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Abstract— Breast cancer is one of the leading cause of death in woman worldwide both in 

developed and developing nations as per the records from World Health Organization (WHO). The 

World Health organization stated that more than 1.2 million women were found with breast cancer 

and more than 700,000 women lost their life every year in the world [1]. Detection using 

mammograms is an effective way to diagnose and manage breast cancer. Computer-aided detection 

can reduce the death rate among women with breast cancer. Recent advances in the development of 

Computer-aided detection systems using mammograms are discussed in this paper. Basic concepts of 

preprocessing the image, segmentations, feature extraction and classification are first discussed. 

Then recent advances in these methods for the development of CAD system are discussed and 

compared. 
Keywords—Breast cancer, mammograms, segmentation, classification, computer-aided detection 

systems 

1. INTRODUCTION 

Mammography is a transmission planar x-ray image formed by a diverging x-ray beam that 

uses a low-dose X-ray system to examine the breast, and is currently the most effective method for 

detection of breast cancer before it becomes clinically palpable as compared to other imaging 

modalities, including magnetic resonance imaging and ultrasound imaging. Food and Drug 

Administration (FDA) reported that mammography can find 85-90% of breast cancers in women 

over 50 and show some lumps up to 2 years before it can be felt. Breast cancers found by screening 

mammography of women in their forties were smaller and at an earlier stage with less spread to 

lymph nodes or other organs than cancers found in women not having mammography.  The results 

reported by American Cancer Society of the recent compilation of eight randomized clinical trials 

found 18% fewer deaths from breast cancer among women in their forties who had mammography. 

Mammography offers high-quality images at a low radiation dose, and is currently the only 

widely accepted imaging method used for routine breast cancer screening. There are two types of 

mammography one is film mammography and the other is digital mammography. In film 

mammography, the image is created directly on film, whereas digital mammography takes an 

electronic image of the breast and stores it directly on a computer. A sample mammogram displaying 

the breast anatomy is shown in Fig. 1  

 

 

 

 

 

 

Fig. 1. Mammographic Breast Anatomy 
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1.1 Screening and Diagnostic Mammography 

In practice mammograms are taken in two different environments: regular screening 

mammography and diagnostic mammography. Screening mammography aims to find cancers early 

under regular periodic surveillance. Diagnostic mammography is an extended intervention that may 

apply to screen- detected abnormalities, abnormalities that are palpable and not observable under 

normal imaging protocol, or for further analysis including serial surveillance. Screening 

Mammography is a low-dose x-ray examination of the breasts in a woman who is asymptomatic. The 

Screening Mammograms are two x-ray views for each breast, typically cranial-caudal view, (CC) 

and mediolateral-oblique (MLO) as shown in Fig. 2. 

 

 

 

 

 

 

Fig. 2. In Screening Mammography Different Views of Mammograms (a) Cranial-

Caudal View (CC) (b) Mediolateral-Oblique (MLO) 

1.2 Mammography Abnormalities 

There is no qualitative or quantitative definition of what is normal, though most normal 

mammograms appear with regular and undisturbed ductal patterns. Breast cancers usually appear 

with disturbed ductal structures. Normal breasts have a wide variation in mammographic appearance. 

The pattern exhibited by a breast which is predominantly composed of fat can often be called normal 

if no disturbing pattern is found. There are three major types of breast cancer: circumscribed/oval 

masses, spiculated lesions and micro-calcifications. 

(a) Presence of Masses 

Benign masses are well circumscribed, compact, and roughly circular or elliptical. Malignant 

lesions usually have a blurred boundary, an irregular appearance, and sometimes are surrounded by a 

radiating pattern of linear spicules. However, some benign lesions may have a spiculated appearance 

or blurred periphery. The location, size, shape, density, and margins of the mass are useful for the 

radiologist in evaluating the likelihood of cancer. High radiopaque lesion with irregular or ill-defined 

boundary should be considered with a high degree of suspicion. As shown in Fig. 3 (a), (b) one 

malign masses is well-circumscribed while the other one is whereas the Fig. 3 (c), (d) defines a 

benign mass and a normal mammogram. Spiculated lesions have a central tumour mass that is 

surrounded by a radiating pattern of linear spicules. Most spiculated lesions are malignant. Figure 3 

(b) shows a mammogram with a spiculated lesion. 

 

 

 

 

(a) (b) 
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(c) (d) 

Fig 3. Mammograms with (a) Circular Malignant Lesion (b) spiculated Malignant 

Lesion (c) Benign Lesion (d) Normal Breast 

 Clinical Protocol with BI-RADS Descriptors and Assessment 

This standard provides a mechanism for describing the characteristics of a given abnormality 

including the final pre-pathology finding. For mass classification purposes the borders, shape and 

relative intensities are important descriptive features. The ACR developed BI-RADS lexicon is an 

acronym for the Breast Imaging Reporting and Data System. The relevant BI-RADS descriptors and 

assessment categories are shown in Fig.4 [2]. This discussion is constrained to the mass assessment 

only. 

 

 

 

 

 

 

 

 

 

Fig. 4 (a) BI-RADS Mass Descriptors for Shape (b) BI-RADS Mass Descriptors for Margin 

(b)Presence of Calcification 

Calcifications are small mineral (calcium) deposits within the breast that appear as localized 

high-intensity regions (spots) in the mammogram. There are two types of calcifications: micro-

calcifications and macro-calcifications. Macro-calcifications are coarse, scattered calcium deposits. 

These deposits are usually associated with benign conditions and rarely require a biopsy. Micro-

calcifications may be isolated, appear in clusters, or found embedded in a mass. Individual micro-

calcifications typically range in size from 0.1-1.0 mm with an average diameter of about 0.5 mm. A 

cluster is typically defined to be at least three micro-calcifications within a 1cm
2
 region; the clusters 
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are important cues for the mammographer in determining if the reading is suspicious. 

2. DETECTION AND DIAGNOSIS OF BREAST CANCER USING MAMMOGRAPHY 

 William Mark Morrow , Raman Bhalachandra Paranjape , Rangaraj M. Rangayyan and 

Joseph Edwardn Leo Desautels presented an adaptive method for enhancing the contrast of 

mammographic features of varying size and shape due to limiting the enhancement power of 

classical image enhancement techniques due to widely varying diagnostic features in 

mammograms. The contrast of each region was calculated with respect to its individual background. 

Contrast was then enhanced by applying an empirical transformation based on each region’s seed 

pixel value, its contrast, and its background.[3].C.I Chang, Y. Du, J. Wang, S.M. Guo and P.D. 

Thouin presented a survey and comparative analysis among several widely used methods which 

include Pun and Kapur’s maximum entropy, Kittler and Illingworth’s minimum error thresholding, 

Pal and Pal’s entropy thresholding and Chang et al.’s relative entropy thresholding methods.In order 

to objectively assess these methods, two measures, uniformity and shape, were used for 

performance evaluation.[4] 

 H.S. Sheshadri, A. Kandaswamy presented a texture based classification. The segmentation based 

on these textures classifies the breast tissue under four categories. The algorithm evaluates the 

region properties of the mammogram image and thereby classifies the image under four important 

categories based on the intensity level of histograms. Experiments conducted on images of mini-

MIAS database produced a classification accuracy of about 80%, plus the classification agrees with 

the standard as specified by ACR-BIRADS.[5].Fatemeh Moayedi et al. proposed a new approach 

using contourlet texture features and support-vector-based fuzzy neural network (SVFNN) classifier 

for mass classification, where SVFNN combines the superior classification power of support vector 

machine (SVM) in high dimensional data spaces, the efficient human-like reasoning of fuzzy in 

handling uncertainty information, and learning property of neural networks.[6] Celia Varela, Pablo 

G. Tahoces, Arturo J. Méndez, Miguel Souto, Juan J. Vidal proposed a system to detect malignant 

masses on mammograms. They investigated the behaviour of an iris filter at different scales. After 

iris filter was applied, suspicious regions were segmented by means of an adaptive threshold. 

Suspected regions were characterized with features based on the iris filter output and, gray level, 

texture, contour-related, and morphological features extracted from the image. A backpropagation 

neural network classifier was trained to reduce the number of false positives. The system was 

developed and evaluated with two completely independent data sets. Results for a test set of 66 

malignant and 49 normal cases, evaluated with free-response receiver operating characteristic 

analysis, yielded a sensitivity of 88% and 94% at 1.02 false positives per image for lesion-based 

and case-based evaluation, respectively[7]. 

 Guillaume Kom , Alain Tiedeu, Martin Kom proposed a method consisting of three main steps. 

Firstly, the original image is enhanced using an approach based on a linear transformation filter in 

which the local contrast of each pixel is modified. Secondly, by subtracting the enhanced image 

from the original image, they obtained an image with segmented masses. The last step consists of 

the binarization of the latter using a local adaptive thresholding technique, after which a high pass 

and a median filter are applied to the binary image to remove noise. Results show that the proposed 

method exhibits for mass detection, a sensitivity of 95.91%. The area under receiver operating 

characteristic (ROC) Az was 0.946 when enhancement of the original image was performed before 

detection and 0.938 otherwise [8]. Alfonso Rojas Dom Enguez and Asoke K Nandi proposed an 

algorithm for enhancement of mammograms which had the objective of improving the 

segmentation of distinct structures in mammograms. The enhancement algorithm uses wavelet 
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decomposition and reconstruction, morphological operations, and local scaling. After 

preprocessing, the segmentation of regions is performed via conversion to binary images at multiple 

threshold levels, and a set of features is computed from each of the segmented regions. The method 

was tested on 57 mammographic images of masses from the mini-MIAS database, including 

circumscribed, spiculated, and ill-defined masses. In this test, the proposed method achieved a 

sensitivity of 80% at 2.3 false-positives (FPs) per image [9]. 

Aize Cao, Qing Song, Xulei Yang investigates a robust information clustering (RIC) algorithm 

incorporating spatial information for breast mass detection in digitized mammograms. Detection 

system employs RIC algorithm based on the raw region of interest (ROI) extracted from global 

mammogram by two steps of adaptive thresholding. Pixels on the fuzzy margin of a mass and noisy 

data were identified by RIC through the minimax optimization of mutual information. The 

memberships of the identified pixels (outliers) were recalculated by incorporating spatial distance 

information that takes into account of the influence of a neighborhood of 3 × 3 window. The 

algorithm is robust in the sense that both peak and valley of image intensity histogram are estimated 

and the pixels corresponding to valley in the histogram are clustered adaptively to image content. 

The proposed method has been verified with 60 mammograms in the MiniMIAS database. The 

experimental results show that the detection system has a sensitivity of 90.7% at 2.57 false positives 

(FPs) per image [10].S. Saheb Basha, K. Satya Prasad proposed a method utilizing morphological 

operators for segmentation and fuzzy c- means clustering for clear identification of clusters. 

Implementation, successfully detected the breast cancer masses in mammograms [11]. 

Leonardo de Oliveira Martins, Geraldo Braz Junior, Aristofanes Correa Silva, Anselmo Cardoso de 

Paiva, and Marcelo Gattass developed a methodology for masses detection on digitized 

mammograms using the K-means algorithm for image segmentation and co-occurrence matrix to 

describe the texture of segmented structures. Classification of these structures is accomplished 

through SVMs, which separate them in two groups, using shape and texture descriptors: masses and 

non-masses. The methodology obtained 85% of accuracy [12].Peter Mc Leod et.al. presented an 

overview of accuracies for cancer diagnosis utilizing various soft computing techniques with a 

proposition of his novel technique which is the amalgamation of a clustering mechanism and a 

Support Vector Machine classifier [13]. 

Mohammad et. al proposed a combined classifier combining SVM classifier with Linear 

Discriminant Analysis (LDA) classifier compared to other classifiers such as SVM, LDA and Fuzzy 

C-mean (FCM) classifiers. An improved validation results (on MIAS) proved the efficacy of two 

staged SVM/LDA classifier [14].T.S. Subashini, V. Ramalingam, S. Palanivel, described the 

development of an automatic breast tissue classification methodology, which can be summarized in 

a number of distinct steps: (1) preprocessing, (2) feature extraction, and (3) classification. Gray 

level thresholding and connected component labeling is used to eliminate the artefacts and pectoral 

muscles from the region of interest. Statistical features are extracted from this region which signify 

the important texture features of breast tissue. These features are fed to the support vector machine 

(SVM) classifier to classify it into any of the three classes namely fatty, glandular and dense 

tissue.The classifier accuracy obtained is 95.44%.[15]. 

B. Senthilkumar, G. Umamaheswari, J. Karthik proposed a novel region growing image 

segmentation for mammogram images to detect the breast cancer. Selective median filter is used for 

preprocessing, CLAHE (Contrast Limited Adaptive Histogram Equalization) method is used for the 

enhancement, Harris corner detect theory is used to auto find growing seeds and the seeded region 

growing rule for the development of regions.Combination with selective median filtering and 
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CLAHE it performs well in breast cancer detection with the accuracy of 93% [16]. Kai Hu, Xieping 

Gao, and Fei Li developed a novel algorithm to detect suspicious lesions in mammograms. The 

algorithm utilized the combination of adaptive global thresholding segmentation and adaptive local 

thresholding segmentation on a multiresolution representation of the original mammogram. The 

algorithm have been verified with 170 mammograms in the Mammographic Image Analysis 

SocietyMiniMammographic database. The experimental results show that the detection method has 

a sensitivity of 91.3% at 0.71 false positives per image [17]. 

R. Roselin, K. Thangavel, and C. Velayutham, analysed the FS process in mammogram 

classification using fuzzy logic and rough set theory. Rough set and fuzzy logic based Quickreduct 

algorithms were applied for the FS from the features extracted using gray level co-occurence matrix 

(GLCM) constructed over the mammogram region. The predictive accuracy of the features was 

tested using NaiveBayes, Ripper, C4.5, and ant-miner algorithms. The results showed that the ant-

miner produces significant result comparing with others and the number of features selected using 

fuzzy-rough quick reduct algorithm is minimum, too [18]. 

5. DISCUSSION 
 

The further work on computer-aided breast cancer detection should focus on improving the 

accuracy of CAD systems and make them practical for more widespread adoption in breast cancer 

diagnosis. For mass and microcalcification detection, the last two decades a large number of 

detection algorithms developed for mammograms. In recent years, several CAD systems that support 

MC detection have been deployed for clinical use. However, literature reports show mixed results on 

the role of current CAD systems in practice, with some showing improvement [19] and others 

showing no improvement [20]. Some of these systems has to make compromise between the 

sensitivity in their detection ability and specificity. The wrong diagnosis may result in increased 

unnecessary biopsies.. Besides mammography, other imaging modalities such as thermal imaging 

and 3-D ultrasonography are currently being investigated. Information from these imaging 

techniques could be useful for validating the results based on mammograms. 

6. CONCLUSION 

Computer aided design using mammograms play important role in early detection of breast 

cancer. A significant amount of work has been done in this area and still lot of research is going in 

this field. It helps the doctors to diagnose the presence of any malignant masses present in breast 

before going for biopsy. However, there is room in improvement in performance of current CAD 

systems. Many techniques have been developed and this paper gave an overview of the recent 

advances in CAD systems and related techniques. Some basic concepts related to breast cancer 

detection are described, and reviewed many key CAD techniques for breast cancer detection. 

Accurate and efficient CAD systems should lead to early detection of breast cancer and can save 

many lives and reduces the unnecessary biopsies.  
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