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I. Introduction 

Microcalcifications are small bright spots and they are usually grouped into clusters in 

mammographic images. An image can contain more than one cluster but still the area of the clusters 

is far smaller than the area of the breast. The aim of ROI (region of interest) selection is to select 

suspicious areas which can contain microcalcifications for further analysis. A proper ROI selection 

method can increase the overall processing speed and more importantly it can decrease the number of 

false positive detections. Microcalcification detection algorithms use different strategies to select 

ROIs. In [1] a wavelet and fuzzy c-means based method is presented. A wavelet based method using 

an adaptive homomorphic enhancement filter can be found in [2], other classical filter based method 

in [3] or morphological filtering in [4]. Another strategy can be subtracting the background and using 

a threshold to detect suspicious pixels and regions [5]. A relevance vector machine based approach is 

used in [6] and a method applying ant colony optimization and genetic algorithms is presented in [7]. 

Texture based methods are also exist [8, 9] with rather good performance.  

In the present paper we discuss a method for ROI selection and give some modifications in order 

to improve its performance. 

II. Surrounding region dependence method 

A. Surrounding region dependence matrix 

Surrounding region dependence method (SRDM) is a texture based method for detecting ROIs [8, 

9]. For every image pixel ( )yx,  in the image plane yx LL ×  we define three windows which give us 

two regions R1 and R2 (see Figure 1). Then we define a matrix using a threshold q, 

 ( ) [ ] njmiqM ij ≤≤≤≤= 0    ,0    ,α , (1) 

where m and n are the number of pixels in regions R1 and R2 and 

 ( ) ( ) ( ) ( ){ }
yxRRij LLyxjyxciyxcyx ×∈=∧== ,;,,|,#

21
α . (2) 

The counters 
1Rc  and 

2Rc define the number of those pixels in the surrounding regions R1 and R2 

where the difference in the intensity is greater compared to the central pixel and defined as,  

 ( ) ( ) ( ) ( ) ( )[ ]{ }qlkSyxSRlklkyxcR >−∧∈= ,,,|,#, 11
 (3) 

 ( ) ( ) ( ) ( ) ( )[ ]{ }qlkSyxSRlklkyxcR >−∧∈= ,,,|,#, 22
 (4) 

 

Figure 1: Surrounding region 

 

The ijα  elements of the matrix ( )qM  are the 

number of those pixels in the image whose 

difference in the intensity value compared to the 

pixels in the surrounding regions is greater than the 

threshold q.  
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B. Feature selection 

Let N is the sum of the elements of the matrix ( )qM , and ( )jir ,  is the reciprocal of the elements, 
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Then following [8, 9] the features shown in Table 1 can be extracted from the matrix ( )qM . 

 

Table 1: Features to be extracted from ( )qM   
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For each ROI a matrix is computed then the four features are extracted. The feature vectors serve as 

input to a neural network which performs the classification of the ROI either as negative or positive. 

III. Improving the SRMD method 

Though the method itself provides fairly good results I introduced some modifications to further 

improve the performance. 

A. Image enhancement and feature extraction 

First I introduced an image enhancement step. The enhanced image was then used as input to the 

SRDM method instead of the original image. The enhanced image can also be considered as a feature 

image and can be used in the detection of microcalcification clusters provided the ROI was evaluated 

as positive. The image enhancement is as follows. The input ROI is first filtered with an averaging 

filter then the filtered ROI is subtracted from the original one. For every pixel the following 

neighborhood operation is carried out 

 ( ) ( )∑
∈

−=
Wji

diff jiS
n

yxSyxS
,

,
1

,),( , (5) 

where W is a fixed sized window or kernel with size n centered around ( )yx,  with intensity ( )yxS , . 

From some pilot measurement the kernel size was determined in 21 pixels, however for some 

settings other kernels also had a similar performance. Therefore I introduced a simple modification. 

As the brightest pixels are around the center of the microcalcifications at least locally, it is likely that 

the average will decrease as the kernel size is increasing. For every pixel a series of average values 

can be determined using different kernel size (e.g. 13, 15, 17 … pixels) according to the size of the 

individual microcalcifications. Then for every pixel I chose the feature value given by Eq. (5) where 

the average reached minimum. 

B. Introducing new features 

In order to further enhance the performance of ROI selection I introduced three more features that 

are not related to the SRDM matrix. The features are extracted from the ROI after the enhancement 
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step. For each ROI two sums were computed. First summing the intensity values by rows and second 

summing them by columns. That gives us two vectors (e.g. vertical and horizontal sums): 

( ) ( )∑=
c

crSrF ,1  and ( ) ( )∑=
r

crScF ,2 . Then two features are simply the standard deviation of the 

vertical and horizontal sums F1 and F2. The third feature was simply the standard deviation of the 

intensity values in the input image. Analyzing the new features they show good characteristics in 

discriminating capability.  

IV. Experiments and results 

For the experiments 200 positive and 200 negative ROIs were extracted from images of the 

DDSM database [10]. In the experiments I used a 10-fold cross-validation setting in order to 

determine the optimal setting of the parameters for the method and to measure the performance of 

the algorithm and the proposed improvements. Neural networks were used as classifiers. The neural 

networks had one hidden layer with 8 neurons and with tangent hyperbolic nonlinearity. The number 

of inputs was determined by the number of features. For the SRMD method the number of input 

features is 4 while for the extended method it is 7. 

The parameters of the SRDM method are the size of the windows (w1, w2, w3) and the threshold q. 

For the proposed improvements the effect of the new features (input – std stands for the new 

features) and the size of the kernel (w4 – avg stands for the procedure for choosing feature value 

presented in section III) for the feature extraction/image enhancement step. I also examined the case 

when the samples in the training set containing microcalcifications are doubled to increase the error 

if a sample containing microcalcification is misclassified (tr_set) and the case when the resolution of 

the image is decreased (res - size of an input ROI in pixels). The classification accuracy for the 

cross-validation is also presented (acc). Table 2 shows the 4 best results and the best result for the 

original method (in light gray). The meaning of the columns is explained above. In Table 2 the 

results are given as the area under the ROC curve (Az) and the 95% confidence interval for the Az 

value is also given 

Table 2: The best results for different parameter settings 

w1 w2 w3 q w4 res tr_set input Az confidence (95%) 

3  7 11 11 21 256x256 - SRDM + std 0.959 0.921 to 0.982 

5 7 9 8 avg 256x256 - SRDM 0.958 0.920 to 0.981 

3 7 11 8 avg 256x256 - SRDM 0.957 0.918 to 0.980 

3 5 7 7 21 128x128 - SRDM + std 0.954 0.915 to 0.979 

3 7 11 11 - 256x256 - SRDM 0.949 0.909 to 0.975 

 

. The ROC curves for the best result reached by the original and the modified method are shown in 

Figure 2. 

 

 

 

 

 

 

 

Figure 2: ROC curves for the best results 
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As it can be seen from Table 2 the results are very similar and there is no statistically significant 

difference in the results. Still they show that by using the introduced new features and using 

enhanced images as inputs the performance can be increased. It is also interesting that fairly good 

result can be reached even when the resolution of the input ROI is halved which can make the 

processing faster. The best results were reached by the improved method which proves its viability.  

In Figure 2 though there are no significant differences between the ROC curves it can be seen that 

the modified method reached higher sensitivity at higher specificity therefore it improved the original 

methods by decreasing false positive detections. 

V. Conclusion and discussion 

The proposed modifications to the original SRDM method were using enhanced or feature images 

as input images and introducing new features which expresses the variability of pixel values in rows, 

columns and in the image itself. As it can be seen from the results the modified method is capable of 

reaching better performance than the original one. Future experiments are required to prove that on 

larger datasets. It is also true however, that there is no statistically significant difference between the 

best results at this point, therefore either the number of samples is too low to reach any significant 

conclusion or there is no real difference between the methods and the selection of parameters. The 

latter suggests using combined classifiers as the difference between the different parameter settings is 

not significant – they are giving good results in themselves – but they are mistaken in possibly 

different cases. Another way can be to find adaptive selection algorithms for the different 

parameters. Finally the two ways can be combined into a hierarchical multiple classifier system. 
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