
]

,
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Rickard et al. [45] presented a multiscale analysis 

method that considers multiple versions of the original 

image filtered by Gaussian filters with different standard 

deviation values. Features were obtained by convolving 

the filtered images with combinations of the derivative of 

Gaussian function. Self-organizing maps were used in the 

feature reduction process. The method was tested on 400 

mammograms from the DDSM including both craniocau-

dal (CC) and MLO projections. Based on visual inspection 

of the results, the authors indicated that the results vary 

with the use of different numbers of clusters and threshold 

levels for different breast density categories, but did not 

provide detailed explanation of the results obtained.

Breast density is a measure or category, indicating the 

amount or proportion of fibroglandular tissue present in the 

breast or as seen in a given mammogram. Figure 3 shows 

examples of four mammograms, one for each category 

according to the BI-RADS nomenclature [2].

As mentioned earlier, the performance of a method for 

segmentation is largely influenced by the quality of the 

given image and contrast of the tissue against the back-

ground. Breast density can, therefore, have a large influ-

ence on the results of segmentation because of substantial 

variation in contrast and texture in different categories of 

density. Different mammographic databases contain images 

of different properties in terms of spatial resolution, bit-

depth, presence of artifacts, and breast density categories. 

Visual differences between mammograms from different 

databases are illustrated in Fig. 4. Problems related to these 

issues were studied by Wirth et al. [62], who also mention 

the problem of demonstrating acceptable performance of 

segmentation algorithms in mammography.

Besides the properties of a given image, another aspect 

that should be taken into account is the difficulty to seg-

ment a certain mammogram. In the segmentation step, 

most algorithms use the same property to distinguish 

breast tissue from the background, based on differences 

in local or global intensity. The difference between vari-

ous approaches is in finding other important properties and 

combining their results to achieve an accurate decision as 

to whether the pixel being analyzed belongs to the class of 

breast tissue or to the background. The problem of sensitiv-

ity to the variation in intensity and accuracy in segmenta-

tion with a “difficult” mammogram “mdb006,” which has 

a bright label close to the breast tissue, is shown in Fig. 5 

from Wirth et al. [62].

The questions that arise after observing Fig. 5 are “What 

is the acceptable accuracy of an automatic segmentation 

algorithm?” and “Is there a rule that would assist in mak-

ing a decision as to whether the accuracy of segmentation 

is adequate for a CAD system?” Unfortunately, there is no 

mathematical procedure that can answer these questions, 

and the benchmark to assess the accuracy of segmentation 

is manual evaluation by an expert radiologist.

Baker et al. [4] conducted a study on the accuracy of 

segmentation of a commercial CAD system for mam-

mography. Their results, obtained by manual evaluation of 

Fig. 2  Accurate segmentation of the mammogram with a label close 

to the skin-line [16]

Fig. 3  a–d Mammograms belonging to BI-RADS I to BI-RADS IV, 

respectively
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segmented images, gave the result of 96.8 % of near per-

fect or acceptable segmentation of 2020 mammograms 

from 507 women. The tested images were both SFMs and 

FFDMs obtained from a direct conversion mammographic 

device with the spatial resolution of 50 µm/pixel. Wei et al. 

[57] used a global thresholding method and morphological 

operations for segmentation of the breast boundary from 

the background. They used the watershed transform, which 

combines region growing and edge detection techniques, on 

the edge region of the breast tissue to detect the actual edge. 

The results of the proposed method show 94.9 % of accu-

rate segmentation; ad problems in the segmentation accu-

racy occurred in cases of oversized breast tissue regions in 

the mammogram. Raba et al. [44] proposed a method for 

breast tissue segmentation that uses an adaptive histogram 

approach and selective region growing for removal of the 

pectoral muscle. Different thresholds were set, and masks 

calculated using the thresholds were overlapped. The 

regions defined by the boundary of the smallest threshold 

to the boundary of the largest one were statistically eval-

uated to calculate the mean gray level for use as the final 

threshold value. To test the proposed method, they used the 

mini-MIAS database, which contains same images as the 

original MIAS database but with reduced size and spatial 

resolution of 200 µm/pixel. The proposed method resulted 

in 98 % of accurate segmentation. Besides detection of the 

breast boundary itself, the proposed method also provides 

the possibility to detect a few key points on the boundary, 

such as the nipple location.

An approach that relies on detection of the stroma edge 

and extrapolation of the breast skin-line from the stroma 

was presented by Sun et al. [52]. Stroma is the tissue 

between the ducts and glands in the breast composed of fat 

and fibrous tissue in varying proportions. Figure 6 depicts 

the stroma edge and the skin-line in an MLO mammogram 

[52].

Fig. 4  a Mammogram from the Nijmegen database; b, c mammograms from the MIAS database; d, e mammograms from the DDSM database 

[62]

Fig. 5  a Original mammogram “mdb006” from the MIAS database; b segmentation mask using polynomial modeling; c segmentation mask 

using fuzzy-rule-based segmentation; d segmentation mask using knowledge-based segmentation; e ground truth segmentation [62]
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The stroma edge usually has high contrast with respect 

to the mostly fatty tissue near the breast border, and is 

seen as a dark region not only because of its type but also 

because of its physical dimensions, which are smaller and 

therefore present lower attenuation for X-rays. For these 

reasons, Sun et al. [52] used Otsu’s thresholding method. 

For detection of the initial segmentation contour, they 

relied on the property that the stroma of the breast has 

more or less a uniform distance to the breast skin-line. For 

removal of labels and nontissue objects from the back-

ground, they used morphological opening and closing 

operations which also helped in smoothing the breast area. 

However, the detected edges of both the stroma and the 

breast tissue were not smooth. To overcome this problem, 

they used downsampling and neighborhood-averaging with 

cubic spline fitting. To test their method, Sun et al. used 82 

mammograms from the mini-MIAS database. The method 

resulted in a mean error of 3.28 pixels with standard devia-

tion of 2.17 pixels.

Karnan and Thangavel [24] used a genetic algorithm to 

detect the breast border and the nipple position. As the first 

step, they enhanced the original image and removed arti-

facts and then applied threshold to get the binary image. 

After that, they extracted the breast border from the breast 

segmentation mask and then enhance the breast border 

using the genetic algorithm. The nipple position was deter-

mined from the pixels belonging to the breast border using 

the genetic operators such as reproduction, single-point 

crossover, and mutation to get new population of strings. 

Pixels which generated the minimum value of a fitness 

measure in the genetic algorithm are treated to be the nip-

ple position. By knowing the breast tissue border and 

nipple position, they were able to determine the exact ori-

entation of the image and extract suspicious regions using 

bilateral subtraction of the left and right mammograms. 

To test their methods, Karnan and Thangavel used images 

from the MIAS database, but did not provide information 

about the success of the methods in terms of segmentation 

accuracy because their work was aimed at the detection of 

asymmetry.

Yapa and Harada [65] used the fast marching method 

that makes possible segmentation of arbitrary shapes. The 

method starts from a seed point, and the boundary is esti-

mated in each step until the evolved curve describes the 

actual edge of the breast tissue. This method in the two-

dimensional case is similar to region growing with a differ-

ent interpretation. In the fast marching method, the speed 

function tries to determine when an edge represented by a 

sudden intensity change appears. In such a case, a region 

growing algorithm would reach the stopping criterion in the 

direction of the edge detected but could continue to propa-

gate in another direction. With the fast marching method, 

the segmented object remains inside a closed contour, and 

this approach eliminates false segmentation results due 

to inconsistencies in the background. The problem that 

needs to be addressed is “boundary leaking” due to low 

contrast of the tissue edges toward the background; this 

was achieved by applying the alternating sequential filter, 

which is a morphological operation of area closing fol-

lowed by area opening. The proposed method was tested on 

100 images from the mini-MIAS database, and the results 

obtained for completeness and correctness were 98.6 and 

99.1 %, respectively.

Martí et al. [34] used a contour growing approach, 

which is similar to the active contours approach. The origi-

nal image was first filtered with a Gaussian smoothing 

function at different scales, and on the result for each scale, 

an edge detection algorithm was applied to extract edges. 

Next, a seed point was detected to start the contour grow-

ing process. The initial seed point was obtained as the first 

local maxima of the gradient in the scale space representa-

tion along the x-axis at half the height of the image. Further 

refinement was based on analyzing the position of vari-

ous seed points at close the same position at a small range 

in the y-coordinate, and the final seed point was obtained 

using a least median error estimation. Once the seed point 

was detected, a contour growing process starts based on the 

combination of different criteria. For each point, a set of 

candidate growing points were obtained situated in a nor-

mal line along the gradient direction, and the one which 

fills the criteria best is chosen to belong to the breast border. 

Testing of the method was performed on 65 MIAS and 24 

DDSM images, and the results were compared with manu-

ally segmented images. The results obtained for complete-

ness and correctness were about 0.96 for both measures. 

Fig. 6  Stroma edge and the skin-line in a MLO mammogram [52]
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According to the authors’ observations, the algorithm faced 

problems with noisy images which led to poor estimates of 

the initial seed point and with nonuniform breast intensity 

distribution which yielded undersegmented images.

Oliver et al. [41] worked on classification of mammo-

graphic images based on the amount of fibroglandular tis-

sue. Before the feature extraction process, they needed to 

have fully segmented breast tissue from the background 

with the pectoral muscles removed. Since their work was 

based on tissue type classification, there was no need to 

use accurate segmentation methods, because a small loss 

of pixels representing the tissues around the breast border 

could be neglected in the tissue classification process with-

out much influence on accuracy. For these reasons, they 

used the method by Raba et al. [44].

A complete system for segmentation of mammograms 

was proposed by Tzikopoulos et al. [54], including pre-

processing, noise estimation, and image filtering, as well 

as detection of the breast boundary, the pectoral muscle, 

and the nipple. Images were transformed so that the chest 

wall location is always on the left side of the image and the 

pectoral muscle is situated in the top left corner. In the sec-

ond step, procedures were included to remove objects that 

did not correspond to breast tissue, such as tape artifacts 

and labels, with a combination of logical and morphology 

operators on a thresholded image. To detect the breast tis-

sue boundary, they used the property of the skin–air inter-

face being the smoothest section of identical pixels near the 

breast edge. In order to estimate the boundary, they relied 

on polynomial fitting of the pixels from the detected region 

with orders of 5–10. This procedure was repeated for dif-

ferent threshold values and that producing the least error 

was selected. No information was provided about the speed 

of the boundary detection algorithm; use of a procedure for 

polynomial fitting could demand substantial computational 

time. Their procedure for detection of the pectoral mus-

cle is described in the following section. Their method for 

detection of the nipple relies on accurate detection of the 

region where the nipple should be situated and threshold-

based search of the same region with the condition that 

the nipple is 2–10 mm in size. Results of breast boundary 

segmentation obtained using the mini-MIAS database were 

indicated as 0.900 according to the Tannimoto coefficient 

and 0.945 according to the dice similarity coefficient. The 

nipple detection method resulted in correct detection for 

88 of 118 cases with the nipple being visible in the breast 

profile.

A threshold-based approach for segmentation of digi-

tal mammograms with wavelet-based decomposition for 

removal of the pectoral muscle was presented by Mustra 

et al. [38]. Segmentation of the skin-line was performed on 

digital mammograms preprocessed on the imaging device 

and enhanced for viewing on the workstation display 

(“for-presentation” category). Because of the preprocess-

ing step, the mammograms have better contrast and do not 

have labels and artifacts that are usually present in SFMs. 

Therefore, the process of segmentation of the breast bound-

ary achieved a success rate of 100 %, while segmentation 

of the pectoral muscle was of acceptable accuracy in 85 % 

of the cases. An example of accurate segmentation of the 

breast boundary is shown in Fig. 7.

A method for segmentation using graph-cut techniques 

was presented by Saidin et al. [46]. This technique requires 

the user to select a few pixels that belong to the object of 

interest and a few pixels belonging to the background. The 

method is designed for segmentation of different tissue 

types, such as the pectoral muscle, masses, and dense tissue 

in mammograms, as well as the breast tissue from the back-

ground. Since the technique is not completely automatic, 

user interaction may take substantial time. Nagi et al. [39] 

proposed a method for breast profile segmentation that uses 

median filtering to remove noise and small artifacts that 

can exist in both background and breast tissue. For removal 

of labels, they used the approach of thresholding combined 

with morphological operations. To determine which objects 

are labels, they used an automatic method for counting of 

pixels that are joined together and create the same object. 

These steps were performed by image processing functions 

in the MATLAB Image Processing Toolbox; see Gonzalez 

et al. [19] for details. After segmentation, their method pro-

ceeded with contrast enhancement and removal of the pec-

toral muscle using a seeded region growing technique. To 

define the success of the method, they included a step to 

Fig. 7  Detected breast border contour around nipple region [38]
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divide the segmented area into regions of TP, FP, and FN 

detection by overlapping the segmentation mask with the 

ground truth segmentation mask drawn by a radiologist; 

see Fig. 8. Whereas no quantitative results were provided, 

it was claimed that the segmentation results were of “high 

accuracy.”

The approach for segmentation of the breast skin-line 

presented by Zhang et al. [66] used a region growing algo-

rithm with automatic seed detection, morphological opera-

tors, and low-pass filtering to smooth the detected bound-

ary. In the method for automatic seed detection, initial 

seed points are located around the start and end point of 

the diagonal reference line that goes from the top left to the 

lower right corner of the image, as shown in Fig. 9.

For removing noise and artifacts, Zhang et al. [66] used 

a technique known as connected component labeling that 

finds the largest object in the image and removes all other 

objects. The final step was smoothing the breast boundary, 

which was done using a low-pass filter in the frequency 

domain. To test the proposed method, they used 20 ran-

domly selected images from the mini-MIAS database, 

and indicated that the results were highly accurate with no 

quantitative analysis of segmentation accuracy.

The use of statistical properties of mammograms to 

extract the breast boundary was investigated by Tayel 

and Mohsen [53]. They used a technique of applying dif-

ferent threshold values for segmentation of regions with 

similar properties in different images. Adequate explana-

tion of how the thresholds were chosen was not provided. 

This paper also does not provide quantitative analysis of 

the success of segmentation, and visual inspection of the 

segmentation masks shows that the accuracy of segmenta-

tion of details around the breast boundary and the pecto-

ral muscle boundary does not compare favorably with the 

results of state-of-the-art algorithms.

A statistical approach for segmentation of breast tis-

sue was presented by Oliver et al. [42]. The aim of their 

work was to determine breast density from mammograms 

by finding the amount of fibroglandular tissue in the over-

all breast tissue. Since they used the MIAS database, which 

contains only MLO mammograms, it was necessary to pre-

process the images to remove all the labels from the back-

ground as well as the pectoral muscle. For preprocessing, 

they adopted the method presented by Martí et al. [34]. 

The approach of Oliver et al. consists of modeling tissue 

in such a way that image regions are classified according 

to image patches manually extracted from several images 

and belonging to various tissue categories. Their method is 

based on the Karhunen–Loève transform used commonly 

in face recognition and linear discriminant analysis. The 

methods provide good accuracy in tissue type categoriza-

tion but could present problems in segmentation accuracy 

because the image patches used have limited physical size.

Chen and Zwiggelaar used a combined method for iden-

tification of the breast boundary [12]. For an initial approx-

imate threshold, they used the valley between two peaks 

in the histogram of the image representing the breast tis-

sue and the background. From the resulting binary image, 

they extracted the largest object that is expected to repre-

sent breast tissue using the connected component labeling 

algorithm. To detect the actual breast edge, they placed 40 

points along the detected object’s boundary and performed 

edge detection on an orthogonal line of width 100 pixels at 

each of the 40 points. This process was repeated three times 

using a different Gaussian kernel for filtering. Then, a con-

tour growing method was applied to detect 40 seed points 

placed one per each line orthogonal to the breast bound-

ary. The new set of points was then used for cubic polyno-

mial fitting to obtain the final breast boundary. The method 

was tested on the MIAS database and resulted in 64.8 % 

of accurate, 34.0 % of near accurate, 1.2 % of acceptable, 

and 0 % of unacceptable segmentation. The segmentation 

accuracy was similar for mammograms from a different 

Fig. 8  Definition of TP, FP, and FN segmentation results according 

to the ground truth [39]

Fig. 9  Location of two seed points for the region growing
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database and slightly worse for segmentation of the pecto-

ral muscle.

Maitra et al. presented a complete preprocessing scheme 

of digital mammograms [33]. They proposed automatic 

detection of the orientation of the breast with no informa-

tion according to the DICOM protocol; mammograms were 

oriented such that the chest wall is situated on the left bor-

der and the pectoral muscle is situated in the top left part of 

the image. For image enhancement, they used the contrast 

limited adaptive histogram equalization (CLAHE) tech-

nique [67]. No accurate description was provided as to how 

segmentation was performed after the enhancement step; it 

could be assumed that a method of thresholding was used. 

Applied on the mini-MIAS database, the method provided 

95.71 % of acceptable segmentation.

Mustra and Grgic [37] proposed a method for segmen-

tation of the breast tissue from the background, designed 

mainly for scanned SFMs that suffer from background 

inconsistency and misalignment of images. The proposed 

method includes removal of tags and background artifacts 

using morphological opening, which eliminates the influ-

ence of nontissue objects in the processes of image align-

ment and detection of the skin–air interface. After roughly 

estimating the breast tissue area, a finer thresholding is 

achieved by dividing the tissue near the skin–air interface 

into smaller segments, which makes thresholding more 

accurate. This allows the use of multiple different threshold 

values and, therefore, more accurate detection of the breast 

border. In segmentation of SFM images, there is always 

the problem of smoothing the detected tissue boundary 

because of uneven intensity of pixels that belong to the cor-

responding object. To overcome this problem, Mustra and 

Grgic [37] split the ROI for border detection into smaller 

ROIs and transformed them from the rectangular to the 

polar coordinate system. The polar coordinate system was 

chosen because it represents the shape of a breast boundary 

better than the rectangular coordinate system, as shown in 

Fig. 10. The method was tested on the entire mini-MIAS 

database and resulted in 91.6 % of successfully segmented 

mammograms, 7.5 % of acceptably segmented mammo-

grams, and 0.9 % of unacceptable segmentation, with the 

average error in the segmented area equal to 3.7 %.

Casti et al. [10] used Otsu’s thresholding method and the 

Euclidean distance transform with edge detection by means 

of multidirectional Gabor filtering. To enhance edge vis-

ibility, they used an adaptive values-of-interest (VOI) trans-

formation, which gives the result shown in Fig. 11. After 

VOI transformation, they used 18 Gabor filters and super-

position of their responses for each image. Image filtering 

in this manner produces many edge responses that do not 

belong to the breast boundary, and therefore, they need to 

be removed from consideration. By knowing the expected 

position of the breast boundary, Casti et al. [10] were able 

to remove most of the false edge responses that belong to 

the background. The final step in creating the breast bound-

ary was edge linking to produce a closed boundary, from 

which they were able to create a segmentation mask. The 

method was tested on 249 mammograms from the mini-

MIAS database and 194 FFDM images. The results were 

evaluated using the measures of completeness, correctness, 

and quality, with quality defined as:

Fig. 10  ROI for detection of the breast border which has width equal 

to W and begins at the distance d from the origin of a half-plane rep-

resented in polar coordinates

Fig. 11  a Original mammogram “mdb007” from the mini-MIAS 

database; b same mammogram after applying VOI transformation 

[10]
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and the values obtained were 99.87 % ± 0.003 %, 

99.57 % ± 0.004 %, and 99.37 % ± 0.005 %, respectively. 

Figure 12 shows an example of good estimation of the 

breast boundary around the nipple region.

3  Segmentation of the pectoral muscle

Another important step in preprocessing of MLO mam-

mograms is detection of the pectoral muscle. The pecto-

ral muscle is situated on the side of the chest wall, mostly 

on the upper half of the image, and is usually seen as a 

brighter region than the rest of the mammogram. The rea-

son for the brighter appearance is that the pectoral muscle 

causes higher attenuation of the X-rays that breast tissue. 

Because of this reason, most methods for detection of the 

pectoral muscle are based on intensity-related properties. 

Most algorithms search for the edge that represents a decay 

of intensity toward the breast tissue. There are many differ-

ent imaging techniques that result in different overall con-

trast of mammograms, and the appearance of the pectoral 

muscle is also affected. In Fig. 13a, b, we can observe how 

mammograms can present different appearance in terms of 

contrast of the pectoral muscle toward the breast tissue.

Kwok et al. presented a method for estimation of the 

edge of the pectoral muscle with a straight line [26], which 

should be adequate for applications where pixels of the 

(4)quality =
TP

TP + FP + FN

pectoral muscle need to be removed. Whereas it is nec-

essary to know or determine the orientation of the given 

mammogram, detection of the breast boundary is not 

required in most methods for the detection of the pectoral 

muscle. Kwok et al. used iterative thresholding in the area 

where the pectoral muscle was expected to be located. To 

detect the exact pectoral muscle border, they used a cliff 

detection method along the estimated straight line. An area 

close to the estimated line was filtered using bicubic spline 

interpolation, the edge detection method was applied, and 

finally, the region was closed. The method was tested on 

the MIAS database, and 94 % of images were segmented 

with acceptable accuracy.

Weidong and Shunren presented a model-based 

method for segmentation of the pectoral muscle [59]. 

They used iterative thresholding until the threshold con-

verged to a steady value in a quarter of the given mam-

mogram where the pectoral muscle is expected to be 

situated, depending on its orientation. A problem that 

can occur in using this method is due to the uneven size 

of the pectoral muscle in different mammograms: Use 

of exactly one-quarter of the given mammogram may 

not represent the best solution because the iterative pro-

cedure is sensitive to the nature and number of the pix-

els selected, which vary according to size of the actual 

pectoral muscle. Weidong and Shunren attempted to 

overcome this problem by using different ROI sizes and 

choosing one such that a significant number of pixels are 

properly thresholded in the area where the pectoral mus-

cle in the image is expected to be present. On the binary 

mask obtained, they used different fitting and line estima-

tion methods, including the Hough transform, twice line 

fitting for better approach to the exact curvature of the 

pectoral muscle, and polygonal modeling. The proposed 

method was tested on 60 mammograms and achieved 

81.7 % of accurate segmentation; no information was 

provided about the database used.

Fig. 12  Segmentation accuracy where red line is the result of method 

[10], and green line shows ideal segmentation (color figure online)

Fig. 13  a Mammogram “mdb001”; b mammogram “mdb029,” both 

from the mini-MIAS database, with different contrast of the pectoral 

muscle toward the breast tissue
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Ferrari et al. [17] proposed a method for automatic 

detection of the pectoral muscle based on the Hough trans-

form. The Hough transform is commonly used to detect 

straight lines in an image by converting points or pixel val-

ues from the image space into the Hough space. By deter-

mining the highest value in an accumulator in the Hough 

space, it is possible to detect the longest or the brightest 

line in the image by obtaining information of its distance 

from the origin in the image and its slope toward the x-axis. 

Ferrari et al. also proposed a different approach using 

Gabor wavelets and finding the pectoral muscle boundary 

by searching for pixels with opposite phase orientation. A 

part of the procedure that needs to be performed accurately 

is detection of the correct candidate for the pectoral mus-

cle from several possible edges obtained after filtering with 

Gabor filters at multiple scales. To test the proposed meth-

ods, Ferrari et al. used 84 mammograms from the mini-

MIAS database. The FP and FN rates for the method based 

on the Hough transform and estimation of a straight line to 

fit the edges of the pectoral muscle were 1.98 ± 6.09 % and 

25.19 ± 19.14 %, respectively. The FP and FN rates for the 

method based on the Gabor filter were 0.58 ± 4.11 % and 

5.77 ± 4.83 %, respectively. Since the edge of the pecto-

ral muscle often has some curvature, it is not possible to 

obtain good segmentation by approximating its edge with 

a straight line.

Kwok et al. [27] addressed the problem of detection of 

the pectoral muscle using straight line estimation and itera-

tive cliff detection along the straight line. One of the com-

mons initial steps is to define an ROI where the pectoral 

muscle is expected to exist in the given image. Such ROIs 

are usually defined at the top left corner of the image after 

the mammogram is oriented as shown in Fig. 14.

After thresholding, Kwok et al. [27] used the Hough 

transform to detect the “strongest” straight line that also 

met certain criteria. The cliff detection process was per-

formed along the straight line but not limited to the ROI, 

because the ROI could be smaller than the actual pecto-

ral muscle as shown in Fig. 14. The edge was defined as 

the point of inflection in the direction perpendicular to the 

straight-line estimate of the edge of the pectoral muscle. To 

test their method, Kwok et al. used the entire MIAS data-

base containing 322 images, with the mammograms rela-

tively small in pixel size due to downsampling to 400 µm/

pixel. After comprehensive evaluation of segmentation 

accuracy by two radiologists, the results of segmentation 

using the straight-line estimation method were considered 

to be good in far fewer cases than for the method of cliff 

detection. Refinement with the cliff detection method, 

which was time-consuming, was considered to give good 

segmentation accuracy in 88.8 % of the cases by the 

first radiologist and in 80.1 % of the cases by the second 

radiologist.

Besides segmentation of breast tissue, Raba et al. [44] 

also studied segmentation of the pectoral muscle using a 

region growing algorithm. A problem that arises with the 

region growing approach is the determination of the cor-

rect stopping condition and selection of an appropriate seed 

point. To avoid false segmentation, Raba et al. applied a 

size restriction. After the detection process, they used mor-

phological operations to smooth the detected boundary 

and tested the method on the mini-MIAS database. Their 

method resulted in 86 % of good extraction of the pecto-

ral muscle, but no information was provided about the seg-

mentation accuracy and validation of the results.

A method for segmentation of the pectoral muscle by 

computing an optimal threshold in combination with the 

Hough transform and polyline fitting was presented by 

Xu et al. [64]. After finding a suitable threshold, they 

extracted points from the initial pectoral muscle mask and 

used the zonal Hough transform. The zonal Hough trans-

form gives the output in the Hough space, from which it 

is easy to detect the orientation of the line that is close 

to the straight line that fits the edge of the pectoral mus-

cle. To refine the detected boundary, they used a method 

of approaching the actual boundary based on the elastic 

thread. Testing of the proposed method was performed 

on 60 mammograms that are not publicly available; the 

results indicated 49 accurately detected of 52 which con-

tained the pectoral muscle and two falsely detected of 

eight with no visible pectoral muscle. The average per-

centage of area of overlap with the hand-drawn segmenta-

tion masks was 94.5 %.

Fig. 14  Definition of the ROI for the pectoral muscle detection by 

Kwok et al. [27]
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Mirzaalian et al. [35] proposed a method for segmenta-

tion of the pectoral muscle using a nonlinear diffusion fil-

ter. The nonlinear filter is expected to provide good results 

in noise removal and homogenizing tissue patterns without 

affecting the sharpness of edges, such as the edge of the 

pectoral muscle. For testing of their method, Mirzaalian 

et al. used 90 mammograms from the MIAS database, no 

information on the selection of the images. They compared 

their method with methods based on the Hough transform 

and Gabor wavelets, and demonstrated better results in 

terms of the mean error and variance of the Hausdorff dis-

tance [23]. Mirzaalian et al. [36] also developed a method 

to extract the breast boundary, for which they used convo-

lution filtering with a low-pass filter that acts as an integra-

tor. The largest region was extracted from a binary image 

obtained by applying a threshold selected at the knee of the 

cumulative histogram of the resulting image.

A study on segmentation of the breast tissue from the 

background and the pectoral muscle from the breast tissue 

using two methods was presented by Adel et al. [3]. They 

used Markov random fields and Bayesian segmentation. 

Their aim was to segment different tissue types that have 

different but similar gray-level intensities from other areas 

in the image, which can be either background or a different 

type of tissue. To group similar tissue types, they relied on 

interconnectivity of the same tissue by means of the eight-

point nearest-neighbor system. Their method, however, did 

not produce results which could be used in a CAD system 

because only 68 % of the results of segmentation were 

rated as good with a test set of 50 mammograms from the 

mini-MIAS database.

Graph theory methods for identifying the pectoral mus-

cle were presented by Ma et al. [30]. The adaptive pyra-

mids’ method uses the assumption that the pectoral muscle 

is located in the top left corner of a registered mammo-

gram and a set of empirically defined variables to create 

an image of possible edges. The edges are represented by 

a sudden change in intensity of neighboring pixels in the 

mammogram. The minimum spanning trees’ method calcu-

lates the strongest detected edge. After the edge detection 

step, Ma et al. used active contours to refine the detected 

edge because graph-based methods failed to provide y 

accurate segmentation. Both of these methods use sev-

eral empirically assigned values which were not clearly 

explained; furthermore, no information was provided about 

the computational time needed to achieve segmentation of 

a mammogram. The methods were tested on the same set 

of 84 mammograms from the mini-MIAS database used by 

Ferrari et al. [17]. The test results of Ma et al. show slightly 

worse performance when compared with those of Ferrari 

et al. in terms of FP and FN measures.

Wongthanavasu and Tanvoraphonkchai [63] pro-

posed the use of two-dimensional cellular automata for 

segmentation of mammograms. First, they used Otsu’s 

algorithm for initial segmentation of a given mammogram 

into four different intensity regions in which they were able 

to detect edges that should correspond well to different tis-

sue types. This method relies on detection of the pectoral 

muscle no matter where the muscle is situated in the given 

image. However, the question of accurate segmentation 

arises because the only method used for border extraction 

is Otsu’s method of thresholding. This method can face 

difficulties in performing accurate segmentation with low-

contrast images as with dense breasts. The method was 

tested on 84 mini-MIAS mammograms Ferrari et al. [17] 

with poor performance in segmentation accuracy.

Kinoshita et al. [25] used a Radon-domain method for 

detection of the nipple and the pectoral muscle. Radon-

domain detection is comparable to the Hough transform, 

which is a commonly used tool for detecting straight lines 

in images. Each point in the Radon domain corresponds 

to the integration of the image along a straight line in the 

spatial domain of the image. Before applying the Radon 

transform and detection of key points, Kinoshita et al. used 

the Wiener filter [18] to restore images degraded by noise. 

On the filtered mammograms, a threshold was applied 

and background objects were removed using morphologi-

cal opening and closing operations. After segmenting the 

breast tissue from the background, without refinement of 

the boundary, they proceeded with the detection of the pec-

toral muscle, which was characterized as a bright object 

with high density. For edge detection, they used the Canny 

edge detector [8], and on the resulting image, they applied 

the Radon transform. In the Radon domain, they developed 

a procedure to detect straight lines that would be suitable 

candidates to represent the pectoral muscle border by hav-

ing the slope toward the x-axis in range between 5° and 

50°. Kinoshita et al. did not apply any method for refine-

ment of the detected pectoral muscle edge, which was esti-

mated as a straight line. The method for pectoral muscle 

detection was tested on a large set of mammograms con-

taining 1080 images, and the resulting FP and FN rates 

were 8.99 ± 38.72 % and 9.13 ± 11.87 %. Kinoshita et al. 

also presented a method for detection of the nipple using 

morphological top-hat filtering and characteristics of breast 

anatomy. The procedure provided good results in cases 

when the nipple is visible in the segmented image and is 

located outside of the breast profile.

Tzikopoulos et al. presented a method for segmenta-

tion of the pectoral muscle [54] combining two approaches 

mentioned often, straight-line estimation and validation 

followed by iterative cliff detection. Iterative cliff detec-

tion is used to refine the pectoral muscle boundary detected 

as a straight line, which may not have adequate accuracy 

for applications. Although Tzikopoulos et al. mention that 

tests were carried out using the mini-MIAS database, they 
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do not provide quantitative analysis of the success of their 

method in segmentation of the pectoral muscle.

Saltanat et al. [47] used a pixel-value-based mapping 

scheme for segmentation of the pectoral muscle in mam-

mograms. After preprocessing, they used morphological 

opening and closing operations in gray scale to sharpen the 

boundary of regions and obtain a lower number of discrete 

intensities. By assuming the position of the pectoral muscle 

to be in the top left corner of the mammogram, they used a 

region growing method to extract the related area with dif-

ferent stopping conditions. For testing, they used mammo-

grams from the mini-MIAS database and obtained 84 and 

92 % of acceptable segmentation according to two different 

radiologists.

Nagi et al. [39] presented a method for segmentation 

of both the breast tissue and the pectoral muscle in mam-

mograms. The proposed method uses empirical threshold 

estimation to create a binary mask of the breast tissue and 

embedded MATLAB functions in the image processing 

toolbox, most of them related to black and white morphol-

ogy, for the removal of background artifacts in the binary 

image. To segment the pectoral muscle, they used seeded 

region growing combined with linear contrast enhance-

ment applied to the entire image. Even though the region 

growing method provides accurate segmentation in cases 

of good overall contrast between the segmented object 

and the background, Nagi et al. used a straight-line esti-

mate of the pectoral muscle. The accuracy of estimation of 

the straight line was not high in some cases; no numerical 

evaluation of the performance of the proposed method was 

provided.

A method for detection of the pectoral muscle based 

on the Markov model was proposed by Wang et al. [56]. 

The Markov property is a conditional independence of the 

future evolution based on the past, which means that the 

whole history of the process is being summarized in the 

current state. The algorithm observes one row of the image 

at which the contrast between the pectoral muscle and the 

background tissue is high, and creates a scan of pixel val-

ues along the selected line. The edge is defined as the point 

with highest standard deviation. This procedure is iterated 

for all rows where pectoral muscle can be visible. By that, 

an approximate pectoral muscle boundary is created as 

a set of pixels with the highest standard deviation in each 

row of the image. The next step of the proposed method 

is boundary refinement, for which they used an energy 

minimization function from an active contour model. This 

step is expected to provide a smooth boundary without the 

need for median filtering, which could distort fine edges. 

The algorithm was tested on 200 mammograms from the 

DDSM database. Wang et al. achieved 84 % of acceptable 

segmentation; by using the boundary refinement operation, 

the acceptable segmentation results rose to 91 %.

Tayel and Mohsen [53] proposed an intensity-based seg-

mentation method which detects the pectoral muscle by 

checking whether the intensity in the top left corner of an 

image is higher than the mean intensity of pixels belonging 

to the breast tissue. Pixels belonging to the pectoral muscle 

are expected to have intensity higher than (mean + stand-

ard deviation * 2/3). The proposed method was tested on 

the mini-MIAS database and other unspecified mammo-

grams, but no numerical results about the performance of 

the method were provided; it was claimed that the method 

performed better than that of Tzikopoulos et al. [54].

Camilus et al. [6] presented a method for extraction of 

the pectoral muscle based on graph-cut image segmenta-

tion and evaluation of the Bezier curve for smoothing the 

edge obtained by segmentation. Like most of the other 

methods described in this review, this approach also uses a 

priori delineation of the ROI where the pectoral muscle is 

expected to be present. Camilus et al. did not limit the ROI 

vertically so that it extends through the entire height of the 

image, as shown in Fig. 15. From the extracted ROI, Cami-

lus et al. created a graph from which they detected multi-

ple boundaries based on various thresholds. To refine the 

detected boundary, they used points on the detected bound-

ary and fitted a Bezier curve. With a set of 84 randomly 

chosen mammograms from the mini-MIAS database, they 

obtained FP = 0.0064 and FN = 0.0558. Camilus et al. 

[17] used the same number of images but not the same 

images as.

The mean-shift segmentation method for segmentation 

of the pectoral muscle was presented by Sultana et al. [51]. 

Fig. 15  ROI for the pectoral muscle segmentation [6]
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The mean-shift segmentation method tries to allocate each 

pixel from the observed image to clusters by analyzing the 

pixel’s surrounding. To determine whether the observed 

pixel belongs to a certain cluster, it is necessary to calcu-

late its similarity to other pixels by using a kernel function. 

Sultana et al. used the Gaussian kernel with the standard 

deviation value σ = 6. The method was tested on the mini-

MIAS database and produced results of 84 % TP rate with 

the average of 13 % FP rate per image.

Cardoso et al. [9] proposed a graph-cut technique-based 

method which uses transformation of the image to polar 

coordinates, Fig. 16. To the image in polar coordinates, they 

applied a gradient model based on the Prewitt operator. The 

proposed method was tested on 50 images from the DDSM 

database and 100 mammograms collected from a local hos-

pital. To evaluate the performance of the method, they used 

normalized Hausdorff and mean distances, achieving aver-

age results of 0.14 and 0.05, respectively. The mean dis-

tance between detected and actual pixels which represent 

the muscle boundary was normalized by the number of pix-

els belonging to the diagonal of the observed image. The 

Hausdorff distance is defined as

where A and B represent the sets of the pixels in the ref-

erence muscle contour and the segmented muscle contour, 

respectively, and

where A and B are two contours or sets of points to be 

compared.

The same group of authors proposed a similar approach 

for detection of the pectoral muscle in [15]. Strictly from 

the image processing point of view, these two papers use 

the same methodology; the difference is in the classification 

process, where they use support vector machine (SVM) to 

(5)H(A, B) = max(h(A, B), h(A, B)),

(6)h(A, B) = max
a∈A

min
b∈B

�a − b�,

achieve better selection of the pectoral muscle’s end points 

in the horizontal and vertical axis, and thereby reduce FP 

and FN errors. The use of an SVM classifier and a train-

ing set of images improved the accuracy of the proposed 

method by one order of magnitude according to Hausdorff 

and mean distance metrics.

Subashini et al. [49] proposed a method for detection of 

masses in digital mammograms using connected compo-

nent labeling. This method also incorporates preprocessing 

steps which include detection of the breast boundary and 

removal of the pectoral muscle. For breast boundary detec-

tion, they used simple thresholding with fixed thresholds. 

Pectoral muscle detection was handled in a more complex 

manner. The first step in the pectoral muscle detection pro-

cess was isolating the ROI where the entire pectoral mus-

cle is situated. On the isolated ROI, they applied thresh-

olding and scanned the obtained binary image to segment 

the pectoral muscle. No information is provided about the 

success of the proposed method in terms of segmentation 

accuracy. It could be expected that global thresholding will 

not provide accurate results because mammograms vary 

substantially in intensities of the corresponding tissues. 

Furthermore, Subashini et al. did not include any step for 

refinement of the detected boundary.

Bandyopadhyay [5] presented a work that deals with 

segmentation of mammograms and regions within a 

mammogram. This paper lacks a clear explanation of the 

method, which does not segment the pectoral muscle from 

the breast image but only tries to denote the ROI in MLO 

mammograms where the pectoral muscle should be present. 

Unlike most of the other published methods for this pur-

pose in which the ROIs used are rectangular in shape, this 

approach defines a triangular ROI by selecting key points 

in the image. The point that is difficult to detect is related 

to the width of the breast tissue at the upper edge of the 

mammogram. The proposed method is suitable for square 

images, such as the images from the mini-MIAS database, 

and may not provide good results for images of different 

aspect ratios and different distances of the breast tissue 

from the left edge of the image. Because mammograms in 

the mini-MIAS database are not provided according to the 

DICOM standard, their positioning and aspect ratio should 

not be considered when developing a robust preprocessing 

method in a CAD system.

Hong and Sohn [22] presented a topographic approach 

for segmentation of objects in mammograms, such as 

masses. They aimed at segmentation of salient regions, 

which are defined as regions that appear distinctively 

against the surrounding background. In a mammogram, the 

salient regions are the breast region and the pectoral mus-

cle, because they appear brighter than the remaining part of 

the image which can be treated as the background in both 

cases. To be able to select objects of similar intensity, Hong 

Fig. 16  a MLO image; b MLO image after transformation to polar 

coordinates [9]
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and Sohn aimed at building isointensity contour maps 

which represent pixels of the same intensity joined together 

to form objects. An example of an isointensity contour map 

of an image with intensity varying in relation to distance 

from the origin is shown in Fig. 17.

The method of Hong and Sohn was aimed mainly at seg-

mentation of masses in mammograms, and therefore, no 

numerical results of accuracy in the detection of pectoral 

muscles were provided. However, the results in the detec-

tion of masses were good, and the authors claimed 100 % 

detection rate with 3.8 FP detection per image on the 

average with a set of 400 mammograms from the DDSM. 

While these results may imply that detection of the pectoral 

muscle was successful, the accuracy of detecting the actual 

border needs to be analyzed.

Maitra et al. [31] dealt with the segmentation of mam-

mograms to detect abnormal masses using the binary 

homogeneity enhancement algorithm. Their first step is 

running the binary homogeneity enhancement algorithm, 

which is used to group pixels in a small number of clusters 

according to their difference with respect to the neighbor-

ing pixel in a row. Pixels for which the difference is below 

the chosen maximum difference threshold belong to the 

same cluster. After this step, they proceeded to the edge 

detection step by detecting edges of clusters containing 

pixels with the same intensity. From the presented results, 

it is seen that this approach does not give a smooth segmen-

tation line for the pectoral muscle even in images where 

there is a large difference in intensity between the pectoral 

muscle and the breast tissue. Maitra et al. tested the per-

formance of their method on the mini-MIAS database and 

reported a high accuracy of 0.9987, which do not appear to 

agree with visual inspection of the results shown in their 

paper. No information was provided about the ground truth 

used; the mini-MIAS database does not provide segmenta-

tion masks for breast tissue regions and pectoral muscles. A 

similar work from the same group of authors can be found 

in Ref. [32].

Czaplicka and Włodarczyk [13] proposed a method for 

skin-line estimation and pectoral muscle segmentation 

which uses iterative thresholding and refinement of initial 

segmentation by linear regression. To test the method, they 

relied on 300 mammograms from the mini-MIAS database 

and reported accurate segmentation in 98 % of cases; how-

ever, the information provided on the experimental method-

ology and ground truth is not complete.

Camilus et al. [7] proposed an improved approach for 

detection of the pectoral muscle as compared to their ear-

lier work [6]. In the improved work, they used the water-

shed transform of the ROI where the pectoral muscle is 

expected to be situated. By performing the watershed trans-

formation, which is sensitive to the local minimum, the 

resulting image should contain one line which represents 

the pectoral muscle, stretching from the top of the image 

toward the left and creating a triangular shape, as shown 

in Fig. 18. From this line, it is possible to estimate a curve 

which can be used as the boundary of the pectoral muscle. 

The proposed method was tested on 84 mammograms from 

the mini-MIAS database and resulted in good-quality seg-

mentation in 94 % of the mammograms.

Chen and Zwiggelaar [12] addressed segmentation of 

the pectoral muscle by using a region growing method 

with the seed point located close to the border of the pec-

toral muscle and the breast tissue. To refine the detected 

boundary, they used locally weighted scatter-plot smooth-

ing, which is a locally weighted regression-based method. 

To test the accuracy of the proposed method, they used 

321 mammograms from the mini-MIAS database and 248 

mammograms from the EPIC database [14]. The results 

for the mini-MIAS database in the categories of accurate, 

nearly accurate, acceptable, and unacceptable segmentation 

were 67.9, 24.9, 5.0, and 2.2 %, respectively, and for the 

EPIC database 62.5, 25.4, 5.6, and 6.5 %, respectively.

A method for detection of the pectoral muscle which 

uses an average gradient and a shape-based feature was 

presented by Chakraborty et al. [11]. The proposed method 

Fig. 17  Illustration of the 

image model from [22]. a 

Surface model of the image 

and the levels of gray values 

to quantize; b isocontours 

superimposed on the image with 

given levels of gray values to 

quantize MLO image [22]
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consists of straight-line approximation of the pectoral mus-

cle boundary and smooth boundary detection around the 

approximated straight line. Detection of the pectoral muscle 

edge usually proves to be more difficult in the area close to 

the left edge of the mammogram if the breast tissue is ori-

ented such that the pectoral muscle is situated in the top left 

corner of the image. The reason for this observation is that 

the pectoral muscle attenuates X-rays more than the rest of 

the breast tissue and it is thicker in the area that is being 

imaged in the top left corner. For this reason, Chakraborty 

et al. decided to use a straight-line estimation based on 

pixels that are situated close to the top of the mammo-

gram. Smooth boundary detection was carried along the 

estimated straight line to allow more precise segmenta-

tion in cases of muscle curvature. The proposed method 

was tested on 80 images from the mini-MIAS database, 80 

digital radiography (DR) mammograms, and 40 computed 

radiography (CR) mammograms. The percentages of mis-

matched pixels for each of the three image datasets were 

reported as 10.92 % ± 17.07 %, 10.75 % ± 14.20 %, and 

23.38 % ± 40.92 %, respectively.

Abdellatif et al. [1] dealt with segmentation of the pec-

toral muscle using the graph-cut technique and muscle 

edge estimation using the Bezier curve. The graph-cut 

technique is used to detect the edge of the muscle which is 

represented by a sudden change in intensity. The proposed 

method uses eigenvector calculation to find the cut that cor-

responds best to the pectoral muscle. Since the edge of the 

segmented muscle is not smooth, Abdellatif et al. proposed 

use of the Bezier curve, which can vary from a straight line 

to an arbitrary curved segment. The segmentation method 

was tested on 80 mammograms from the mini-MIAS data-

base, and results were compared against segmentation 

achieved using the Hough transform. The proposed method 

achieved decreases in FP of 0.012 and in FN of 0.204.

Li et al. [29] presented an approach to segmentation 

of the pectoral muscle based on texture analysis and dif-

ference in intensity by. They also used positioning of the 

mammogram such that the pectoral muscle is situated in 

the top left corner and the property of the muscle being rel-

atively homogenous with high variation in the intensity in 

the muscle border area. From the original image, they con-

structed two likelihood maps, in the texture field and in the 

intensity field. By combining these two maps and searching 

for the corresponding maxima, they obtained a ragged edge 

of the pectoral muscle, which was treated as the sum of 

the true edge and noise. To smooth the edge, they used the 

Kalman filter. The Kalman filter was employed to refine the 

initial edge by modeling it as an accelerated displacement 

curve. The approach was expected to differentiate between 

correctly and erroneously chosen edge pixels by checking 

whether the edge distance from the left border is increas-

ing or decreasing when moving from the top of the image 

toward the bottom. They tested the proposed method on the 

entire mini-MIAS database and 100 mammograms from 

the DDSM, and obtained 90.06 and 92 % correct segmenta-

tion, respectively.

Maitra et al. [33] proposed a method which uses estima-

tion of the pectoral muscle position in mammograms and 

further analysis of the ROI. Their aim was to find a suit-

able pixel for use as the seed for a region growing step, 

which was modified to detect edge of the region in the top 

left corner. The method achieved 308 acceptable segmenta-

tion results out of 322 mammograms from the mini-MIAS 

database.

Shanmugavadivu and Sivakumar [48] used a fractal 

method to segment the pectoral muscle in mammograms. 

As the first step, they applied contrast enhancement, fol-

lowed by edge detection using the Sobel operator. By 

knowing the expected muscle position and by comparing 

the detected pixels with the calculated fractal dimension 

of the image, they managed to segment the pectoral mus-

cle area. No information was provided about the success of 

the proposed method, and only two examples of segmenta-

tion for mammograms from the mini-MIAS database were 

shown in the paper. No edge refinement is included in their 

method.

Mustra and Grgic [37] presented a combined approach 

for pectoral muscle segmentation. They also relied 

on extracting an ROI and contrast enhancement using 

CLAHE, after which they selected 10 points from the 

Fig. 18  Watershed transformation of mdb043 from the mini-MIAS 

database where the pectoral muscle segmentation line is denoted by 

arrows [7]
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thresholded ROI. The selected points were used for polyno-

mial fitting of the segmentation curve, which is represented 

as a third-degree polynomial. This approach provides good 

segmentation accuracy in cases of low contrast of the pec-

toral muscle toward the breast tissue. Even though poly-

nomial estimation introduces some error in segmentation 

accuracy, it has the ability of tracking the actual muscle 

boundary accurately. Figure 19 shows segmentation using 

the proposed method of a “difficult” image from the mini-

MIAS database, where polynomial estimation of the pec-

toral muscle edge gives an acceptable result and threshold-

based segmentation would fail.

The results of the proposed method indicated 96.6 % of 

accurate segmentation over all 322 mammograms from the 

mini-MIAS database.

4  Comparison of segmentation approaches

In the preceding sections, we have reviewed recent publica-

tions on segmentation of the breast tissue from the back-

ground and the pectoral muscle from the breast tissue. This 

section summarizes the various approaches so that overlaps 

between them are demonstrated; the discussion will also 

show which approaches give good results in terms of seg-

mentation accuracy. Since most of the proposed methods 

were tested on mini-MIAS and DDSM images, it will be 

possible to present a valid comparison. Differences in seg-

mentation accuracy are largely influenced by the quality of 

the images used for testing; therefore, it would be best if 

one could test all of the algorithms using exactly the same 

image set. Since segmentation of the breast tissue from the 

background and segmentation of the pectoral muscle from 

the breast tissue have significant differences in background 

from which objects are segmented, there is a significant dif-

ference in segmentation approaches. For segmentation of 

the breast tissue, authors mostly use intensity-based and 

gradient methods because of higher contrast to the back-

ground while segmentation of the pectoral muscle from the 

breast tissue relies more on image preprocessing for con-

trast enhancements and estimation of the pectoral muscle 

boundary. The methods reviewed in the preceding sections 

can be grouped according to the approaches used and their 

success as shown in Table 1.

Automatic detection of the pectoral muscle has been 

achieved using many different approaches. The most 

commonly used approach uses straight-line estimation 

to approximate the pectoral muscle edge or to define the 

ROI where an algorithm should search for the pectoral 

muscle. Straight lines in an image, after initial segmenta-

tion, are easily detected using the Hough transform, which 

is the most commonly used tool for straight-line estima-

tion. Region growing techniques give more precise seg-

mentation results, especially when pectoral muscles have 

curvature. However, region growing does not always give 

a good segmentation result because of the stopping condi-

tion which cannot be automatically tuned for each image. 

To overcome those problems, many researchers have relied 

on placing the seed point somewhere on the actual pectoral 

muscle boundary; this is because the boundary area has the 

largest variation in local contrast and proper selection of a 

seed pixel can prevent false segmentation. Pectoral muscles 

are not always clearly visible in mammograms, especially 

of dense breasts, because of poor contrast. To prevent false 

segmentation in mammograms with poor contrast, Mustra 

and Grgic [37] proposed polynomial fitting of the detected 

edge to ensure that the detected pectoral muscle satisfies 

some criteria according to the part of the muscle which 

has good contrast and is clearly visible. Table 2 lists vari-

ous published approaches to segmentation of the pectoral 

muscle, the datasets used for testing, and the accuracy of 

the results.

Generally, we can say that the raw image quality has a 

significant influence on the segmentation results in case 

of the beast boundary detection as well as in the pecto-

ral muscle segmentation. Some improvement in terms of 

accurately segmented images from a specific dataset is 

shown in most of newly presented papers, but accuracy of 

Fig. 19  a Original ROI for the pectoral muscle detection; and b result of the pectoral muscle segmentation for “mdb151” [37]
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automatic segmentation methods is still couple of percent 

below 100 %. Uncontrolled environments will surely give 

even worse results in terms of the segmentation successful-

ness. It is almost impossible to create a numeric rule which 

would measure the acceptable segmentation accuracy, 

and for now we have to only rely on testing in real-world 

environments. A general rule of satisfying segmentation 

performance can be set at around 95 % for both the beast 

boundary detection and the pectoral muscle segmentation 

algorithms.

5  Conclusions

In this paper, we have presented a review of several pub-

lished works on the development of automatic meth-

ods for segmentation of the breast tissue and the pecto-

ral muscle regions in scanned SFM and FFDM images. 

Work in this field dates from the beginning of the devel-

opment of digital image processing algorithms for medi-

cal images in the 1980s, and many different approaches 

have evolved from then on. The majority of papers ref-

erenced in this review is from the last 10 years and show 

examples of streaming of segmentation techniques in 

similar directions, influenced mainly by the develop-

ment of computational capability. Modern medical imag-

ing systems incorporate many image processing methods 

which are used to improve image quality, and many addi-

tional tools are at the disposal of the radiologist. Mam-

mography, together with other imaging modalities, has 

shifted toward digital technology because of the advan-

tages it offers, especially in storage and postprocessing. 

For presentation and processing applications, mammog-

raphy workstations need to incorporate accurate and fast 

segmentation methods together with contrast enhance-

ment methods to provide better visibility of important 

details and reduce false-negative results. Among the most 

widely used approaches for scanned images is intensity-

based thresholding combined with morphological opera-

tions for removing background objects and segmenting 

pixels which belong to the breast tissue. Further refine-

ment of the segmented breast boundary is achieved 

mostly with local contrast enhancement and subdivi-

sion of the image to obtain a more precise threshold and 

smoother boundary. These approaches work well on both 

FFDM and SFM images.

Table 1  Breast boundary segmentation methods according to the approaches used with accuracy of each method

Segmentation approach Method proposed by Dataset used Segmentation accuracy

Thresholding Wei et al. [57] DDSM 94.9 %

Raba et al. [44] MIAS 98 %

Mustra et al. [38] KBD-FER 100 %

Tayel and Mohsen [53] mini-MIAS N/A

Maitra et al. [33] mini-MIAS 95.71 %

Mustra and Grgic [37] mini-MIAS 99.1 % successful

Czaplicka and Włodarczyk [13] 300 mini-MIAS 98 %

Morphology Wei et al. [57] DDSM 94.9 %

Yapa and Harada [65] mini-MIAS (100 images) 98.6 and 99.1 % completeness and correctness

Zhang et al. [66] mini-MIAS (20 images) N/A

Region growing Raba et al. [44] mini-MIAS 98 %

Zhang et al. [66] mini-MIAS (20 images) N/A

Chen and Zwiggelaar [12] mini-MIAS 98.8 % accurate and 1.2 % inaccurate

EPIC 91.5 % accurate and 8.5 % inaccurate

Active contours Wirth and Stapinski [60] MIAS (25 images) 3 % of error in segmentation based on pixel 

number

Ferrari et al. [16] MIAS (84 images) FP = 0.41 ± 0.25 % and FN = 0.58 ± 0.67 %.

0.96 completeness and correctness

Martí et al. [34] MIAS (65 images) mean correctness 0.9697 ± 0.0507 and complete-

ness 0.9547 ± 0.0618

DDSM (24 images) mean correctness 0.9524 ± 0.0557 and complete-

ness

0.9744 ± 0.0103

Thresholding and Gabor filters Casti et al. [10] mini-MIAS and FFDM 99.87 % ± 0.003 % completeness 

99.57 % ± 0.004 % correctness

99.37 % ± 0.005 % quality
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Regarding detection of the pectoral muscle, there have 

been many different approaches due to the need of over-

coming low contrast of the pectoral muscle toward rest 

of the breast tissue. Most of the proposed methods use 

straight-line estimation, usually provided by the Hough 

transform, and further refinement of the detected boundary. 

To achieve precise segmentation, some researchers have 

relied on the region growing method with a special place-

ment of the seed point. The seed point is best placed some-

where on the actual pectoral muscle boundary to prevent 

problems related to the stopping condition.

To test the results of segmentation of both breast tissue 

and pectoral muscle regions, most researchers have used 

both the (mini)-MIAS and the DDSM images, which are 

publicly available. Using the same images for testing of 

different methods is essential for comparison of the results; 

however, both of these datasets are outdated and consist of 

scanned SFMs. The results obtained from various proposed 

methods and algorithms show good segmentation accuracy 

in more than 95 % of cases when considering breast tissue 

segmentation and more than 90 % when considering seg-

mentation of the pectoral muscle.

Even though the segmentation results reported in the lit-

erature appear to be good, there is still the need to design 

and implement methods for a completely automated and 

robust method which will provide high accuracy in a con-

sistent manner across mammographic images of several 

types. Besides the X-ray breast imaging, there are also 

other techniques which prove to be better and less harmful 

in many cases such are MRI, ultrasound, and thermogra-

phy. Images obtained with different imaging technologies 

will have significantly different properties, and different 

Table 2  Pectoral muscle segmentation methods according to the approaches used with accuracy of each method

Segmentation approach Method proposed by Dataset used Segmentation accuracy

Straight-line estimation Kwok et al. [26] MIAS 94 %

Ferrari et al. [17] MIAS FP = 1.98 ± 6.09 % and 

FN = 25.19 ± 19.14 %

Kwok et al. [27] MIAS Straight line 75.5 % and 62.8 % for 

two radiologists, curve approximation 

88.8 % and 80.1 % for two radiologists

Xu et al. [64] 60 Detection precision of 49/52 and false-

positive rate of 2/8

Kinoshita et al. [25] 1080 images FP = 8.99 ± 38.72 % and 

FN = 9.13 ± 11.87 %

Tzikopoulos et al. [54] mini-MIAS N/A

Chakraborty et al. [11] 80 mini-MIAS, 80 DR mammograms  

and 40 CR mammograms

10.92 % ± 17.07 %, 10.75 % ± 14.20 %, 

and 23.38 % ± 40.92 % mismatched 

pixels, respectively

Thresholding Weidong and Shunren [59] 60 mammograms 81.7 %

Subashini et al. [49] 300 mini-MIAS N/A

Czaplicka and Włodarczyk [13] 98 %

Region growing Raba et al. [44] mini-MIAS 98 %

Zhang et al. [66] mini-MIAS (20 images) N/A

Chen and Zwiggelaar [12] mini-MIAS and EPIC 92.8 and 87.9 %

Saltanat et al. [47] mini-MIAS 92 %

Nagi et al. [39] mini-MIAS and private dataset N/A

Maitra et al. [33] mini-MIAS 95.7 %

Wavelet Mustra et al. [38] KBD-FER 85 %

Ferrari et al. [17] MIAS FP = 0.58 ± 4.11 % and 

FN = 5.77 ± 4.83 %

Mirzaalian et al. [35] MIAS (90 images) Hausdorff distance measure: 

14.7585 ± 7.7737

Mean of absolute error distance measure: 

2.5525 ± 1.6343

Markov random fields Adel et al. [3] mini-MIAS (50 images) 68 %

Wang et al. [56] mini-MIAS (200 images) 84 %

Polynomial fit Mustra and Grgic [37] mini-MIAS 96.6 %
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segmentation methods will have to be applied to achieve 

good and clinically applicable results.
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