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Abstract- Medical image processing is a backbone for the rapid development in the field of medical science. Huge diagnosis 
in the medical field depends on image processing which is due to the rapid development in computer aided diagnosis. This 
article proposes a tree encoder based mammogram image compression and its application  to classification of micro 
calcification. Mammogram images are huge in size which requires preprocessing, compression and classification process for 
diagnosis. In this work, mammogram images are compressed using tree based encoder SPIHT in order to reduce the size of 
image. Further the image is preprocessed to remove the redundant portion using improved watershed algorithm. Then the 
image is classified as benign and malignant using training data set. The experiment has been carried out on the various 
mammogram images obtained from MIAS database. The results seem to be promising in terms of compression ratio and PSNR 
for compression and in terms of accuracy, sensitivity and specificity for classification. 
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I. INTRODUCTION 
 
Breast cancer is one of the reasons for mortality all 
around the world. The rate of mortality can be reduced 
only through the diagnosis at the early stage of the 
cancer. As the causes of breast cancer still remain 
unknown, early detection is the only key to reduce the 
death rate. If the cancer is detected earlier, better 
treatment can be provided. However, early detection 
requires an accurate and reliable diagnosis which 
should also distinguish benign and malignant tumors. 
The best detection approach is the one which should 
be able to produce both low false positive (FP) rate 
and false negative (FN) rate. Since continual 
mammogram screening is required for diagnosis, The 
American Cancer Society advices every woman older 
than around 40 years to undergo mammogram 
examination annually. Medical images such as 
mammogram, MRI are very large in size. They require 
very large storage space and long time to process. So 
the compression of medical images becomes essential.  
 
II. RELATED WORKS 
 
In [3], the compression of mammograms using SPIHT 
up to the ratio 80:1 has no degradation in image 
quality and there were statistically no significant 
difference in the original mammogram. 
 
In, the mammogram image was compressed in 
different regions other than ROI and it is found that 
using SPIHT the storage area can be reduced and the 
processing time is also reduced. Compressing 
different regions in different bit per pixel and keeping 
bit per pixel as 1 provided the best results such as 
PSNR and compression ratio. 

In, Region of Interest was selected and spot 
compression had been done. Then the Non ROI 
compressed image was classified using back 
propagation neural network. The results of the 
classifications by the texture-analysis methods had 
been evaluated by Receiver Operating Characteristic 
analysis. From the viewpoint of classification 
accuracy and computational complexity, the SRDM 
provided better result than other conventional 
methods. In, the mammogram image was first 
processed by a sub-band decomposition filter bank 
followed by higher order statistical features skewness 
and kurtosis were extracted. Based on these features 
ROI was selected and classified. The result was 
successful in detecting regions with 
micro-calcification. In this work, the pectoral muscle 
in the mammogram were removed automatically. In 
both the algorithms Seeded region growing and 
Iterative clip detection, clipping technique were used 
for removing pectoral region. The first algorithm used 
rectangle to define and isolate pectoral muscle from 
ROI and the second algorithm used straight line to 
estimate and isolate pectoral muscle from ROI. In 
these works, grey level statistical features were 
extracted from mammogram images and they were 
classified. The results were good in all the works in 
terms of accuracy and false positive. The work 
tabulated eleven different feature extraction methods 
and corresponding classification results provided in 
terms of accuracy.  
 
III. PROPOSED SYSTEM 
 
The proposed system consists of five different process 
as image enhancement, compression on non ROI, 
segmentation of ROI, feature extraction and 
classification. 
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Architecture Diagram: 
Architecture diagram of the proposed diagram is 

shown below.  

 
 
The proposed architecture diagram is shown in above 
diagram. Each phase is explained briefly as follows.  
 
A. Image enhancement Image enhancement is 
essential especially for medical images in order to 
recognize the ROI exactly. For that CLAHE algorithm 
is used. Input image and enhanced image are shown in 
the following figure. 
 

 
Fig.1 a) Input mammogram image b)Enhanced mammogram 

image 
 

B. Compression on Non ROI 
The background of mammogram is not necessary for 
diagnosis. So the breast region alone will be chosen as 
ROI and remaining portions will be considered as non 
ROI. Image transform is obtained by curvelet 
transform from the mammogram image and then 
Non-ROI region is encoded using SPIHT. Residual 
curvelet coefficient is calculated and rounded to the 
nearest integer. If the order of image is n×n, then the 
significant coefficients are selected such that

n
jiC 2,  . The remaining curvelet coefficients are 

treated as in significant. A sorting algorithm divides 
the set of pixels into partitioning the subsets. The 
significance of information is stored in three ordered 
lists as List of Insignificant Sets (LIS), List of 
Insignificant Pixels (LIP) and List of Significant 

Pixels (LSP). Refinement pass is done for each entry 
in LSP. Quantization is applied and decrement n by 1. 
 
C. Segmentation of ROI 
Improved watershed Transform is used to segment 
ROI from mammogram image. The improved 
watershed transform is an efficient algorithm for 
segmentation. The important step in this algorithm is 
to find the lower slope and lower neighbors in the 
mammogram image. The lower slope of the image at a 
pixel p, LS (p) can be defined as 
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Where f is a gray scale image, N(p) is the set of 
neighbors of p and d(p, q) is Euclidean distance 
between pixels p and q. 
 
The lower neighbors can be derived from lower slope 
itself. Lower neighbors LN(p) are denoted as  
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The disadvantage of watershed transform is over 
segmentation. It can be overcome  in improved 
watershed transform. So that a special function is used 
to measure the difference in class probability between 
two neighboring pixels for mammogram image 
segmentation. The pixels are selected using automatic 
techniques. Posterior probabilities for every class i at 
each pixel p are calculated using  Bayes’ rule as 
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Where IP is the intensity of the mammogram image at 
pixel p. As a result of improved watershed transform 
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with iterative clip detection, the pectoral muscle in the selected ROI was removed. 
 
D. Feature Extraction  
Features are extracted from segmented images using 
Gray Level Co-occurrence Matrix (GLCM). Feature 
vectors used in this classification is stated below. 
 
Energy:  
Energy is the sum of squared elements in the GLCM 
which detects microcalcification efficiently. Energy of 
segmented ROI is computed by squaring and summing 
the pixels by  

2
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Contrast:   
Contrast is a measure of the intensity difference 
between a pixel and its neighbor pixel. Improving 
Contrast helps in differentiating microcalcification 
from ROI. Contrast is given as 
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Homogeneity:  
Homogeneity is a measure of closeness of the 
distribution of elements in the GLCM to the GLCM 
diagonal matrix. Homogeneity is calculated by 
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Kurtosis: 
Kurtosis value can be used to distinguish between the 
benign and malignant microcalcification through 
peaks and flat probability distribution which is given 
by 
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Where   is the mean  is standard deviation and 
E(t)  represents the expected value of quantity. The 
appearance of benign microcalcification the will be 
flat where as the appearance of  malignant 
microcalcification will be peak. 
 
Variance:  
 The variance is the square of the standard deviation.  
The variance calculated among pixels provides the 
assurance whether the segmented ROI contains Non 
ROI or not.  Variance is given as 
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Standard deviation: 
Standard deviation provides the deviation among 
pixels. It is expected to be smaller for ensuring the 
segmented ROI is the same as the original ROI 
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Correlation: 
Correlation provides a measure of how correlated a 
pixel is to its neighbor over the whole segmented ROI.  
Correlation is obtained by 
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Skewness:  
Skewness is a measure of the asymmetry of the data 
around the segmented ROI. It is expected that the 
value of skewness is zero for assuring the pixels 
spread out are uniform. Skewness is estimated as 
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E. Classification: 
Probabilistic Neural Network (PNN) consists of three 
layers input layer, hidden layer and output layer. PNN 
can recognize k different classes; in this work three 
different classes are used. N nodes are present in the 
input layer; each node represents a feature vector of 
mammogram. The output of each input node is 
mapped to all nodes in the k classes of hidden layer, 
hence all nodes in hidden layer receives the entire 
feature vector. The nodes of hidden layer in each class 
are composed as groups. For every class, each hidden 
node belongs to a Gaussian function focussing on 
respective feature vector in the kth class.  
 
IV. RESULTS AND DISCUSSIONS 
 
The performance of the compression is estimated in 
terms of Compression Ratio, Peak Signal to Noise 
ratio (PSNR), Mean Square. From the MIAS database 
150 images are taken for the experiment among which, 
50 images are normal, 50 images are benign and 50 
images are malignant. Each mammogram image in 
MIAS database has 200 micron pixel size. The area of 
cancerous tumor is calculated in mm. The estimated 
measures for benign and malignant images are 
tabulated below. 

 
Table 1: some performance measure samples 

 

The performance of classification is estimated in terms of sensitivity, specificity, precision and accuracy. The 
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results are tabulated below. 
 
TABLE 2: Classification results of PNN classifier 
(Benign Vs Normal). 

Category Classification results of PNN classifier 
(Benign Vs Normal) 

  
Benign 

 
Normal 

       
Estimated 
Parameters 

Benign 50 
(TP) 

 
00(FN) 

 

 
Sensitivity: 100% 
Specificity: 100% 
     Precision  : 
100% 
     Accuracy  : 
100% 
          

Normal 00 (FP) 

 
50 

(TN) 
 

 
From the above table it is clearly known that all the 
normal images are recognized as normal and all the 
benign images are recognized as benign images 
correctly. 
 

TABLE 3: Classification results of PNN classifier 
(Malignant Vs Normal). 

Category 
Classification results of PNN 

classifier 
(Malignant Vs Normal) 

  
Malignant 

 
Normal 

     
Estimated 
Parameters 

Malignant 50 (TP) 
 

00(FN) 
 

 
Sensitivity: 

100% 
Specificity: 

100% 
    Precision  : 
100% 
    Accuracy  
:100% 
          

Normal 00 (FP) 50 
(TN) 

 
From the above table it is clearly known that all the 
normal images are recognized as normal and all the 
malignant images are recognized as malignant images 
correctly 
 

TABLE 4: Classification results of PNN classifier 
(Malignant Vs Benignl). 

Category Classification results of PNN classifier 
(Malignant Vs Benign) 

 
 

Malignan
t 

 
Benign 

 
Estimated 
Parameters 

Malignan
t 48 (TP) 

 
02(FN

) 
 

 
 Sensitivity  :  
96% 
 
Specificity:100
% Benign 00 (FP) 50 

(TN) 

 Precision   
:100% 
 Accuracy    :  
98% 
  

 
From the above table it is clearly known that all the 
benign images are recognized as benign but two of the 
malignant images are recognized as benign. 
 
CONCLUSION 
 
In this paper, we have proposed a system for 
compression on non ROI using SPIHT based on 
curvelet transform. Experimental results show that it 
gains better compression ration, PSNR and MSE. At 
the same time, the algorithm works fairly well for 
detecting abnormalities and type of tumor. The 
performance of the system is good in terms of 
accuracy. 
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