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Abstract—detection of abnormalities in breast is done in different 

phases using different modalities and different biomedical 

techniques. These techniques and modalities are able to furnish 

morphological, metabolic and functional information of breast. 

Integrating these information assists in clinical decision making. 

But it is difficult to retrieve all these information from single 

modality. Multimodal techniques supply complementary 

information for improved therapy planning. This work 

concentrates on early detection of breast cancer which 

characterises the breast mass as malignant or benign by 

investigating the features retrieved from dual modalities: 

mammograms and Ultrasound. Architectural distortion (AD) with 

Spiculated mass is an important finding for the early detection of 

breast cancer. Such distortions can be classified as spiculation, 

retraction, and distortion which can be detected in mammograms. 

Spiculated masses carry a much higher risk of malignancy than 

calcifications or other types of masses. The proposed approach is 

based on the fusion of two modalities at feature extraction level 

with Z-Score Normalization technique to improve the 

performance of dual modality. Gabor filters are used to retrieve 

texture features from region of interest (ROI) of mammograms. 

Shape and structural features are retrieved from ROI’s of 

Ultrasound. In addition to that some other discriminative features 

like denseness texture feature, standard deviation, entropy and 

homogeneity are also extracted from ROI’s of both modalities. 

Feature level fusion is then achieved by using a simple 

concatenation rule. Finally classification is done using Support 

vector machine (SVM) classifiers to classify breast mass as 

malignant or benign. Receiver operating characteristic curves 

(ROC) are used to evaluate the performance. SVM classifiers 

achieved 95.6% sensitivity in characterising the breast masses 

using the features retrieved from two modalities. 

 

Keywords— Mammogram, Ultrasound, Spiculated mass, 

Architectural distortion, Dual modality, SVM, Feature level 

fusion, Z-score Normalization.  

I. INTRODUCTION 

Multimodality information system provides complementary 

information to radiologists and has a great benefit for 

diagnosis and therapy. Radiologists in a normal follow-up 

face lot of difficulties in interpreting mammograms or 

ultrasonograms due to which more than half of breast 
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biopsies turn out to be negative. Thus it is desirable to have 

an alternative approach as a second line of defence. Towards 

that we have embarked on developing a dual modality model 

which fuses the features retrieved from mammogram and 

ultrasound. Any of the single modality used to analyse breast 

cancer is not rich enough to capture all classification 

information available in the image. Thus in normal medical 

diagnoses, images from different modalities are used to get a 

complete picture or information of abnormality. For example 

mammogram provides textural and morphological 

information where as ultrasound images give functional and 

metabolic information. Hence most of the limitations 

imposed by unimodal systems can be overcome by including 

multiple sources of information. Images from different 

modalities may be taken at different time, different 

resolutions and may be from different viewpoints so it is very 

difficult to simply overlay different images from different 

modalities to fuse the information. Integration of information 

in multimodality can occur at feature level or at decision 

level. Feature level methods combine several feature sets into 

a single fused one which is then used by any conventional 

classifier. Decision level fusion combines several classifiers 

resulting in strong final classifier. In this paper we focus on 

fusion at feature level which is believed to be a very 

promising method than others. Some of the important signs 

of breast cancer radiologists normally look for are: spiculated 

masses, micro calcifications, architectural distortions and 

bilateral asymmetry. Spiculated masses are characterized by 

radiating lines or spicules from a central mass of tissue. 

Spiculated masses carry a much higher risk of malignancy 

than calcifications or other types of masses [3]. Architectural 

distortion is the third most common finding of breast cancer. 

According to our survey 81% of spiculated mass and 48-60% 

of AD are malignant and 12-45% of cancers missed in 

screening are AD with spiculated masses. The detection 

sensitivity of the current methodologies for AD with 

Spiculated masses is low and there is a pressing need for 

improvements in their detection. Breast cancer does not 

always produce a visible mass, but it frequently disrupts the 

normal tissues in which it develops. This distortion of 

architecture may be the only visible evidence of the 

malignant process.  The probability of malignancy increases 

as a lesion becomes more irregular in shape [4, 5]. 

Mammography and ultrasonography are currently the most 

sensitive noninvasive modalities for detecting breast cancer. 

A panel report issued from Institute of Medicine and National 

research council of National Academics stated that 

Mammography though useful wasn’t always enough and 

health practitioners needed to investigate other 

complementary screening 

methods like ultrasound [6]. 
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 It also says that mammography depicts about three to four 

cancers per 1000 women. But in women with dense breasts 

ultrasound depicts another three cancers per 1000 women. In 

addition, mammography produces a high false positive rate, 

and only about 525 of 1800 lesions that were sent to biopsy 

are malignant [6, 7]. Mammography has limitations in cancer 

detection in the dense breast tissue of young patients. Most 

cancers arise in dense tissue, so lesion detection for women in 

this higher risk category is particularly challenging. The 

breast tissue of younger women tends to be dense and full of 

milk glands, making cancer detection with mammography 

problematic. In mammograms, glandular tissues look dense 

and white, much like cancerous tumor. The reasons for the 

high miss rate and low specificity in mammography are, low 

conspicuity of mammographic lesions, noisy nature of the 

images, overlying and underlying structures that obscure 

features of the mammographic images [8]. The cancers found 

on ultrasound are almost all small invasive cancers that have 

not yet spread to the lymph nodes and therefore have good 

prognoses. Ultrasonography is proved to be more effective 

for women younger than 35 years of age and is an important 

adjunct to mammography [9]. Literature suggests that denser 

the breast parenchyma, higher will be the accuracy of 

malignant tumors in ultrasound images. However ultrasound 

itself has some limitations: low resolution, low contrast, 

blurry edges and speckle noise. So it is very difficult for a 

radiologist to read and interpret an ultrasound image. Though 

Mammography and ultrasonography are currently the most 

sensitive noninvasive modalities for detecting breast cancer, 

they have their own limitations. The above argument justifies 

that features retrieved from one modality are not sufficient to 

detect the abnormalities of breast cancer in early stages. 

Integration of multimodalities has been widely used for 

generating more diagnostic and clinical values in medical 

imaging [10]. Proper multimodality fusion techniques need 

to be employed. Thus our proposed work concentrates on 

designing image processing algorithms to extract features 

from dual modalities (ultrasound and mammogram) and to 

fuse them to improve the performance of characterization of 

breast masses. Multimodal techniques supply complementary 

information for improved therapy planning. As early 

detection of cancer is probably the major contributor to a 

reduction in mortality for certain cancers, images guided and 

targeted minimally invasive therapy has the promise to 

improve the outcome and reduce collateral effects.   

II. REVIEW OF RELATED WORKS 

In this section we give an insight of existing research works 

related to the proposed work. The topics related are classified 

under four sections. First we describe related works on 

pre-processing and segmentation for both mammogram and 

ultrasound, as we have finally fused the information retrieved 

from these two modalities. Second we focus on methods 

related to detection of abnormalities in breast ultrasound and 

mammogram. Third we describe the work carried out on 

different fusion techniques to fuse the features retrieved from 

different modalities. Finally we have highlighted the 

limitations of existing work which shows us the path to carry 

out the research by considering the limitations in the existing 

methods. 

Pre-processing and segmentation on mammograms and 

ultrasound is carried out by several authors: Suckling et al. 

[23] segmented mammograms into four major components: 

background, pectoral muscle, fibro-glandular region and 

adipose region, using multiple, linked self-organizing neural 

networks. Karssemeijer [24] used Hough transform detect the 

pectoral edge, is a popular technique. Ferrari et al. [25] 

segmented mammograms into skin-air boundary, 

fibro-glandular tissue, and pectoral muscle, based on the 

Hough transform. Georgsson [26] extracted the pectoral 

muscle by region growing. Fei Maa [27], introduced two 

image segmentation methods based on graph theory   in 

conjunction with active contours to segment the pectoral 

muscle in screening mammograms. Mignotte and Meunier 

[28] used a statistical external energy in a discrete active 

contour for the segmentation of short axis images he says that 

this was well-suited in ultrasound images with significant 

noise and missing boundaries. The multi-scale optimization 

strategy of Heitz et al. [29] was adapted to perform the 

energy minimization.  

Related works on detection of abnormalities in mammogram 

are: Tourassi [30] used fractal dimension to differentiate 

between normal and architectural distortion patterns in 

mammograms. An area under the receiver operating 

characteristics (ROC) curve of Az = 0.89 was obtained. 

Rangayyan and Ayres [31] applied Gabor filters to 

characterize oriented texture patterns and detect architectural 

distortion. FROC analysis shows the sensitivity of 0.79 at 8.4 

false positives per image. Spiculation levels of breast mass 

boundaries are a primary sign of malignancy on 

mammography. Luan Jiang [32], developed an automated 

computerized method to detect spiculation levels. A 

quantitative spiculation index is computed to assess the 

degree of spiculation. The method achieved an overall 

classification accuracy of 66.4%, with 54.3% sensitivity and 

78.3% specificity. Burhenne et al. [33] obtained a sensitivity 

of 75% of a commercial CAD system in the detection of 

architectural distortion. Evans et al. [34] reported that a 

commercial CAD system correctly identified 17 of 20 cases 

of architectural distortion. We focused on the detection of 

Spiculated Mass and AD for a number of reasons. Spiculated 

Mass carries a much higher risk of malignancy than 

calcifications or other types of masses. About 81% of 

Spiculated Mass and 48- 60% of AD is malignant [35]. 

Mudigonda et al. [36] presented a mass detection method that 

performs segmentation of objects based on intensity contours 

and texture flow-field analysis. Their study included 43 

masses and 13 normal cases from the Mini-MIAS database 

with the performance of 81% and average of 2.2 FPs per 

image. Julia E. E. de Oliveira [37] proposed a method to 

classify spiculated mass and micro-calcification using Haar 

wavelet transform and SVM. An accuracy of  89.6%  was 

achieved by them. 

Survey on detection of abnormalities in breast ultrasound is: 

Cheng and Itoh [38] proposed a novel method for the 

automated detection of breast tumors in three dimensional 

ultrasonic images using fuzzy reasoning. 10 cases of 

malignant and 10 cases benign tumors are successfully 

extracted by the proposed method. Horsch [39] presented a 

method which involved thresholding a preprocessed image to 

enhance the mass structures. Madabhushi and Metaxas [40] 

worked by combining intensity, texture information, and 

empirical domain knowledge. Their method requires training 

but in the small database.  
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They showed that their method is independent of the number 

of training samples, shows good reproducibility with respect 

to parameters, and gives a true positive area of 74.7%.  Yuji 

Ikedo and Daisuke [41] proposed a scheme for mass 

detection in whole breast ultrasound images using bilateral 

subtraction technique based on a comparison of the average 

gray values of a mass candidate region and a region with the 

same position and same size as the candidate region in the 

contra lateral breast. The sensitivity was 83% (5/6) with 13.8 

(165/12) false positives per breast before applying the 

proposed reduction method. By applying the method, false 

positives were reduced to 4.5 (54/12) per breast without 

removing a true positive region. Dar and Chang [42] in their 

research used morphology operation, histogram equalization, 

and fractal analysis for classifying ultrasound images. The 

fractal analysis is applied to obtain the fractal texture features 

to classify the test cases of masses into benign and malignant. 

The accuracy rate was up to 88.80%. Yuji and Takako [43] 

proposed a computerized classification scheme to recognize 

breast parenchyma patterns in whole breast ultrasound (US) 

images. They employed Canonical discriminant analysis with 

stepwise feature selection for the classification of 

parenchymal patterns. The classification scheme resulted in 

the accuracy of 83.3% (10/12cases) in mottled pattern cases.  

An insight on works related to fusion is given here. Fabio 

Rolia et al. [11] have proposed a serial scheme on 

well-known benchmark face datasets and fingerprint dataset 

which combines two serially matchers at which the 

performance of the serial model is higher than parallel. 

Brunelli and Falavigna [12] have experimented using tanh 

method for normalization and weighted geometric average 

for fusion of voice and face biometrics.  Hierarchical 

combination scheme is also used by them for a multimodal 

identification system. Kittler et al. [13] has used various 

fusion techniques on face and voice biometrics. He has 

experimented on sum, product, minimum, median, and 

maximum rules and have found that the sum rule 

outperformed others. He finally concluded that the sum rule 

is not significantly affected by the probability estimation 

errors and this explains its superiority. Hassan and A. S. 

Mohamed [14] presented a study of multimodal palm veins 

and signature identification by extracting the features of both 

modalities using morphological operations and Scale 

Invariant Features Transform (SIFT) algorithm. They have 

used simple sum rule to achieve feature level fusion for both 

modalities. They have applied discrete cosine transform 

(DCT) algorithm to reduce the feature vectors 

dimensionalities of feature extraction techniques.  Finally 

they have stated that SIFT algorithm is more accurate and 

does not need more preprocessing steps to identify people.  

Han-ling and Fan [15] proposed a hybrid optimization 

algorithm to deal with multimodal (CT and MRI) medical 

images. They used mutual information as a similarity 

measure and proved that subvoxel accuracy can be achieved 

for an efficient image registration and can avoid getting into 

local optimum. Andrzej Krol and Ioana [16] have 

investigated an approach for co-registration of PET images 

with MR images in image fusion level. They proved that it is 

an alternative to surgical breast biopsy. Francis and Thomas 

[17] worked on fusion of data from mammography, 

ultrasound and non invasive infrared imaging modalities to 

improve early diagnosis. They concluded that data fusion will 

add early back into early detection of breast cancer. 

From the literature it is clear that preprocessing algorithms 

identified the components of image belonging to the pectoral 

muscle but in most of the cases components found have 

ragged the edges and tend not to include the extreme edge of 

the pectoral muscle. The detection sensitivity of the current 

computer systems for Spiculated Mass and AD is low. 

Accurate and robust detection remains a technical challenge 

because the spiculated patterns are often subtle and varied in 

appearance. Due to lack of ground truth spiculation levels in 

the data set, assessing the performance of a method is also 

difficult. The works in medical image processing generally 

are not trying to perform fusion in feature level. But some of 

the work is been carried out in data level and image level 

fusion. In our proposed work we are introducing a new 

approach of fusing features of mammograms  and ultrasound 

in order   to improve  the diagnosis by giving second opinion 

to the radiologist that hopefully reduce the rate of biopsy. 

III. MATERIAL AND METHODS 

In this paper we have used Ultrasound and mammogram 

images of same person which comprised of Architectural 

distortions with spiculated mass. For each image, a 

rectangular ROI including the AD with spiculated mass and 

the area around it were determined by an experienced 

radiologist. The radiologist also depicted mass contours and 

has classified them as regular or irregular. 

Mammography whether film or digital is a best choice of 

screening for women who are less than age 40. But for 

younger women and dense breast women it is not an adequate 

choice. Though Ultrasound is a commonly used diagnostic 

tool, it is not FDA approved for screening. 

Fusion of information can be done in feature level, data level 

or decision level. Feature level methods combine various 

features into single fused one which can be later used by 

conventional classifier. On the other hand decision level 

fusion combines several classifiers to make a stronger 

classifier which is also called as post classification fusion. 

The purpose of our work is to demonstrate the fusion of 

features from mammogram and breast ultrasound that is not 

way off in future, but one that can be utilized today. 

Multimodality is not a new concept but the inclusion of 

feature level fusion to mammogram and ultrasound 

modalities to detect AD with spiculated mass is rare. Our 

objective is to show how feature level fusion in 

multimodality helps in detecting breast cancer. 

The proposed dual modality system combines the structural 

and functional behavioural trait of mammogram and 

ultrasound modalities as shown in Fig.1. We have extracted 

texture features and directional features from mammograms 

using Gabor filters, gradient orientation and phase portraits. 

Using angle of curvature method and intensity based method 

functional features like acoustic shadow and shape features 

are retrieved from ultrasound. As Mammogram and 

Ultrasound are independent modalities, we need to normalize 

the features. Feature Normalization is done using Z-score, 

Min-Max and Tanh (TH) methods for feature level fusion. 

Support vector machine (SVM) classifiers are used to 

classify the fused features. 

https://www.openaccess.nl/en/open-publications
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Fig.1 Proposed Dual modality system 

A. Characterisation  of mass using single modality 

mammogram 

Biomedical images are often affected and corrupted by 

various types of noise and artifacts. To remove noise like 

artifacts and pectoral muscle region without causing any 

distortion or loss of the desired information in the image of 

interest we have used connected component algorithm and 

anisotropic diffusion algorithm. Anisotropic diffusion is an 

important segmentation method which creates a piecewise 

constant image so that the segmentation boundaries can be 

easily obtained. Nonlinear partial differential equation used 

for smoothing image on a continuous domain: 

 
𝜕𝐼

𝜕𝑡
= 𝑑𝑖𝑣[𝑐(‖∇𝐼‖) − ∇𝐼]       → (1) 

 

I(t=0)=I0 

 

Where  ∇ is the gradient operator, div the divergence operator 

‖∇𝐼‖denotes the magnitude, c(x) the diffusion coefficient, 

and I0 the initial image. Proposed diffusion model not only 

provides different degrees of smoothing for intra-regions but 

also actively provides different degrees of sharpening for 

edges in inter-regions. The results of pre-processing are 

shown in the Fig 2. 

To extract features from mammograms we have developed a 

new computerised method to detect spiculated masses with 

Architectural Distortions. The method is based on the 

distribution of the mammary gland which is approximated to 

linear structures. Overall method of detecting AD with 

spiculated mass using a single modality mammogram is 

shown in Fig 3. In normal breast, the direction of the 

distribution tends toward the nipple and in an abnormal breast, 

it tends toward suspect areas [5]. Based on the linear structure 

of mammary gland, we evaluate local structure of mammary 

ducts. We then focus on characterizing the degree of 

concentration of mammary ducts to a specific point. 

Additional features like denseness texture feature, standard 

deviation, entropy and homogeneity are also considered.  

 

(a)   (b)  

(c)   (d)  

      (e)  

Fig. 2 (a)  Original image Mdb004 in MiniMIAS atabase,  (b) 

Binary image showing different components of image, (c)  

Artifacts removed  image, (d)  Normalized image, (e)Pectoral 

muscle identified and removed. 

 

In the present work we have used Gabor filters as line 

detectors. In order to extract the texture orientation at each 

pixel of a mammogram, we filter the mammogram with a 

bank of Gabor filters of different orientations [5, 18]. The 

Gabor filter kernel oriented at the angle θ = -π/2 is given by: 

 

𝑔(𝑥, 𝑦) =
1

2𝜋𝜎𝑥𝜎𝑦
𝑒𝑥𝑝 [−

1

2
(

𝑥2

𝜎𝑥
2 +

𝑦2

𝜎𝑦
2)]   →  (2) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 Block diagram showing Detection of AD with 

spiculated mass in mammogram 

Kernels at other angles can be obtained by rotating this 

kernel.  We have used 180 kernels with angles spaced evenly 

over the range [-𝜋/2, 𝜋/2]. A Gabor filter can provide good 

detection accuracy for linear patterns with thickness up to 0.8 

mm [5, 18]. It is desirable to reduce the influence of the 

low-frequency components of the mammographic image in 

the orientation field magnitude, since the low-frequency 

components are not related to the presence of oriented 

structures in the image.  

 

 

Input Digitized mammogram 

Pre-processing: 

(Gaussian filtering) 

Feature Extraction (Gabor filters 

and PPlanes) 

 

Asset of features after feature 

extraction 

Train SVM 

classifier 

 

Train MLP 

classifier 
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Therefore, the mammographic image is high pass filtered 

prior to the extraction of the orientation field. Gaussian filters 

are used for low pass filtering. In order to extract orientation 

at each pixel of magnitude image obtained after Gabor 

filtering, gradient based orientation extraction is used. Here 

gradient vectors are calculated by taking partial derivatives 

of image intensity at each pixel in Cartesian coordinates.  

                 (a)                                     (b) 

          
 

Fig. 4  (a)  Image of Normal breast structure, (b) Image of AD 

with Spiculated mass breast structure 

         

Fig.5   Magnitude image mdb117 and mdb118 after Gabor 

filtering 

AD with Spiculated masses have stellate appearance as 

shown in Fig 4(b). The size of the lesion ranges from few 

millimeters to centimeters.  

 (a) (b)  

 (c)    

Fig. 6 (a) Synthetic node drawn using PPlanes, (b) 

Orientations drawn, (c) stellate appearance of AD with 

spiculated mass  

Our process for detecting AD with Spiculated masses is 

further performed by searching for node or star  like stellate 

structures in the image. Phase Planes provide an analytical 

tool to study systems of first-order differential equations. We 

have drawn node and star maps using phase planes (PPlanes) 

and it is compared with the gradient orientation image. As we 

need some measure of distance between two orientation 

fields we have applied flow field analysis using distance 

measure (nonlinear least squares) [5,21] and the degree of 

distortion is calculated. The measure that we use is the area of 

the triangle formed by the oriented segments, which is  

𝐴𝑖,𝑗 =  
1

2
𝑅1𝑅2 |sin(𝜃1𝑖,𝑗

−𝜃2𝑖,𝑗
)|     → (3) 

O1 and O2 are two discrete orientation fields where O1 is the 

orientation extracted from the map drawn from PPlanes and 

O2 is the gradient orientation of mammographic image. 

Length of orientation line segment is represented by       

in orientation field                at location (i, j). Angle 

subtended by this line segment is represented by θk. When 

two segments have the same orientation the area becomes 

zero. The sum of these differences over the entire field is 

represented by S and is given by: 

 

𝑆 = ∑ 𝐴𝑖,𝑗𝑖,𝑗𝜖𝑊          →     (4) 

The presence of stellate appearance (strong node or star) 

point indicates the sites of AD with spiculated mass.  

 

(a)                              (b) 

      
 

Fig. 7  (a) Ground truth, (b) Detected node points 

showing S values.  

 

The features that constitute image texture extracted above are 

not sufficient for classification, thus some other characteristic 

features that are concerned with spatial organization of gray 

level primitives are considered. Additional features that we 

have extracted from gradient orientation image are denseness 

texture feature, standard deviation, entropy and homogeneity. 

Where denseness texture feature D is defined as: 

 

→   (5) 

 

Where E is morphologically eroded image. Eh and Ev indicate 

the eroded images by a horizontal and a vertical structuring 

element, respectively. Denseness feature value D close to 

zero indicates that the area has a few locally dense regions, 

while a value far off zero indicates it has many locally dense 

regions. 
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Table 1. Analysis done on 61 suspected regions 

  Disease 

Test Present Absent 

Positive 22 (TP) 10 (FP) 

Negative 4  (FN) 25 (TN) 

 

 

 
Fig. 8 Pi chart showing the analysis done on 61 suspected 

regions 

 

Support vector machine (SVM) classifier is used to classify 

AD with spiculated mass and Normal breast tissue. The 

reason why SVM is selected for classification in our work is 

[20]:  

• SVM has good capacity of generalization. 

• SVM is highly robust and work well with images. 

• The theory of SVM is well defined and has a very good 

base of mathematics and statistics. 

• Over training problem is less compared to other neural 

network classifiers. 

Kernel function k(x, y) in SVM plays very important role in 

mapping input vector to high dimensional feature space. By 

using different kernel functions like Gaussian Radial Basis 

Function (RBF), Polynomial, Linear, quadratic, etc., SVM 

implements a variety of learning machines. In our work we 

have used the following kernel functions: 

 

• Gaussian RBF kernel: 

      →  (6) 

• Polynomial kernel: 

        →  (7) 

• Linear kernel :  

           →   (8) 

The process of classification has two phases: training phase 

and testing phase.  In training phase data set which is labeled 

as Normal or AD with Spiculated mass are given to classifier 

and the classifier is trained. In testing phase, unknown dataset 

are given to the classifier for actual classification. Data set 

was created by collecting and getting the ground truth marked 

images from expert radiologists trained with those kinds of 

images. Dataset was divided as Training set 70% and Testing 

set 30%. For cross validation we used leave-one-out scheme. 

The performance of SVM classifier is given in table 1. The 

performance of the classifier is assessed in terms of 

sensitivity and specificity. Where sensitivity is the proportion 

of actual positives which are correctly identified and 

specificity is the proportion of negatives which are correctly 

classified. The sensitivity achieved by SVM classifier is 

93.52%.  

   

Table 2. Results of SVM classifier 

 

Kernel 

Function 
Sensitivity (%) Specificity (%) 

Gaussian RBF 94.78 89.67 

Polynomial 85.14 72.39 

Linear 84.82 80.15 

 

 
Fig. 9  ROC curve depicting the performance of SVM 

classifier Gaussian RBF kernel. 

(a)     (b)  

 (c)    (d)  

 

Fig. 10  (a) Original mammogram , (b) Pre-processed image 

showing the position of AD, (c) line strength image after 

applying Gabor filter, (d) Probability image 

B. Characterisation  of mass using single modality 

Ultrasound 

Ultrasound (US) is an important adjunct to mammography in 

breast cancer detection as it doubles the rate of detection in 

dense breasts and also does dynamic analysis of moving 

structures in breast. 
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 Architectural distortions and spiculated masses with 

Architectural distortions on mammography are considered to 

be one of the most indicators of breast cancer. But recently 

AD and AD with spiculated mass has been detected via 

ultrasonography also. Distortion refers to presence of 

radiating structure concentrated at a point as shown in Fig. 

11.  

 

     
 

Fig. 11 Appearance of AD in Ultrasound 

 

 As the spatial resolution of ultrasound is not good detection 

of AD even in the absence of definite mass is difficult. Thus 

we are concentrating on detection of AD with spiculated 

mass in our work. Block diagram in Fig 

 12 shows the complete process of detecting AD with 

spiculated mass using a single modality ultrasound. 

Ultrasound images are first pre-processed using Gaussian 

smoothing to remove additive noise and anisotropic diffusion 

filters to remove multiplicative noise (speckle noise). For 

segmentation active contour method is used to extract a 

closed contour of filtered image which is the boundary of the 

spiculated mass. During feature extraction spiculations which 

make breast mass unstructured or irregular are marked by 

measuring the angle of curvature of each pixel at the 

boundary of mass. To classify the breast mass we have used 

the structure of mass in accordance with spiculations and 

elliptical shape.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 12 Block diagram showing Detection of AD with  

spiculated mass in ultrasound 
 

Several features might be able for classification. Too many 

irrelevant features not only derived from an image. But more 

features make the classifier complicated, but also will reduce 

the accuracy of the classification. The most important issue is 

to select features that are able to represent the characteristics 

of spiculated masses in the breast ultrasound images. 

Spiculations are the small needle like structures found in 

malignant mass which shows uncontrollable multiplication 

of breast cells. These spiculations will make the breast 

masses unstructured and irregular [6]. 

The first feature retrieved is the spiculation feature of mass 

by finding and roughly ellipse. Thus as a second feature we 

consider shape of the mass by fitting the contour to ellipse. 

Based on these features the spiculated malignant mass can be 

significantly discriminated from the benign masses by the 

classifier. In breast ultrasound images, spiculations and 

angular margins are the significant characteristics. 

Spiculations produce the higher positive predictive value of 

malignancy. Also, the hyperechogenicity, 

well-circumscribed lobulation, ellipsoid shape and a thin 

capsule are the significant characteristics of benign masses in 

breast ultrasound images [6, 19]. 

The angle of curvature of every pixel at that boundary of the 

mass is considered. At every pixel the angle of curvature is 

found by projecting lines from that pixel to some appropriate 

pixels and the angle between the lines are found and is as 

shown in Fig 13. Spiculated regions will be having lesser 

angle of curvature and thus the measured angle of curvature 

at each pixel is compared with certain range of angle, 

showing the spiculated region. Here we have considered 

spiculated angle range as 45° to 60° and if any pixels showing 

this feature are found, they are marked for analysis as shown 

is Fig. 14(d). 

where   ϕ=𝑡𝑎𝑛−1 [|
𝑚2−𝑚1

1+𝑚1∗𝑚2
|]        →      (9) 

 

and     𝑚1 =
(𝑏−𝑦)

(𝑎−𝑥)
   ,    𝑚2 =

(𝑑−𝑦)

(𝑐−𝑥)
    →    (10) 

 

 

 

 

 

 

 

 

 

 

 

Fig. 13 Angle of curvature at pixel (x,y) found by projecting 

lines from that pixel 
 

Shape of the mass is also one of the important features that 

can be considered for classification of mass as benign or 

malignant in ultrasound images. The proportion of width and 

height of the mass and its ellipsoid shape are some of the 

important features which help us to decide the mass as benign 

or malignant [22]. A mass with ellipsoidal shape shown in 

Fig. 15(a) will increases the probability of mass being benign. 

Most of the malignant masses will normally produce 

projections from the surface of the mass which extend 

towards nipple, thus they will be taller than wider as shown in 

Fig. 15(b). 

 

(x,y) ϕ 

 

(a,b) 

(c,d) 

Original ultrasound image 

Image Denoise and Image 

Enhancement 

Image segmentation 

Feature Analysis and 

Extraction 

Classification 

Detection of sites of 

spiculated masses 
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(a)  (b)  

 

(c)   (d)  

  

Fig. 14  (a) Ultrasound image showing Spiculated mass, (b) 

Image after preprocessing, (c) Image after segmentation, (d) 

Mass boundary on which spiculations are marked with “x”. 

                       

(a)   (b)  

 

Fig. 15  (a) Mass with elliptical shape (benign), (b) Mass 

which is taller than wider (malignant) 

 

To fit an ellipse to the contour of mass , we first consider the 

contour of mass which is already retrieved in previous 

section. Let (c1,c1) be the centroid of mass contour  and the 

maximum path passing the point (c1,c1) be the major axis ‘a’ 

and the minimum path through (c1,c1) is considered as a 

minor axis ‘b’. Angle between X-axis and major axis is 

considered to be ‘θ’. Mathematically an ellipse may be 

specified as: 

𝑥(𝑡) = 𝑐1 + 𝑎 cos 𝑡 cos 𝜃 − 𝑏 sin 𝑡 sin 𝜃  →(11) 

 

𝑦(𝑡) = 𝑐2 + 𝑏 sin 𝑡 cos 𝜃 + 𝑎 cos 𝑡 sin 𝜃  →(12) 

 

Where t is interval angle (0 < t < 2π) 

The standard deviation of the shortest distance is the best fit 

of mass contour by an ellipse. Shortest distance can be 

defined as  

𝑆(𝑖) = |𝐸𝑖𝐻𝑖|          i=1,2,3,………N   →    (13) 

 

Where N is number of pixels on mass contour. Standard 

deviation of shortest distance is given by 

 

𝑆𝐷 = √ 1

𝑁−1
∑ [𝑆(𝑖) −

1

𝑁
∑ 𝑆(𝑖)𝑁

𝑖=1 ]
2

𝑁
𝑖=1    →  (14) 

 

A mass is said to produce acoustic shadow if the ultrasound is 

attenuated when crossing through it. If a mass generates 

acoustic shadow it is considered as malignant. Appearance of 

mass with acoustic shadow and without acoustic shadow is 

shown in Fig. 17 (b). 

 

 
 

Fig. 16 shows the shortest distance in the best fit ellipse. 

Point ‘’X’ in the centre is centroid of mass contour 

 

 Acoustic shadow can be determined by considering intensity 

as a main factor. To find whether mass has generated shadow 

or not, we first calculated the mean intensity of the region 

under the mass and compare it with the mean intensity of the 

region at the same level which is not covered by the mass.  

We have used SVM for classification. Using support vectors 

SVM finds adequate hyper plane to separate the groups. After 

separation, cases belonging to one category remains in one 

side of the plane and other cases will remain on the other side 

of the plane [6, 20]. 
 

(a)    (b)  

 

Fig. 17  (a) Mass without Acoustic shadow, (b) Mass with 

acoustic shadow. 
 

The features we have considered are discriminative and 

effective in characterizing the mass in ultrasound images. 

Using a single feature as parameter to discriminate is always 

a tradeoff between the sensitivity and specificity. The 

tradeoff is due to that each feature parameter is mainly related 

to its nature. So we have considered the features like 

spiculated feature, acoustic shadowing, elliptical shape 

feature, entropy and standard deviation for discrimination.  

The data set for ultrasound is also created by collecting and 

getting the ground truth marked images from expert 

radiologists trained with those kinds of images. Dataset was 

divided as Training set 70% and Testing set 30%. For cross 

validation we used leave-one-out scheme. The performance 

of SVM classifier is given in table 3. The performance of the 

classifier is assessed in terms of sensitivity and specificity. 

Where sensitivity is the proportion of actual positives which 

are correctly identified and specificity is the proportion of 

negatives which are correctly classified. The sensitivity 

achieved by SVM classifier is 92.7%.    

Feature level fusion 

The features retrieved from mammogram are structural 

features and that from ultrasound are functional features and 

they are dissimilar in terms of dimension. For fusion of 

features we needed coherent dataset from both modalities 

which belong to a same person. Data set was created by 

collecting and getting the ground truth marked images from 

expert radiologists trained with those kinds of images. All 

images in our dataset contained only one abnormality (AD 

with spiculated mass).  
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As discussed in previous sections both modalities will output 

a collection of features. The fusion process fuses this 

collection of features into a single feature set. 

Table 3.  Results of SVM classifier for Ultrasound 

 

Kernel Function  Sensitivity (%) Specificity (%) 

Gaussian RBF  92.7  90.3  

Polynomial  89.4  90.1  

Linear  88.5  
89  

 

Fig. 18 ROC Curve depicting the performance of SVM 

classifier with sensitivity of  92.7%  and AUC=0.88. 

 

Feature level fusion is a medium level fusion strategy which 

performs well, if the features are homogenous. If the features 

are heterogeneous, then it requires normalization to convert 

them into a range that makes them more similar. We have 

used three well-known normalization methods:  

•   Min-Max (MM) 

•   Z-score (ZS) 

•   Tanh (TH) 

Min-Max (MM): Min-Max is a method which maps the raw 

scores (s) to the [0, 1] range and it is given by:  

 

𝑛 =
𝑠𝑖−min (𝑠)

max(𝑠)−min(s)
→  (15) 

 Where the quantities max(s) and min(s) specify the end 

points of the score range. 

Z-score (ZS): ZS method helps in transforming the  scores to 

a distribution with mean of 0 and standard deviation of 1. 

 

𝑛 =
𝑠𝑖−mean (𝑠)

std(s)
 →  (16) 

    

Where the operators mean() and std() denote the  arithmetic 

mean and standard deviation operators, respectively. 

Tanh (TH): TH method is a robust statistical technique. It 

maps the raw scores to the (0, 1) range which is given by: 

 

𝑛 =
1

2
[tanh (0.01

(𝑠𝑖−𝑚𝑒𝑎𝑛(𝑠))

𝑠𝑡𝑑(𝑠)
) + 1] →(17) 

IV. EXPERIMENTAL RESULTS AND DISCUSSION 

The feature level fusion is realized to be simply 

concatenating the feature points obtained from different 

sources of information. The concatenated feature vector has 

better discrimination power than the individual feature 

vectors.  The main aim of this fusion is to test if the fusion of 

two sets of features can improve classification accuracy. A 

fair assessment should be based on the feature vectors with 

the same dimensionality. In this feature level fusion, proper 

normalization is required to address the difference in 

measurement scale because during fusion we augment 

features that are retrieved from different extraction methods. 

One major problem associated with this fusion scheme is that 

the same classifier has to be applied to the fused feature set. 

But the feature sets from both the modalities mammogram 

and ultrasound may have different utilities and may have 

their own individuality favored classifiers. Because it is 

known that classification performance depends mainly on the 

characteristics of the data. It is difficult to find a single 

classifier that works best on all given data sets.  

Support vector machines (SVM) are a learning tool based on 

modern statistical learning method that classifies binary 

classes. SVM has been shown to perform better than many 

other classification algorithms due to several reasons [5, 20]: 

• SVM has good capacity of generalization. 

• SVM is highly robust and work well with images. 

• The theory of SVM is well defined and has a very good 

base of mathematics and statistics. 

• Over training problem is less compared to other neural 

network classifiers. 

Thus we have used SVM classifiers to classify the fused 

feature vector. Implementation is done using MATLAB. For 

experimentation we have randomly partitioned the dataset 

training and testing data with the proportion of 70% and 30% 

respectively. We have used receiver operating characteristic 

curve (ROC) to evaluate the performance. ROC graphically 

represents the true positive rate as a function of false 

positives rate. 

Table 4.  Performance of SVM classifier for dual modality 

using Min-Max normalization 

 
Table 5.  Performance of SVM classifier for dual modality 

using Z-Score normalization 

 
 

Table 6.  Performance of SVM classifier for dual modality 

using Tanh normalization 
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Table 7. Comparison of Results 

 
 

 
 

Fig. 19  Comparison of performance of all three proposed 

methods using SVM classifier. 

 

 
Fig. 20 ROC Curve depicting the performance of SVM 

Classifier for Dual modality with sensitivity 95.6% 

V. CONCLUSION AND FUTURE WORK 

In this study information from multiple modalities such as 

mammogram and ultrasound was used to classify the breast 

mass as benign or malignant.    The features retrieved from 

mammogram are spiculation feature and denseness texture 

feature and that from ultrasound are spiculation feature, 

shape feature and shadowing feature. From both modalities 

we have retrieved some additional features like: standard 

deviation, entropy and homogeneity. Both modalities supply 

complementary information which is helpful in 

discriminating benign from malignant mass. The results for 

the fusion model were compared with individual modalities 

to understand the effects of more than one modality. Results 

show that the multimodal fusion improved the performance 

to classify breast mass more accurately. Accuracy can still be 

improved if standard dataset is made available for fusion. 

Comparative study in ultrasound methods can be made more 

accurate if standard dataset is available. Research towards 

multimodality in breast cancer analysis is very less. We can 

work in different directions of multimodality to improve the 

sensitivity rate in detecting breast cancer as early as possible. 
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