
International Journal of Engineering Science  and Computing, September 2016           2426                                                          http://ijesc.org/ 

          
ISSN XXXX XXXX © 2016 IJESC                                                                                                   
                                                       
 

 

Mammographic Calcification Detection Using Wavelet Techniques 

and Texture Classification 
 Manorama Kadwani 

UG Student, B.Tech  

Electronics and Telecommunications Engineering 

Veermata Jijabai Technological Institute, Mumbai, India  

 

Abstract:  

This paper reviews and highlights the superior role of wavelet  transform techniques in  noise removal, enhancement and detection 

of microcalcifications in mammogram over spatial domain methods. Small size o f these features renders spatial domain edge 

detection techniques inefficient for detecting calcificat ions. Spatial domain and morphological methods are better suited for 

spiculated or circumscribed masses and architectural distortions.  A method for removing x-ray labels is also introduced that 

reduces computations by removing labels and pectoral muscles together. Texture features for classification techniques are used to 

detect abnormalit ies and their performance is evaluated. 
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I. INTRODUCTION 

Breast cancer is the most prevalent cancer in women 

worldwide and is increasing particularly in developing 

countries where the majority of cases are diagnosed in late 

stages due to less facilities for screening tests [1]. Screening 

tests are performed to detect breast abnormalities before any 

symptoms of cancer appear [2]. Early detection of cancer can 

increase the survival chances  and treatment options. Hence, it 

is advancement in accuracy of these screening tests is 

imperative. 

High quality mammography is currently the most effective 

technology for breast cancer screening. Radiologists look for 

signs of breast cancer in the mammogram like masses, clusters 

of calcifications, and architectural distortions. A mass is 

defined as a space-occupying lesion seen in at least two 

different projections [3]. Masses are described by their shape 

and margin characteristics. Calcifications are tiny deposits of 

calcium, which appear as small bright spots on the 

mammogram. They are characterized by their type and 

distribution properties. One of the main characteristics to 

consider in the detection of calcifications is that they are 

generally very small. Their size  varies from 0.1 mm to 1 mm 

and the average diameter is  0.3 mm [4]. Small calcifications 

may be missed due to the overlapping breast parenchyma. 

Another issue is that in regions where the background tissue is 

dense, it is very difficult to localize the calcifications. Finally, 

calcifications sometimes have a low contrast to the background 

and can be mistaken as noise in the inhomogeneous 

background. An architectural distortion is defined as follows: 

‘‘The normal architecture is distorted with no definite mass 

visible. This includes spiculations radiating from a point, and 

focal retraction or distortion of the edge of the parenchyma’’ 

[3].  

Various computer-aided detection (CAD) algorithms have 

successfully revealed breast masses and microcalcifications on 

screening mammography [5]. Considerable improvement in the 

sensitivity of CAD systems is  needed for detecting 

architectural distortions. CAD systems are used for second 

reading after a radiologist’s examination as computer-aided 

detection (CAD) increases the sensitivity of screening 

mammography  by marking areas of interest that might 

otherwise be overlooked by the interpreting radiologist[6]. If a  

suspicious abnormality is  detected, a diagnostic 

mammographic examination is carried out to decide the future 

course of action required. Based on the level of suspicion of the 

abnormality fo llowing the diagnostic examination, a 

recommendation is made for routine follow-up, short-term 

follow-up, or b iopsy. There is enough literature on both 

morphological algorithms as well as frequency content based 

algorithms used in CAD systems. This paper seeks to combine 

the best of these methods for detecting calcifications at various 

stages of processing which are: X-ray label and pectoral 

muscle removal, enhancement, feature extraction and 

classification. 

II. LITERATURE S URVEY 

First, we look at work done in breast profile ROI segmentation 

which requires eliminating pectoral muscle and X-ray label 

from a digital mammogram. Otherwise, these regions in the 

image reduce sensitivity of CAD system in detecting 

calcifications as they are also detected as sharp edges or 

changes in the image. Both of these regions have high intensity 

value and also do calcifications, so we cannot segment ROI 

using intensity of pixels.  

Some approaches have focused on using thresholding [7]. 

The global segmentation approach proposed by Bick et al. [7] 

incorporates aspects of thresholding, region growing and 

morphological filtering. The mammogram is  filtered and 

features are extracted using a texture operator. A histogram is 

then constructed for all pixels whose local range was minimal. 

This histogram was then used to classify pixels as belonging to 

either the breast or non-breast regions. Region growing is then 

used to label the different regions, while morphological 

filtering is used to eliminate irregularit ies along the breast 

contour and contour tracing extracts the breast contour. One 

 

Research Article                                                                                                                             Volume 6 Issue No. 9 



International Journal of Engineering Science  and Computing, September 2016           2427                                                          http://ijesc.org/ 

limitation is that some part of breast skin boundary and nipple 

region is not retained in this method. 

Nagi et. al [8] have used a global threshold to convert the 

mammogram into binary format. Morphological operations 

such as dilation, erosion, opening and closing are done on 

binary image to smooth the image boundaries. Object with the 

largest area is selected which is the breast region and pectoral 

muscle, so that artifacts, labels and wedges are suppressed. 

Next, pectoral muscle segmentation is done before determining 

the orientation of mammogram, and aligning all images as right 

oriented. Breast profile contrast is enhanced, and pectoral 

muscle is segmented using Seed Region Growing 

algorithm.This method cannot be used for mammograms with 

small breast area and larger pectoral muscle area as the muscle 

will get selected instead of breast ROI. The proposed method 

in this paper section III seeks to solve the above complexity.  

Next, we look at enhancement techniques. An enhancement 

stage often precedes the detection step. This can be global or 

local fixed-neighborhood enhancement scheme. Some of the 

simple g lobal enhancement techniques used are contrasting 

stretching and histogram equalizat ion. In comparison, the local 

enhancement techniques use properties like the mean and 

standard deviation in a fixed neighborhood of the pixel to 

estimate the background. This method increases the local 

contrast by suppressing the background. One of the main 

limitations of these methods is that they enhance not only the 

calcifications but also the background structure and noise. 

Another major d ifficulty is the choice of metric to report the 

performance of the enhancement algorithm [4].  The 

fundamental enhancement needed in mammography is an 

increase in contrast, especially in dense breasts. Contrast 

between malignant tissue and dense breast tissue may be 

present on a mammogram but below the threshold of human 

perception [9]. Laine et al [10] applied local and global 

nonlinear operators to  multiscale wavelet  representation to 

enhance the desired features. More specifically, within each 

level of resolution they defined multiscale edges and used these 

edges as an “index” to increase the local gain of subband image 

coefficients in order to emphasize the desired mammographic 

features..They compared their results with traditional methods 

used for image enhancement such as unsharp masking and 

adaptive histogram equalization and found that the wavelet-

based processing algorithms were superior. 

Denoising of mammograms using Discrete Wavelet 

techniques have long been used. The denoising process rejects 

noise by thresholding in the wavelet domain. The principal 

work on denoising is done by Donoho [11]. The method relies 

on the fact that noise commonly manifests itself as fine-grained 

structure in the signal, and WT provides a scale-based 

decomposition. Thus, most of the noise tends to be represented 

by the wavelet coefficients at finer scales. 

Discarding these coefficients would result in a natural 

filtering out of noise on the basis of scale. Because the 

coefficients at such scale also tend to be the primary carriers of 

edge information, the method of Donoho thresholds the 

wavelet coefficients to zero if their values are below a 

threshold. These coefficients are mostly those corresponding to 

the noise. The edge related coefficients of the signal on the 

other hand, are usually above the threshold. An alternative 

approach to hard thresholding is the soft thresholding, which 

leads to less severe distortion of the signal of interest. Several 

approaches have been suggested for setting the threshold for 

each band of the wavelet decomposition. A common approach 

is to compute the sample variance of the coefficients in a band 

and set the threshold to some multip le of the deviation. [12].  

Betal [13] also used mathematical morphology to extract 

microcalcifications from d igital mammograms. In this 

approach, an enhancement algorithm was applied on a digitized 

mammogram to emphasize the edges and lines while 

smoothing homogeneous areas. In the second stage, a “tophat” 

algorithm was applied to obtain unique markers for each 

microcalcification. This algorithm consists of three parts: 

iterative opening, subtraction, and thresholding. The threshold 

level was selected manually by a radio logist. The binary image 

produced by thresholding provided markers for the 

morphological watershed algorithm. Segmentation was 

achieved by Watershed algorithm. The application of 

morphological operators requires a priori knowledge of the 

resolution level of the mammograms in order to determine the 

size and shape of the structuring elements to be used. Besides 

manual adjustment of the detected areas, these techniques also 

tend to rely on many stages of heuristics attempting to 

eliminate false positives [14].  

Wang and Karayiannis [14] used Daubechies Wavelets of 

length 4 and 20 and compared their performance. They 

decomposed the images and recombined only the detail 

subbands and eliminated approximat ion subband.They found 

that he mother wavelet of the DAUB 4 filter is more “spike-

like” compared with that of the smoother DAUB 20 filter and 

that the DAUB 4 filter detects more pixels of high spatial 

frequency compared with the DAUB 20 filter. These pixels 

may belong to microcalcifications, breast boundary, or 

background noise. Thus, shorter wavelet filters are more 

sensitive to existing microcalcifications but they tend to 

produce more false positives. Kim et al. [15] examined the 

performance of different statistical textures for this task. They 

compared the performance of a new texture analysis method 

called surrounding region-dependence method (SRDM) with 

gray-level co-occurrence matrix method (GLCM), gray-level 

run length method (GLRLM), and gray level difference method 

(GLDM). They reported that the SRDM achieved the highest 

classification accuracy for this task. These texture analysis 

methods are co-occurrence-based methods, which attempt to 

characterize second-order properties of an image. The metrics 

used to report the performance of detection algorithms are 

sensitivity (1) and the number of false positives per image ( 2). 

clustersion Calcificat ofNumber 

Marks Positive-True ofNumber 
  Sens                    (1) 

cases normal ofNumber 

Marks negative- trueofNumber 
 ySpecificit                   (2) 

 

III.       METHODS OF PROCESSING 

Pectoral muscle Removal  

The proposed method eliminates X-ray as well as pectoral 

muscle in a different manner than mentioned previously in 

literature. 

1) First, a low value of 0.6 as a g lobal threshold is used to 

segment all in formation pixels in the  binary format of the 

image.  Morphological operations like erosion and dilat ion are 

performed on these objects to fill holes and remove noise[ 16].  

 

2) The rows and columns of the non-zero intensity boundary is 

traced and image is cropped to remove black regions on left 
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and right of mammogram which can otherwise cause sharp 

changes in intensity and contribute to wavelet coefficients. 

 

3) Again, the cropped mammogram is converted to binary 

image by Otsu’s thresholding. The largest area is selected 

which is breast region connected to pectoral muscle. An 

negative of that area is used as a mask.The orig inal 

mammogram is flood- filled in the reg ions covered by the 

mask image. 

 

4) Then a higher threshold is taken and the top three in the 

order of  largest objects are selected and not one, as in some 

cases the breast region object has very small area.  

 

5) Now, the objects are differentiated based on Convex Area 

and three different images each with a different object are 

produced. In this experiment, a sample image with larger 

breast  region with roughly round shape is selected and above 

steps  from 1 to 2 are performed on it. The largest object in 

this image is selected which is related to the breast region 

object. The binary image obtained after selection can be used 

as reference binary image for all other mammogram binary  

images.  

 

6) Each of the three objects in 3 d ifferent images are 

correlated with the reference binary image. If the object was of 

breast region, then correlation should be positive. This 

positive correlation object is selected and dilated with a large 

size structuring element so that major part  of breast skin and 

nipple is also retained. Then the bounding area of the breast 

region object is used to crop the mammogram.  

 
Figure 1. a) Normal case mammogram with X-ray label 

 
Figure 1.  B) Wavelet transform detecting label in mammogram 

 
Figure 2.  Image with label removed  

 

Contrast Enhancement and Denoising 

Breast background tissue can be glandular, fatty or dense type 

of tissue. Dense tissue especially have such high intensity 

values that calcificat ions are difficult to locate. So in this 

experiment, the contrast of mammogram is stretched by 

gamma correction so that light pixels contrast is stretched to 

greater extent. Just to show the difference made by this 

particular step, a negative image of dense tissue mammogram 

(d) is put through contrast stretching step to produce (e) with 

visible calcifications in the breast tissue; as humans can 

comprehend contrast in dark gray levels better than in  light 

gray levels.  

 
Figure 3.  Mammogram with dense background tissue  

 
Figure 4.  Perceivable abnormalities  

 

Noise cannot be removed by smoothening filters such as 

Gaussian filters or by median filters because calcificat ions 

have small sizes comparable to noise pixels so they should not 

be removed along with noise. Hence, spatial noise removal 

techniques are not suitable for mammograms. Th is is where 

frequency based Wavelet Transform reigns superior. Wavelet 
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transform div ides the informat ion into approximation and 

detail subsignals [16]. Here Daubechies Wavelet of length 2 is 

used. The detail information at level 1 decomposition contains 

noise, so soft thresholding is used to eliminate noise from 

detail coefficients. Image intensities are normalized and a 

threshold level is selected. Image obtained after soft 

thresholding and inverse Wavelet transform is the denoised 

image. Inverse transform step can be skipped as the 

coefficients will be used further. 

 

Feature Extraction 

 As exp lained in literature, Wavelet transform can best detect 

calcificat ions as edge detection techniques are suited for edges 

not point pixels. The detail coefficients obtained previously 

can be recombined to get output image showing only details 

such as calcifications. Approximat ion signal contains the low 

frequency informat ion such as background tissue and so it is 

suppressed. 

      The image obtained after inverse of Wavelet transform 

contains important information about the type of defect in the 

texture and structure of the high frequency regions. Texture 

features of pixels can alleviate the impact of artifacts unlike 

intensity features, as they are based on large neighbourhood  

property and not pixel to pixel correspondence, which also 

makes them stable to noise [17]. These features are 

represented by Gray-level Co-occurrence Matrix for g ray 

levels at 5 different offsets and 4 angles. The matrix reveals 

crucial properties of these regions like density of high 

frequency pixels, energy, correlation, entropy, contrast, 

homogeneity.  

 

Classification of abnormal cases  

Classification of the case being a normal o r cancer type, and 

the type of abnormality can be done using machine learn ing 

algorithms. Features used for classifying should be varied to 

get optimum results. Overfitting problem arises when 

dimensionality of features is several orders of magnitude 

higher than training samples. Hence, Principal Component 

Analysis (PCA) is used in this method as a tool to generate a 

new set of components by combining orig inal variables 

linearly. First, t rain ing examples are fed  to these algorithms to 

get classifying models as output. These models can then 

classify test cases. The best type of classifier depends on 

training data. For instance, Naive Bayes Classifier assumes 

that class variables are conditionally independent, while it has 

been found to work well in practice on many data sets even 

when the assumption of class-conditional independence 

between variables is not true in general, they will not be useful 

if one of the labels has zero variance- in this experiment, that 

is true because circumscribed masses have low occurrence and 

normal cases have distinctively high occurrence. Hence, it is 

not suitable for the database used in this experiment. Other 

classification algorithms such as Nearest Neighbour methods, 

Support Vector Machines also perform well only if each of the 

features contribute independently to the output. In this 

experiment, the features are in fact related to each other. For 

complex interactions among features, algorithms such 

as Discriminant Analysis, Decision trees and Neural 

Networks work better, because they are specifically designed 

to discover these interactions  [18]. Various algorithms are 

tested to get optimum results.  

 

 

 

EXPERIMENTAL RES ULTS  

The experiment was performed on the MIAS database selected 

from UK Nat ional Breast Screening Programme[19]. The 

results at various steps elaborated in section II are shown here.   

Wavelet based denoising required low threshold value 

otherwise low intensity calcificat ions in dense tissues were 

lost from the image. Daubechies wavelet  has been used for the 

same. Wavelet  transform shows calcifications in the h igh 

frequency contents but also however enhances intensity 

changes in the background tissue for many of the cases . 

Calcificat ions have grainy texture concentrated in s mall area. 

Daub 2 output does not detect calcifications as strongly as 

Daub 20. Morphological opening method is a lso carried out to 

compare with wavelet method, where former completely  

eliminates minute calcification pixels and only shows sharp 

changes in breast region tissue in center left.  

     The classification error is due to large number of features 

80 compared to training samples which are 40. The largest 

area under ROC curve (F) of 0.68 is obtained fo r Simple 

Decision Tree classifier along with PCA . The x axis denotes 

1-specificity and y axis denotes sensitivity.  

 

DISCUSS ION 

The cropped image of breast region removes unwanted sharp 

changes at boundaries of breast and between breast and 

pectoral muscle. Correlat ion with a reference image ensures 

that even small breast region are selected in the final cropped 

image.  Mammogram contrast enhancement using gamma 

correction contrast stretching is highly useful for dense 

background tissues. It reduces intensity of background tissue 

so that clusters are clearly visib le in the dense tissue. 

 

 
Figure 5.  ROC curve for Simple Decision Tree  

 
Figure 6.  Denoised image having small calcifications around 

center bottom reg ion 

https://en.wikipedia.org/wiki/Decision_tree_learning
https://en.wikipedia.org/wiki/Artificial_neural_network
https://en.wikipedia.org/wiki/Artificial_neural_network
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Figure 7.  A) Calcification  in  the   recombination   image  after 

daub2 wavelet 

Figure 8.   
Recombination image after Daub 20 wavelet transform is 

applied 

 

Figure 9.  After morphological opening of denoised image  

The reviewed  wavelet t ransform methods have higher 

sensitivity to detect calcification clusters than morphological 

methods as shown in figure results. Wavelet length also 

determines the sensitivity: when number of coefficients are 

less, as Daub 2 filter is more sensitive to noise than Daub20.  

Daub 20 filter is more accurate in detecting calcification in our 

results.  

     Texture based classification features if large in number can 

cause overfitting. Principal Component Analysis should be 

used to reduce dimensionality and increase accuracy. Also, 

mislabeled training samples limits classification accuracy, so 

samples must be selected at discretion. Therefore, full 

automization can be good option only when very high 

resolution mammograms are p roduced that are correctly 

labeled by first readers. Otherwise, CAD systems should 

continue to be used for secondary review after first reading by  

expert radio logists. 
 

CONCLUS ION 

A method for suppressing pectoral muscle and x-ray labels 

was introduced. Its high performance can warrant its adoption 

in current CAD systems. Wavelet approach is more successful 

in removing noise and detecting calcification clusters than 

morphological techniques. Hence, it is very useful in CAD 

systems. Other types of lesions like masses and architectural 

distortion need separate methods for detection as it fails in 

their case. For future work, research  is encouraged to be 

carried  on rendering 3D arrangement of breast tissue as the 

actual arrangement of calcification clusters is not effectively 

captured in 2D mammograms from just two direct ions: medio-

lateral oblique view and cran io-caudal view.  
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