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Abtsract 

 

Background: Early detection of breast cancer can reduce mortality due to breast 

cancer. Mammography is the current standard for screening, but it is less sensitive 

for tumors <1 mm. Computed Tomography (CT) Scan is the most accurate 

method to see the spreading of breast cancer. Tho objective of this study was to 

provide a general description of the use of physical parameters to diagnose breast 

cancer. 

Methods: This is a descriptive study outlining how physical parameters are used 

to diagnose breast cancer.  We used images from Dr. Soetomo General Hospital 

database. The database has 284 cases with 1024x1024 pixels resolution, which 

consists of 102 normal and 182 abnormal mammograms. We conducted ANOVA 

test to choose which parameters were the most significant which were able to 

distinguish between normal and abnormal, which we would later use as input 

variables for the SVM method. 

Results: The entropy parameter provided a sensitivity of 85%, and specificity of 

88.89%. The contrast parameter obtained sensitivity of 85% and specificity of 

88.89%. The entropy of Hdiff parameter obtained 70% sensitivity and 83.33% 

specificity.  

 

 



 

832                                                                   Anak Agung Ngurah Gunawan et al. 

 

 

Conclusion: The use of physic parameters for early detection of breast cancer 

provides high sensitivity and specificity. These physic parameters can be used as 

parameters to classify breast cancer. 

 

Keywords: breast cancer, physical parameters, support vector machine, SVM, CT 

scan, mammograms, early detection 

 

Introduction  

 

Mammography is a very important tool for early detection of breast cancer. There 

are nine physical parameters in mammography that are able to detect breast cancer 

early such as: entropy, contrast, angular second moment, inverse moment 

differential, deviation, mean, entropy of Hdiff, angular second moment of Hdiff, 

and the mean of Hdiff.[1-3]  

Besides physical parameters, the presence of microcalcifications also plays 

an important role for early detection of breast cancer, the presence of 

microcalcifications in mammograms is an indicator of breast cancer. Many 

methods have been developed to detect the presence of microcalcifications.[4]  

Zhang et al. used the hybrid method, from 138 clinical mammograms the 

hybrid method was able to detect the presence of microcalcifications of 92.9%.[5] 

Zhang used the twin support vector machines (TWSVM) method capable of 

detecting the presence of microcalcifications with a sensitivity of 92.07%.[6] Cong 

et al. used the selective ensemble classification method to detect the presence of 

microcalcifications with an accuracy of 88.73%.[7] Beside determining the 

presence of microcalcifications to detect breast cancer early, other researchers 

analyzed pectoral muscle for early detection of breast cancer.[8]  

Raba et al. used pectoral muscle to detect breast cancer with 322 images 

from the MIAS data base tested obtained an accuracy of 86%.[9] Mustra et al. used 

pectoral muscle to detect breast cancer from 287 images from the MIAS database 

tested obtained an accuracy of 89.69%.[10] Alam et al. used pectoral muscle to 

detect breast cancer early from 322 MIAS database images tested obtained an 

accuracy of 90.3%.[11] 

In this study we propose the clustering of breast cancer using physical 

parameters and the support vector calculation method to detect breast cancer 

early. To evaluate the success of the method we propose, we use four indicators to 

evaluate the performance of the method we propose, such as accuracy, precission, 

sensitivity, and specificity.  

 

Materials and Methods 
 

This is a descriptive study outlining how physical parameters are used to diagnose 

breast cancer.   The pixel intensity between normal and abnormal has a different 

pattern, so the values of the physical parameters on the mammogram are also 

different. The proposed method consists of four stages, preprocessing, calculation 

of physical parameters, ANOVA test, clustering by SVM method (Fig. 1). In the  
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preprocessing stage, the suspicious breast area in croping is then improved image 

contrast using equalization of histogram equalization. 

 

 

 

 

 

 

 

 

Figure 1. Flowchart diagram for clusterization for normal and abnormal breast 

cancer 

 

 

 

                                           

 

 

                                         (a)                                             (b) 

Figure 2. Mammography images at Dr. Soetomo General Hospital. (a) Normal, 

(b) Abnormal 

 

The proposed method uses image data from the Dr. Soetomo General 

Hospital database. The database has 284 cases with 1024x1024 pixels resolution 

(Fig.2), which consists of 102 normal and 182 abnormal mammograms. 

 

Preprocessing 

Region of Interest (ROI) (Fig.3a), to speed up the process of calculating physical 

parameters, we crop mammographic images on suspicious masses of 2x2 cm in 

size (Fig.3b). We have done this approach so that the calculation of physical 

parameters is focused on the area affected by cancer. Histogram equalization were 

applied for equalization of the pixel intensity values, so that the mammogram 

image is clearer and brighter Fig.3c. 
 
 
 
 
 
                                        
 
 
 
                                          (a)                                     (b)                                         (c) 

Figure 3. Mammogram Imaging Process, (a) the original mammography, (b) ROI, 

(c) the result of histogram equalization. 
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Calculation of Physics Parameters 

Nine parameters of physics such as: entropy, contrast, Angular second moment, 

Moment differential inverse, Deviation, Mean, Entropy of Hdiff, Angular second 

moment of Hdiff, Mean of Hdiff, were calculated by using the formula on paper 

[3].  

Data analysis  

We conducted ANOVA test to choose which parameters were the most significant 

which were able to distinguish between normal and abnormal, which we would 

later use as input variables for the SVM method. 

Clusterization with SVM Method 

We use the SVM method to cluster normal and abnormal groups, because SVM 

can find an optimal separator (classifier) function that can separate two data sets 

from two different classes. In SVM, to separate data from its class, SVM will 

build a separating field (hyperplane) in a way, the available data is notated as  

RX
d

i
 while each label is denoted as y

i
{ -1 , +1}for i = 1,2,3,… n, yang m 

where n is the amount of data, it is assumed that both classes -1 (Normal) and +1 

(Abnormal) can be completely separated by a hyperplane of dimension d, which is 

defined as:[12]  

0.  bxw ii …………………………………………………………………… (1) 

Pattern ix that includes class -1 (normal) can be formulated as a pattern that 

satisfies inequality: 

1.  bxw ii …………………………………………………………………. (2) 

Whereas a pattern that belongs to the +1 (Abnormal) class can be formulated as a 

pattern that meets the inequality: 

1.  bxw ii ………………………………………………………………….. (3) 

Where: w is the normal plane and b is the position of the plane relative to the 

corodinate center. 

The distance between the boundary fields is: 

ww

bb 2)1(1



. ……………………………………………………………(4) 

This value, the distance between the boundary fields is maximized while still 

meeting equations (2) and (3). By multiplying b and w by a constant. It will 

produce a distance value between fields multiplied by the same constant. 

Therefore, constraints (2) and (3) are scaling constraints that can be fulfilled by 

rescaling b and w, thus, because maximizing is equal to minimizing and if the two 

bounding fields in equations (2) and (3) are presented in the following inequality:  

01).(  bwxy ii ……………………………………………………………. (5) 

Therefore, the calculation for the most significant separating field with a distance 

value between the highest boundary fields can be formulated as a constraint 

optimization problem, which is: 
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2

1
w  

s.t 01).(  bwxy ii ……………………………………………………….. (6) 

 

By using lagrange multiplier, the optimization of constants can be changed to: 

min 



n

i
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n

i

ip bwxywbwL
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2
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2

1
),,(  …………………………. (7) 

with constraint addition, 0i (the value of Lagrange coefficient). By 

minimizing pL  to w and b, then from 0),,( 



bwL

b
p  we can obtain the 

following equation (8) 





n

i

ii y
1

0 ………………………………………………………………………(8) 

And from 0),,( 



bwL

w
p  we can obtain (9) 

ii

n

i

i xyw 



1

 ………………………………………………………………….. (9) 

W vector is often infinite, but i is not. So the Lagrange formula pL  (primal 

problem) can be altered to dual problem 
DL with different constraint.  

jijij

n

i

i

n

i

iD xxyyL  



11 2

1
)( …………………………………………… (10) 

Dp LL maxmin  , so the question of finding the best separator field can be 

summarized as follows: 

jijijiip xxyyL   
2

1
max ………………………………………….. (11) 

s.t. 0,0
1




ii

n

i

i y   

Thus, values of i can be obtained which will be used to find w. there is an i

value for each training data. Training data which has value i >0 is support vector 

while the rest has value i = 0. Thus the decision function produced is only 

influenced by support vectors. 

The best formula for separating these fields is the quadratic programming 

problem, so that the global maximum value of i can always be found. After the 

quadratic programming problem solution is found ( i value), the class of the x test 

data can be determined based on the value of the decision function: 

  bxxyxf dii

ns

i

id 


.
1

 …………………………………………………….. (12) 
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ix  is a support vector, ns = the number of support vector, and dx  is the classified 

data.  

Results 

The results of each physical parameter obtained the value of true positive (TP), 

false negative (FN), true negative (TN), false negative (FN), accuracy, precission, 

sensitivity, and specificity, which can be seen on Table 1.  

 

Table 1. The Calculation Results of Accuracy, Precission, Sensitivity, Specificity 
Physical   parameters TP FP FN TN Accuracy 

(%) 
Precission 

(%) 
Sensitivity 

(%) 
Specificity 

(%) 

Entropy  9 1 2 8 85 90 81.81 88.89 

Contrast 9 1 2 8 85 90 81.81 88.89 

Angular  Second moment 9 1 2 8 85 90 81.81 88.89 

moment   Differential 
Inverse 

9 1 4 6 75 90 69.23 85.71 

Deviation  9 1 2 8 85 90 81.81 88.89 

Mean  6 4 1 9 75 60 85.71 69.23 

Entropy of Hdiff 9 1 5 5 70 90 64.29 83.33 

Angular  Second Moment 
of Hdiff  

10 0 6 4 70 100 62.5 100 

Mean Mean of Hdiff 7 3 4 6 65 70 63.64 66.67 

 

Table 1 shows that Angular Second Moment of Hdiff has the highest value of 

precission and specificity. Meanwhile, the parameters of Entropy, Contrast, 

Angular Second moment, Deviation obtain the highest Accuracy and Mean obtain 

the highest Sensitivity. The results of each physical parameter by using Support 

Vector Machine (SVM) method can be seen on Fig. 4. 

 

 

                       (a)                                         (b)                                            (c) 

                                                                                                     

                       (d)                                           (e)                                             (f) 
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                      (g)                                         (h)                                             (i) 

 

Figure 4. The results of the normal and abnormal clusterization using (a) entropy, 

(b) contrast, (c) Angular second moment, (d) Moment differential inverse, (e) 

Deviation, (f) Mean, (g) Entropy of Hdiff, (h) Angular second moment of Hdiff, 

(i) Mean of Hdiff parameters. 

 

Angular second moment dan Mean have the highest resolving power compared to 

the other physical parameters. 

 

The comparison between normal and abnormal values of physical parameters are 

displayed in Table 2. Entropy is a physical parameter in a mammographic image, 

which is a measure of non-uniformity, the greater the value of entropy, the less 

uniform the intensity value that exists in a mammographic image[1-3]. From the 

research we obtained entropy values for abnormal greater than normal values, this 

indicates an abnormality in the breast.  Contrast is the physical parameters that 

exist in a mammographic image, which is a measure of the sharpness of structural 

variations in a mammographic image. The greater the contrast value the greater 

the sharpness of the variations that exist in mammographic images[1-3]. From the 

results of the study, the value of contrast abnormal breasts is greater than normal 

breasts, this indicates there is an abnormality in the breast.. Angular second 

moment is a physical parameter that exists in a mammographic image, which is a 

measure of uniformity. The smaller the angular second moment value, the less 

uniform the pixel intensity values in the mammography image, meaning that the 

breast is not normal[1-3]. From the results of the study, the value of angular second 

moment in abnormal breasts is smaller than the value of angular second moment 

in normal breasts, this indicates that there is an abnormality in the breast.  The 

inverse moment differential is a physical parameter in the mammographic image, 

which is a measure of local homogeneity. The smaller the inverse moment 

differential value, the less homogeneous pixel intensity values that exist in the 

mammographic image, meaning that the breast is more abnormal[1-3]. From the 

results of the research, the value of moment differential inverse in abnormal 

breasts is smaller than the value of moment differential inverse in normal breasts, 

this indicates there is an abnormality in the breast. Deviation is a physical 

parameter in the mammography image, which is a measure of density. The greater 

the value of deviation the greater the density found in the mammographic image[1-

3]. From the research results obtained abnormal deviation values greater than  
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normal values. this indicates there is an abnormality in the breast. Mean is a 

physical parameter that exists in a mammographic image, which is the nature of 

one-dimensional marginal distribution of a second-order histogram. The greater 

the mean the greater the nature of the marginal distribution means the more 

abnormal the breast is[1-3]. From the research results obtained abnormal mean 

value is greater than the normal value, This indicates there is an abnormality in 

the breast. Entropy of Hdiff is a physical parameter in mammographic images, 

which is a measure of the non-uniformity of a two-order differential histogram. 

the greater the value of entropy of Hdiff, the less uniform the intensity values in 

mammographic images[1-3]. From the results of the study obtained the value of 

entropy of Hdiff for abnormal is greater than the normal value, this indicates an 

abnormality in the breast. Angular second moment of Hdiff is a physical 

parameter in mammographic images, which is a measure of uniformity of a two-

order differential histogram. The smaller the angular second moment of Hdiff, the 

less uniform the value of the pixel intensity in the mammography image, meaning 

that the breast is more abnormal[1-3]. From the results of the study, the value of 

angular second moment of Hdiff on abnormal breast is smaller than the value of 

angular second moment of Hdiff on normal breast, this indicates that there is an 

abnormality in the breast.   The mean of Hdiff is a physical parameter in 

mammographic images, which is the nature of one-dimensional marginal 

distribution of a two-order differential histogram. The greater the value of the 

mean of Hdiff, the greater the nature of this marginal distribution means the more 

abnormal the breast is[1-3]. From the research results obtained abnormal Mean 

Mean of Hdiff is greater than the normal value, This indicates there is an 

abnormality in the breast. 

 

Table 2. The Comparison of Physical Parameter Value between Normal and 

Abnormal  

Physical   parameters The Comparison of Physical 

Parameter Value 

Entropy  Abnormal > Normal 

Contrast Abnormal > Normal 

Angular  Second moment Abnormal < Normal 

moment   Differential Inverse Abnormal < Normal 

Deviation  Abnormal > Normal 

Mean  Abnormal > Normal 

Entropy of Hdiff Abnormal > Normal 

Angular  Second Moment of Hdiff  Abnormal < Normal 

Mean Mean of Hdiff Abnormal > Normal 

 

The reseach obtained higher abnormal value of entropy and contrast than the 

normal value and this shows that there is a disorder on the breasts.  

 

We employed ANOVA test to identify the distribution normality (Table 3). From 

this analysis, all physical parameters such as entropy, contrast, angular-second  
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moment, moment of differential inverse, deviation, mean, entropy of Hdiff, 

angular-second moment of Hdiff, and mean of Hdiff (p <0.001). Based on the 

results of the study, it was found that there is a significant difference between 

normal and abnormal of the nine physical parameters in the mammography.  

Table 3. The Results of Statistical Test 

Physical   Parameters Signifikansi Value (P) 

Entropy  <0.001 

Contrast <0.001 

Angular  Second moment <0.001 

moment   Differential Inverse <0.001 

Deviation  <0.001 

Mean  <0.001 

Entropy of Hdiff <0.001 

Angular  Second Moment of Hdiff  <0.001 

Mean Mean of Hdiff <0.001 

 

Many breast cancer screening tools used for early detection such as 

mammography are the current standard tool, but they are less effective for patients 

whose shells are older than 40 years and are less sensitive to small tumors under 1 

mm and solid breasts.[13] Ultrasonography (USG) is used for dense breast 

screening.[14] Magnetic Resonance Imaging (MRI) has the ability to skim the 

small size breasts that cannot be detected by mammography devices.[15] Positron 

Tomographic Emissions (PET) are a fairly accurate method for visualizing the 

spread of breast cancer.[16] Computed Tomography (CT) Scan is the most accurate 

method to see the spread of breast cancer.[17] The results of the sensitivity and 

specificity of the screening tools above can be summarized as Table 4. 

Table 4. The Results of Sensitivity and Specificity of Breast Cancer[12] 

No Type Sensitivity (%) Specificity (%) 

1 Mammografi  67.8 75.0 

2 USG 83.0 34.0 

3 MRI 94.4 26.4 

4 PET 61.0 80.0 

5 CT 91.0 93.0 

 The Methods Recommended 

Using Physical Parameters:  

  

6 Entropy  85.00 88.89 

7 Contrast  85.00 88.89 

8 Angular Second Moment 85.00 88.89 

9 Moment Differential Inverse  75.00 85.71 

10 Deviation  85.00 88.89 

11 Mean  75.00 69.23 

12 Entropy of Hdiff  70.00 83.33 

13 Angular Second Moment of Hdiff  70.00 100.00 

14 Mean of Hdiff  65.00 66.67 
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Discussions 

 
Another research[18] shows that by taking data MicroMass Single SVM dataset 

with linear SVM, poly SVM and RBF SVM methods obtained classification 

accuracies of 78.6%, 64.8% and 10.5%, respectively. However, if the method is 

combined with GA + linear SVM, the classification accuracies is 96.85%. From 

the results of research[19], mammogram data for malignant and benign  cancer 

were directly classified using the SVM method, an accuracy of 34% was obtained, 

but after the data was normalized by a feature scaling process that brought all 

values into the range [0.1 ] with the equation X '= (X-X_min) / (X_maks - X_min) 

the acuration value is 98%. From the results of research[20], mammograms were 

previously segmented and then filtered using the Gaussian method, then classified 

using the SVM method obtained a sensitivity result of 88.75%.  In our study, we 

combined physical parameters such as entropy + linear SVM and obtained 

classification accuracies of 85%. 

 

Conclusions 
 

The use of physical parameters for early detection of breast cancer provides high 

sensitivity and specificity. These physic parameters can be used as parameters to 

classify breast cancer. To increase The value of classification accuracies of the 

SVM method is not sufficient to classify breast cancer and should be combined 

with other methods such as the GA method, data normalization, segmentation and 

physical parameters. 
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