
Vol.:(0123456789)1 3

Health and Technology 
https://doi.org/10.1007/s12553-020-00506-6

ORIGINAL PAPER

Automatic suspicions lesions segmentation based on variable‑size 
windows in mammography images

Bahram Sadeghi1 · Meysam Karimi1 · Samaneh Mazaheri2 

Received: 11 May 2020 / Accepted: 29 October 2020 
© IUPESM and Springer-Verlag GmbH Germany, part of Springer Nature 2020

Abstract

Breast cancer is the second main cause of death in women of western countries, so early detection and prevention is crucial. 
Early detection increases the likelihood of treatment as well as patient resistance. Among breast cancer detection methods, 
mammography is the most effective diagnostic method. For radiologists, diagnosing a cancerous mass on mammographic 
images is prone to error, which shows there is a need for a method to reduce the errors. In this study, a new adaptive threshold-
ing method is proposed based on variable-sized windows. This method estimates the location of the mass and then determines 
the exact location of the cancerous tissue to reduce false positives. To detect the mass automatically, firstly, the histograms 
diagram and its relative maximums have been used to calculate the initial threshold for estimating the mass location. Two 
windows that contain information around each pixel and their size varies according to the mean value of each image due to 
the preservation of useful information. Secondly, two windows are used for the final threshold in order to discover the loca-
tion of the mass and its exact shape. The proposed approach has been applied to 170 images of the Mammographic Image 
Analysis Society MiniMammographic database. Evaluations have shown 96.7% sensitivity and 0.79 false-positive rates, 
which prove an improvement in comparison with other state-of-the-art methods.

Keywords  Texture · Mammography · Segmentation · Computer-aided detection systems · Breast cancer · Adaptive 
thresholding

1  Introduction

Breast cancer is the most common form of cancer among 
women. Tumors of breast cancer are small at first and some-
times it takes several years to become a large gland, So early 
detection of tissue is ciritial. Breast cancer detection meth-
ods include: Breast self-examination, Breast examination by 
a doctor and Mammography, which the most effective way to 
detect breast cancer is Mammography. Incorrect detections 

in mammograpgy images by radiologists errors of analysing 
diagnosis due to physician fatigue or optical illusion, lead 
to the idea of finding a solution to do the process automati-
cally. Radiologists fail to detect tissue in 10 to 30 percent of 
cases. In order to reduce these human mistakes, computer-
aided detection/diagnosis (CAD) systems have been used 
[8]. Computer-aided detection systems are the most effective 
tools for early diagnosis of breast cancer. Segmentation is 
considered as one of the main steps in image processing. 
It divides digital images into multiple regions for better 
analysis. It can also specifies different objects in the image. 
Several segmentation techniques for image smoothing and 
easy evaluation have been developed by researchers. The 
most popular image segmentation techniques are: Edge 
Detection, Thresholding, Histogram, Region based meth-
ods and Watershed Transformation. Images are divided into 
two types based on their color (RGB images and Grayscale 
images). Therefore, the segmentation of RGB images and 
Grayscale images are completely different. Specifications of 
the pixels and information about their adjacent pixels are two 
fundamental parameters for any segmentation algorithm. 
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One of the methods utilized to detect cancer tumor mass is 
morphological operators in the field of image processing and 
more specialized in the area of image segmentation. Mor-
phological operators and Fuzzy C-means clustering used to 
isolate tissue or tumor mass in breast cancer images based 
on image processing method. Basha et al. [3], utilized Fuzzy 
C-means clustering, Morphological operator of erosion and 
dilation and found an appropriate answer to isolate the can-
cerous mass. In a research by Kekre et al., vector quanti-
zatio method for image segmentation have been proposed 
that used a reasonable time but has high accuracy and low 
complexity [10]. Another method proposed by Mancatini 
et al. both the Microcalcification and cancer mass have been 
studied [15], also Moradkhani et al. proposed a new image 
mining approach for detecting micro-calcification in digital 
mammograms [16].

Thresholding is the simplest method of image segmenta-
tion. By using a threshold for a grayscale image, a binary or 
black-and-white image is obtained. In simplest method of 
thresholding each pixel is replaced by a pixel with a value 
of 0 or’black’, if it is less than the fixed value T; otherwise if 
the value is greater than or equal to the value of the threshold 
or T, it is replaced by a value of 255 or white. In the method 
proposed by Zhang and Desai thresholds are chosen adaptively 
using wavelet and adaptive threshold. They are obtained by 
multi-objective analysis of Density Function Probability. This 
method does not apply to images that have a slight difference 
in the intensity of the cancer mass with the background [23]. 
Kom et al. presented an adaptive thresholding method to find a 
threshold for each pixel with respect to the adjacent pixels in a 
window. This method has been tested on 61 mammograms and 
has a sensitivity of95.91% . Although this method has shown 
satisfactory result in exploring the mass, it fails to discover 
the center of the mass [12]. Following by that, a method was 
developed by Kai et al. to improve the defects of the Kom’s 
method in which an adaptive threshold approach based on 
multiple analysis has been used. The results of the experiments 
show that the sensitivity of this method is 91.3% and the false 
positive rate is 0.97 on 170 MIAS database images [7]. In 
a method recently presented by Anita et al., mammograms 
are segmented in two stages; firstly a global threshold using 
the probability density function (PDF) and secondly, the final 
threshold using window-based thresholding for texture extrac-
tion. This method has a sensitivity of 93% and a false positive 
rate of 0.84 on two MIAS and DDSM databases [1]. Cancer 
tumors are usually classified in 6 categories: CIRC,1 CALC,2 
SPIC,3 MISC4 ARCH,5 and ASYM.6 In this paper, besides 
CALC mass, others are discussed. The three main features 

of the lesion include gray level, texture and shape in mam-
mography. Two types of SPIC and ARCH mass are defined 
by the texture feature and Mass detection algorithms results in 
with the help of these features [2, 6, 9, 22]. CIRC masses are 
characterized in some algorithms by the shape attribute and 
have results in mass segmentation [5, 11, 14, 15]. Gray-level 
feature can well describe all types of masses, and detection 
algorithms with this feature report impressive performance.
[1, 7, 12, 19, 23, 24].

Since early tissue detection is the best way to treat breast 
cancer, the main goal is to introduce a new method to detect 
a cancerous tumor by considering the following criteria:

•	 Automaticity of the proposed method
•	 Identify the exact location and shape of the mass
•	 High percentage of sensitivity in the diagnosis of cancer-

ous mass
•	 Low false positive rate

This study has been utilized gray-level features, since they 
have a key role in mass detection algorithms, especially adap-
tive thresholding algorithms. This feature includes gray values 
that can be used to find the appropriate threshold for each of 
the two steps of the proposed method. In first step a threshold 
is obtained using the probability density function (PDF), then 
to reduce the false positive rate and detect the exact shape and 
location of the mass the final threshold based on variable-size 
windows is used. The results of this experiment show that the 
performance of the proposed method has significant improve-
ments over other proposed methods. This paper is organized 
as follows: Sect. 2 covers the proposed method from the pre-
processing stage to the final segmentation stage. In Sect. 3, 
the results of the implementation of the proposed algorithm 
will be described on mammography images along with several 
examples. Section 4 concludes the paper.

2 � Methodology

Computer-Aided Detection Systems is a technology designed 
to reduce the amount of visual errors and false negative value 
derived from the physician’s interpretation of medical images. 
In this paper a Computer-Aided Detection System is introduced 
which at first, it will remove images noise. Removing noise 
involves the removal of the pectoral muscle, removal horizontal 
and vertical lines. Removal of pectoral muscle is done by region 
growing algorithm with 2 or 3 seed points. The largest contour 
is known as the breast profile. Horizontal and vertical lines on 

1  Well-defined/circumscribed masses.
2  Calcification.
3  Spiculated masses.

4  Other, ill-defined masses.
5  Architectural distortion.
6  Asymmetry.



Health and Technology	

1 3

the breast profile are removed by applying a median filter. To 
extract the breast profile, a threshold is defined for the image by 
applying the threshold and generating a binary image, the com-
ponents of image will be extracted. After extraction of the breast 
profile, the global threshold is applied by the probability density 
function to estimate the position of the suspicious lesions. In the 
final stage, the cancer mass is extracted using a thresholding 
algorithm based on variable-size windows. Figure 1 shows steps 
of the proposed method.

2.1 � Database

A public database is an essential step for efficient compari-
son and testing algorithm results. However, there are many 
issues with the establishment of a library of data which 
includes practical and theoretical problems. In the United 
Kingdom, the Society for the Analysis of Mammography 
Images decided to create a database of images with good 
and important criteria, but it has the following limitations:

1. The number of digitized images in the database was 
low due to time and financial constraints.
2. Mammographic images should only be collected from 
a location in the United Kingdom’s national mammogra-
phy screening program.
3. The images were taken from an angle of MLO only.
4. The time to collect clinical information was neces-
sarily limited to a specific time period.

Although the above criteria are not ideal, A database 
of images was created to collaborate on scientific research 
and CAD systems. The main mammography images from a 
Participant place in the National Mammography Imaging 
Program in England have been collected with high quality 
irradiation and suitable position of patient. (Table 1)

There is a list in this database’s help file which includes 
characteristics of each image. Typically for an image with 
the following specifications:

will have
1. First column: MIAS database reference number 
2. Second column: Character of background tissue

–	 F: Fatty
–	 G: Fatty-glandular
–	 D: Dense-glandular

3. Third column: Class of abnormality present:

–	 CALC: Calcification 
–	 CIRC: Well-defined/circumscribed masses
–	 SPIC: Spiculated masses
–	 MISC: Other, ill-defined masses
–	 ARCH: Architectural distortions
–	 ASYM: Asymmerty
–	 NORM: Normal

4.Forth column: Severity of abnormality;

–	 B: Benign
–	 Malignant

mdb001 G CIRC B 535 425 197

Input mammogram image

Noise removal and extracting 
breast profile

Remove the pectoral muscle

Calculation of global thresholds

Primary segmentation based 
on global thresholding (B)

The combination A with B (C)

Adaptive thresholds based on variable-size windows (D)

Showing the mass in the original image

Improve image quality using 
morphological operators (A)

Fig. 1   Flowchart; Steps of the proposed algorithm for the extraction 
of cancerous tissue

Table 1   shows a summary of tissues types in the MIAS database.

Film Category Breast Type TOTALS

Fatty Fatty Glandular Dense

Calcification B: 2 B: 5 B: 5 B: 12 25
M: 4 M: 4 M: 5 M: 13

Circumscirbed Masses B: 7 B: 6 B: 3 B: 16 20
M: 2 M: 2 M: 0 M: 4

Spiculated Masses B: 2 B: 4 B: 6 B: 12 21
M: 4 M: 3 M: 2 M: 9

Architectural Distor-
tions

B: 4 B: 2 B: 4 B: 10 20
M: 2 M: 4 M: 4 M: 10

Asymmetries B: 2 B: 3 B: 3 B: 8 17
M: 3 M: 2 M: 4 M: 9

Miscellaneou B: 4 B: 3 B: 1 B: 8 15
M: 4 M: 2 M: 1 M: 7

Normals 66 64 74 204 204
TOTALS 106 104 112 322 322
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5.  Fifth columns: x image-coordinate of centre of 
abnormality.

6  Sixth columns: y image-coordinate of centre of 
abnormality.  

7. Seventh column: Approximate radius (in pixels) of a 
circle enclosing the abnormality [20].  

Also in Table 2, the types of masses discussed in this 
paper, along with their number, are in the MIAS database.

2.2 � Preprocessing

Preprocessing Mammography Images is the simplest diag-
nostic process for abnormalities without losing any useful 
data. Mammographic images may include noise during 
imaging. Also, parts of the breast area may be additional 
which is not necessary for the processing and analysis of 
these areas. Initial preprocessing is done on mammography 
images to eliminate noise and extract the breast profile. pre-
processing steps used in this paper will be described in the 
following sections.

2.3 � Removing horizontal and vertical lines

Mammographic images may include digitized noise such 
as straight lines which is visible in Fig. 2(b). These noises 
will be removed using the medianBlur() function (Median 

filter in OpenCV library) with the With a 3 × 3 core. The 
results of using this function in mammographic images 
are shown in Fig. 2.

2.4 � Extracting the breast profile

The original mammography images in most databases 
contain physician’s handwritten notes on their margins. In 
order to eliminate these handwritten as well as additional 
margins in mammographic images, first, a threshold of 20 
is applied to convert the original image to a binary image. 
Figure 3 shows the disappearance of doctor’s handwritten 
and the extraction of a breast profile.

2.5 � Pectoral muscle removal

Pectoral muscle is a dense region close to the breast that is 
very effective in the accuracy of the texture detection algo-
rithm. Given that intensity level of pectoral muscle in the 
image increase false positive rate in the results, so the removal 
of the muscle is very crucial. Due to using of the region grow-
ing algorithm to remove the pectoral muscle, it is necessary to 
determine the direction of the breast; to put the seed point in 
the proper position of the muscle. If the mammogram image 
is for the left breast the seed point is placed in the coordinates 
of the top left and if image is for the left breast the seed point 
is placed in the coordinates of the top right. In cases where 
the abnormality is joined to the chest muscle the first point 
is placed inside the chest muscle, the second point is placed 
inside the mass and the third point is inserted into the main 
part of chest. The image obtained from the removal of the 
pectoral muscle using three or two parent points and the region 
growing method is shown in Fig. 4. For images that have a 
tissue joined to the chest muscle, it is necessary to have three 
seed points, otherwise, two seed point is needed in order to 
remove the muscle.

Table 2   Types of mass and 
number of images containing 
these masses in the MIAS 
database

Type of mass Number 
of image

CIRC 22
SPIC 19
ARCH 19
ASYM 15
MISC 14
TOTALS 89

Fig. 2   Eliminate noise using the 
middle filter. a. Input mam-
mogram image (mdb005). b. 
Part shown with digitized noise. 
c. Output image after clearing 
noise by applying median filter

a) Original image of 
mdb005.pgm

b) ROI containing 
digitization noise

c) Image after median filter 
applying
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2.6 � Aadaptive thresholding based on variable‑size 
windows

In this paper, a method is presented to detect cancerous 
masses in two stages. The proposed method first finds 
the global threshold for the image using the probability 
density function (PDF), and after applying it, the image 
quality will be improved using morphological operators. 
The thresholding based on variable-size windows algo-
rithm is used to determine the precise location and shape 
of the abnormal tissues. To improve the efficiency of 
the proposed method, it is necessary to combine both 
algorithms.

2.7 � The first stage of the segmentation

Since the abnormalities in the mammography images 
have a higher gray level than the background image. 

Differences in gray level distribution of tissue and back-
ground in histogram is high. The proposed method uses 
the histogram, such that a threshold for selection is more 
appropriate that the standard deviation between the back-
ground and the target is high on that threshold. First, the 
histogram for each mammography image is calculated, 
then the relative maximums are obtained from the histo-
gram diagram. The relative maximums of histograms dia-
gram are the candidates for choosing the global threshold 
for each image. Then the histogram will be normalized. 
This normalized histogram for the image with N pixels 
and L gray levels (L = 0, 1,…L-1) called PDF Which is 
obtained from Eq. (1).

where h(i) is the number of pixels with the gray level of 
i. Pixels with intensity less than 20 are ignored, since they 

(1)PDF(i) =
h(i)

N
i = 0,1, ...L − 1

Fig. 3   Eliminating physician’s 
handwritten and extracting 
breast profile

Fig. 4   Removal of muscle using 
the region growing algorithm

(a) Remove pectoral muscle when muscle 
tissue is attached

(b) Removal of the pectoral muscle when 
the tissue is not attached to the muscle
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store background information. In the following, the global 
threshold calculate using the PDF obtained from Eq. (1) in 
Algorithm 1. In Fig. 5, the histogram of the preprocessed 
image is displayed.(Fig. 6)

In the second step of the Algorithm 1 ∼x is the mean xi . In the 
third step of the Algorithm 1 w0(T) an w1(T) are calculated as 
the Eq. (2) and (3). Also, S0 is the standard deviation of back-
ground pixels and S1 is the standard deviation of the target pixels.

Fig. 5   Histogram of preproc-
essed image
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After obtaining the global threshold from relative 
maximums by using Eq.  (4), the segmented image is 
resulted. Since the threshold ( THPA ) value above 200 
causes the pixels to disappear and thus the cancer mass, 
so in this cases the threshold ( THPA ) is reduced to 180.

Algorithm 1 Global Thresholding

1: Find the relative maximum of PDF 

Peak = (i,PDF(i) |PDF(i)> PDF(i-1)& PDF(i)>

PDF(i+1))

2: Calculate the standard deviation for each area 

with N pixels

= ∑
( )

3: Define the standard deviation between classes

( ) = ( ) ( )[ ( ) − ( )]

4: Calculate the global threshold

= max Є ( )

2.7.1 � Utilizing morphological operators

Morphological operators can eliminate background and 
structural noise. The main task of these operators is to 
enhance the quality of the texture area of the image. At 
this stage, quality of prepropossed images is significantly 
increased. This enhancement is performed with morphologi-
cal operators. A top-hat operator has been implemented to 
eliminate the uneven background illumination.

(2)w0(T) =

T−1
∑

i=1

PDF(i)

(3)w1(T) =

L−1
∑

i=T

PDF(i)

(4)B(x, y) =

{

1 ifA(x, y) > THPA
0 ifA(x, y) ≤ THPA

R(i, j) = A(i, j) − (A◦s)(i, j)

Such that R(i, j) calculates the morphological open-
ing of the image (A◦s) , with the structural element s and 
reducing it from the preprocessed image. s is a disc-
shaped element with a radius of 60.

After enhancement pahse, the result is added to the 
preprocessed image.

In the final step, in order to improve the image qual-
ity, image D is obtained by combining image B with C 
as follows:

2.7.2 � Final segmentation

After combination of enhanced and segmented image, 
images enter the final stage of segmentation to extract 
the suspicious cancer tissue. At this stage, based on two 
windows with variable sizes, two threshold values are 
defined. Two windows with radius 10 and 30 are ini-
tially defined, the small window calculates the difference 
between the largest and smallest values around each pixel 
and the larger window, the average of the values around 
each pixel. Then the size of these two windows will be 
adjusted according to the mean value. The average of 
all mammographic images will be calculate and the dif-
ference between the mean value and the value of 200 is 
obtained. For every 30 differences, the window radius 
of one unit decreases. This decrementr in the radius of 
the smaller window is due to the fact that in low-average 
images, the possibility of mass loss increases. This may 
also occur in high-average images because of the less 
or equal intensity of cancer tumor in contrast to breast 
tissue.

The CLAHE7 filters are used to enhance pixels in the 
images. Additionally, an opening morphological opera-
tor is used with images whose thresholds are greater 
than 160 at the thresholding of the initial segmentation 
step and their average values are high, also the window 
radius changes. For these images that have very high 
or very low mean value, the mean value is recalculated 
after applying the above mentioned operators and filters. 
After that two windows have been reached to the right 

C(i, j) = (A(i, j) + R(i, j))

(5)D(x, y) =

{

C(x, y) ifB(x, y) = 1

0 ifB(x, y) = 0

reduc = abs (200 − mean)∕30

7  Contrast Limited Adaptive Histogram Equalization.
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size. The quality of the images improved in accordance 
with the initial mean value. The Algorithm 2 is presented 
for calculating two thresholds. The first threshold is for 
appearing white color (value of 255 in third step) and 
second threshold is for appearing gray color (value of 
100 in fifth) in images.

Algorithm 2 Variable-size Window-based Fine 
Thresholding

1: if Wmean(x, y)) ≥ limite1 - 5 × then

2:      If  D(x, y) ≥ (Wdiff(x, y) + limite2 - ) and      

Count(x, y) > 200 then

3:       E(x,y) = 255

4:       else if  D(x, y) ≥ Wmean(x, y) then

5:       E(x,y) = 100

6:       end if

7: end if

The calculation of limite1 and limite2 is described in 
Eq. (6).

In algorithms 3 and 4, the calculation of THC1 and 
THC2 is expressed. Wdiff  , a small window corresponding 
to each pixel, is obtained using the Eq. 7.

In Eq. (7) Wmin(x, y) and Wmax(x, y) are the minimum and 
maximum values in the small window for each pixel, respec-
tively. Also, the Wmean(x, y) mentioned in the Algorithm 1 
is the mean of the large window associated with each pixel.

(6)
limite1 =

(THC1+mean1)

2

limite2 =
(THC1+THC1)

2

(7)Wdiff (x, y) = Wmin(x, y) −Wmax(x, y)

Algorithm 3 THC1

1: if Initial_T > 190  then

2:       THC1 = 190

3: else if mean1 > 195  then

4:        THC1 = mean1

5: else

6:        THC1= T2 > mean2 ? mean2 : T2

7: end if

So that Initial_T is related to the initial threshold in the 
initial segmentation step. Also, the value of T2 is obtained 
using the initial threshold when the background value of 
the image is increased to 190. mean1 is the average of the 
images entered to the final stage. mean2 is the average of 
all pixels whose values are greater than mean1.

Algorithm 4 THC2

1: if mean1 < 150 then

2:       THC2 =  mean1

3: else if mean1 > 195  then

4:         THC2 = 
( )

5: else

6:        THC2= mean1

7: end if

Using algorithm  2, suspicious cancer cells are 
extracted. If no mass is found, the algorithm repeats 
until the mass is observed. This is done by resizing two 
windows.

Fig. 7   (a). Combination the 
image obtained from the 
primitive segmentation and 
the enhanced image (b). Result 
of the final segmentation (c). 
Extraction of contour that has a 
white value (d). Displaying the 
location of the mass with the 
red line
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After final segmentation step, according to the algo-
rithm 2, two groups of contours are shown with white and 
gray color in the image. The gray contours contained in the 
white contours represent the shape and location of the can-
cerous tissue. The steps of mass discovery in the final seg-
mentation are shown in the Fig. 7.

3 � Results of image segmentation

In this implementation, an automatic segmentation algo-
rithm is performed on mammographic images. The effi-
cient criteria of the algorithm to evaluate the segmen-
tation results, include sensitivity and number of false 
positives which are calculated using the Eq. 8 and Eq. 9.

These criteria are calculated based on the region-based 
evaluation. This means that an area is known as a true 

(8)Sensitivity =
TP

TP + FN

(9)FP∕image =
Number of FP identified

Total number of images

positive (TP), if the percentage of overlap for the mass of 
the specified area by the radiologist with the computer-
segmented area is greater than 50%. The false negative 
rate is the amount of mass obtained by the radiologist, 
which is not recognized by the proposed method. False 
Positive Error is the number of masses that mistakenly 
detected and not detected by the radiologist. The results 
of the detection of suspicious masses for various abnor-
malities are shown in the Table 3. This table compares 
the sensitivity of different types of cancerous masses. 
The comparison was done between the proposed method 
and the method described by Hu et  al. [7] as well as 
Anita et al. [1]. The proposed algorithm has a sensitiv-
ity of 100% in the type of ASYM and CIRC anomalies.

Improvement in image quality by morphological opera-
tors is effective to detect masses with a CIRC type. The size 
of the two windows are also changed in order to locate the 
masses of this type. For masses that are less intense, the 
morphological operations of opening with an oval structure 
element makes the mass more clear. An ellipsoidal structural 
element in morphological operators is suitable for circular 
masses. In the case of mass MISC type because of the higher 
brightness of the mass in compare with background, this 
algorithm performs better. Also, the mass of the ASYM type 

Table 3   Comparison of sensitivity for the proposed method in the segmentation of all types of masses with other works

Kai’s method [7] Anita’s method [1] Proposed method

Type of mass Number
(masses / images)

Number of 
masses

sensitivity (%) Number of 
masses

sensitivity (%) Number of 
masses

sensitivity (%)

CIRC 24/24 23 95.8 24 100 24 100
SPIC 19/19 15 78.9 16 84.9 18 94.7
ARCH 19/19 18 94.7 17 89.5 18 94.7
ASYM 15/15 14 93.3 14 93.3 15 100
MISC 14/15 14 93.3 15 100 14 93.3
TOTAL 89/92 84 91.3 86 93.5 89 96.7

Table 4   Comparison of the 
effectiveness of the proposed 
method with other methods 
for the segmentation of MIAS 
images

Method Sensitivity (%) False 
positive 
rate

Spatial clustering [4] 88.7 3.46
Adaptive thresholding [7] 91.3 0.97
Multiple thresholding (wavelet transform and genetic algorithm) [17] 90.0 2.63
Havrda and Charvat entropy and Otsu thresholding [13] 90.2 8.21
Cellular neural network [18] 90.9 5.30
Wavelet processing and adaptive thresholding [21] 91.0 2.23
Two-step adaptive thresholding [1] 93.5 0.84
Adaptive thresholding based on variable-size windows (proposed method) 96.7 0.79
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is easily recognizable due to its large size and high mass den-
sity. In the case of the two SPIC and ARCH categories, due 
to the needle-shaped structure, it is a bit difficult to discover 
the location of the mass because the proposed algorithm 

does not detect the mass by texture features, but it extracts 
the cancerous mass using properties related to light intensity 
and shape of texture. In the Fig. 8, the results of the proposed 
algorithm implementation in the MicrosoftVisualStudio envi-
ronment are shown on several images of the MIAS database.

The results in Table  4 indicate that the proposed 
method has better performance in two criteria of sensi-
tivity and false positive rate than other methods.

Table 5 compares the result of proposed method with 
two previous works in this field. This comparison is pre-
formed on 54 images. The number of masses discovered 
for each image is shown by three methods. All three 
algorithms are implemented in images from the same 
database called MIAS.

The precision of the proposed method in the segmenta-
tion of mammography images can help researchers in the 
problem of features extraction and classifications.

Fig. 8   Column (a). Combination the image obtained from primitive 
segmentation and enhanced image. Column (b). The first part of the 
adaptive segmentation based on variable-size windows. Column (c). 
Mass extraction using proposed algorithm. Column (d). Displays the 
mass with the red line in enhanced image. Row (A): The mdb010 
image is from the MIAS database. Row (B): The mdb012 image is 
from the MIAS database. Row (C): The mdb025 image is from the 
MIAS database. Row (D): The mdb080 image is from the MIAS data-
base. Row (E): The mdb091 image is from the MIAS database. Row 
(F): The mdb097 image is from the MIAS database. Row (G): The 
mdb132 image is from the MIAS database. Row (H): The mdb134 
image is from the MIAS database. Row (I): The mdb155 image is 
from the MIAS database. Row (J): The mdb184 image is from the 
MIAS database. Row (K): The mdb204 image is from the MIAS data-
base.

◂

Table 5   Comparison of the proposed method and two other methods for detecting the number of masses in 54 images

Image name Type of mass Pro-
posed 
method

Kai method
[7]

Anita 
method
[1]

Number 
of masses

Image name Type 
of
mass

Pro-
posed 
method

Kai method
[7]

Anita 
method
[1]

Num-
ber of 
masses

Mdb001 CIRC 1 1 1 1 Mdb110 ASYM 3 1 2 1
Mdb002 CIRC 2 1 1 1 Mdb111 ASYM 3 1 1 1
Mdb015 CIRC 2 4 1 1 Mdb115 ARCH 1 1 1 1
Mdb017 CIRC 3 5 3 1 Mdb117 ARCH 2 1 1 1
Mdb019 CIRC 2 2 2 1 Mdb120 ARCH 1 2 2 1
Mdb021 CIRC 2 1 1 1 Mdb121 ARCH 1 1 1 1
Mdb023 CIRC 2 4 1 1 Mdb124 ARCH 3 1 1 1
Mdb244 CIRC 2 1 1 1 Mdb125 ARCH 3 2 3 1
Mdb270 CIRC 2 2 1 1 Mdb127 ARCH 2 3 2 1
Mdb290 CIRC 2 3 2 1 Mdb163 ARCH 3 1 1 1
Mdb315 MISC 2 1 1 1 Mdb165 ARCH 1 1 1 1
Mdb013 MISC 1 2 1 1 Mdb170 ARCH 2 2 3 1
Mdb030 MISC 3 6 3 1 Mdb171 ARCH 1 3 3 1
Mdb032 MISC 3 2 3 1 Mdb145 SPIC 1 2 3 1
Mdb058 MISC 1 2 1 1 Mdb175 SPIC 2 3 1 1
Mdb063 MISC 3 2 1 1 Mdb178 SPIC 1 1 1 1
Mdb264 MISC 1 1 1 1 Mdb179 SPIC 1 1 1 1
Mdb265 MISC 2 1 1 1 Mdb181 SPIC 2 1 1 1
Mdb072 ASYM 3 1 1 1 Mdb186 SPIC 2 1 1 1
Mdb081 ASYM 1 1 1 1 Mdb188 SPIC 1 1 2 1
Mdb083 ASYM 2 1 1 1 Mdb190 SPIC 4 2 3 1
Mdb090 ASYM 3 2 2 1 Mdb191 SPIC 1 5 4 1
Mdb099 ASYM 2 5 3 1 Mdb193 SPIC 2 1 1 1
Mdb102 ASYM 2 3 1 1 Mdb198 SPIC 3 1 1 1
Mdb104 ASYM 1 2 1 1 Mdb199 SPIC 2 3 1 1
Mdb105 ASYM 1 1 1 1 Mdb202 SPIC 3 1 1 1
Mdb107 ASYM 3 2 4 1 Mdb207 SPIC 1 1 2 1
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4 � Conclusion

In this paper, a method is presented in which the images 
are first preprocessed to produce a satisfactory result 
for the segmentation phase. At this stage, the median 
filter for the removal of Linear shaped noise, also used 
the Region growing method using three seed points to 
remove the pectoral muscle. Then, the largest contour 
was extracted as a breast profile. After the preprocess-
ing stage, the initial segmentation is performed to esti-
mate the location of the mass. Next the image quality 
enhanced. In the second stage of segmentation, an adap-
tive thresholding algorithm is used. This algorithm is 
based on variable-size windows that can extract cancer 
mass. The proposed method is implemented on the MIAS 
database images and its accuracy in mass extraction is 
96.7% (89 images out of 92 images). This method has 
increased sensitivity criteria compared to the method 
presented by Anita [1] 3.7%. Also, the false positive rate 
has decreased by 0.05. The proposed method improved by 
4.9% compared to the Kai method [7] in the sensitivity.

and False-positive rate decreased amount of 0.18. 
The precision of the proposed method in the segmenta-
tion of mammography images can help researchers in 
the problem of features extraction and classifications. 
In the future, to test the proposed algorithm, it will be 
implemented on other databases. A classification method 
will also be provided to determine which category of 
extracted mass (malignant, benign and normal).
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