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Abstract
The characterization and quantitative description of histological 
images is not a simple problem. To reach a final diagnosis, usually 
the specialist relies on the analysis of characteristics easily 
observed, such as cells size, shape, staining and texture, but 
also depends on the hidden information of tissue localization, 
physiological and pathological mechanisms, clinical aspects, 
or other etiological agents. Over the past decade, dramatic 
increases in computational power and improvement in image 
analysis algorithms have allowed the development of powerful 
computer-assisted analytical approaches to radiological data. 
This paper reviews the recent state of the art CAD technology 
for digitized histopathology. In this paper we are going to review 
different methods available for breast cancer diagnosis.

Keywords
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image segmentation, edge detection, MRI.

I. Introduction
Several world and national non-profit organizations have 
engaged in finding day to day solution to cancer deaths. However, 
a considerable number of women victims of breast cancer have 
persisted. For 2008, the American Cancer Society (ACS) and the 
National Cancer Institute (NCI) estimated 182,460 new breast 
cancer cases and about 40,480 will die of breast cancer in the 
United States (Breast Cancer New Cases and Deaths) [1]. This is 
a big number taking into account the modern technology and the 
availability of advanced research institutions. More precisely, 
women in developing countries represent a substantial number 
of women who die from breast cancer every year due to a lack 
of the improved early detection and diagnosis methods with the 
appropriate equipment. Even small improvements in the early 
diagnosis and treatment of  breast cancer would likely save 
thousands of lives annually. Breast cancer has been known for 
decades to be the most common type of cancer among women. 
The incidence of breast cancer in India is on the rise and is 
rapidly becoming the number one cancer in females. India 
accounts for nearly six percent of deaths due to breast cancer 
in the world. One out of every 22 women in India is diagnosed 
with breast cancer [2]. Recent studies have determined that the 
key to breast cancer survival rests upon its earliest detection 
possible. A part of the body is called cancerous when its cells 
start to grow in an out of control manner. Breast cancer is a 
tumour that starts from breast cells. Breast tumours can be 
malignant or benign. It is believed that benign tumours are not 
life threatening in most cases. Therefore, only malignant breast 
tumours are addressed as breast cancer. A malignant tumour 
is a group of cancer cells that invade surrounding tissues or 
spread to distant areas of the body. This cancer is specific for 
women but it rarely occurs in men too.
In this paper we are going to review various breast cancer 

detection methods. The aim of this paper is to provide an 
overview of CAD systems and related techniques developed 
in recent years. It is also intended to draw the attention of more 
research scientists to the research field of CAD for breast cancer, 
and advance research on the detection and diagnosis of breast 
cancer and related techniques, such as image processing, 
computer technology, and radiological imaging.

II. Literature Review
Breasts are conical structures lying on the anterior and lateral 
chest wall. In general, the second or third rib (level of the clavicle) 
marks the superior boundary of the breast which extends 
inferiorly the sixth or seventh rib. Usually the breast extends 
from the lateral border of the sternum to the mild-axillary line, 
but occasionally to the midline or the anterior border of the 
latissimus dorsi (Breast Cancer).  X-ray mammography and 
clinical breast examination (CBE) are the current gold standards 
of breast cancer screening. Ultrasound and MRI are also 
used as secondary screening tools to elucidate suspicious 
findings from the X-ray mammogram. Other non-optical imaging 
techniques include positron emission tomography (PET), 
electrical impedance tomography (EIT), and thermal imaging.

Fig. 1: Anatomy of the female breast

A segmentation algorithm, in a mammographic context, is an 
algorithm used to detect something, usually the whole breast 
or a specific kind of abnormalities, like micro-calcifications or 
masses. It is generally accepted that the detection of masses 
is technically more difficult than the detection of micro-
calcifications, because masses cam be simulated or obscured 
by normal breast parenchyma [3]. Moreover, there is a large 
variability in these lesions, which is reflected in morphology 
variation (shape and size of the lesions), and also in the large 
number of features that have been used to detect and classify 
them. Although segmentation of the breast from back ground is 
not the main goal our research, this kind of segmentation is a 
fundamental step in mammogram image analysis because the 
techniques to be used in later section of system are only applied 
to the breast area. The aim of breast profile segmentation is to 
separate the breast from other objects in the mammogram with 
a minimum loss of breast tissue. In general two independent 
steps performed. The first one aims to segment the background 
an annotations from the whole breast area, while the second 
one involves separating the pectoral muscle (when present) 
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from the rest of the breast area. Approaches to the breast 
background segmentation ranges from histogram thresholding 
followed by smoothing [4] to polynomial modeling [5] or, more 
recently, active contour approaches [6].  Typical strategies to 
segment the pectoral muscle have been based on straight line 
estimation using Hough Transform [7] or direct detection using 
Gabor filters as edge detectors [8].
Segmentation techniques can be divided into supervised 
and unsupervised approaches. Supervised segmentation, 
also known as model based segmentation, relies on prior 
knowledge about the region of interest to be segmented and 
optional background regions. The prior information is used to 
determine if specific regions are present within an image or 
not. Unsupervised segmentation consists of partitioning the 
image into a set of regions which are distinct and uniform with 
respect to specific properties, such as grey level, texture or color. 
Classical approaches to solve unsupervised segmentation are 
divided in three major groups:
Region based methods, which divide the image into homogeneous 
and spatially connected regions.Contour-based methods, which 
rely on finding the boundary or regionsClustering methods, which 
group together those pixels having similar properties and might 
result in non-connected regions. Region-based segmentation 
relies on the principle of homogeneity, which means that there 
has to be at least one feature which remains uniform for all 
pixels within a region. Two    basic strategies of region-based 
methods are the well known region growing and split and merge 
methods. Region growing based on the propagation of an 
initial seed point according to a specific homogeneity criterion, 
iteratively increasing the size of the region. Region growing 
algorithms have been widely used in mammographic mass 
segmentation. On one of the work [9], researcher developed a 
semi-automatic region growing approach, in which the growing 
step was automatically computed after radiologist had manually 
placed the seed point. In another attempt of segmentation [10], 
fuzzy version of the region growing algorithm was introduced. 
This approach was pixel based (the homogeneity criterion is 
evaluated for each pixel), and no prior shape was considered. 
It is based on considering the uncertainty present around 
the boundaries of tumor region, with the aim to preserve the 
transition between mass and normal tissue. The split and 
merge technique for mammographic mass segmentation has 
been used in [11], beginning with a hand –selected region of 
the interest containing a single mass, it approximates boundary 
of region by polygons. Clustering method for segmentation 
was used as a generalization k-means that included spatial 
information to refine an initial segmentation, which was 
achieved by using adaptive thresholding. Alternative clustering 
algorithms used for mammographic mass segmentation are 
the fuzzy C-Means (FCM) algorithm [12] and Expectation 
Maximization (EM) algorithm. One of the earliest approaches 
to mass segmentation was work mentioned in [13], which was 
based on a multi- resolution fuzzy pyramid linking approach, 
a data structure in which the input image formed the basis of 
the pyramid and each subsequent level [ lower resolution ) was 
sequentially constructed. The links between each node and its 
four parents were propagated using fuzzy function to upper 
levels. In literature, different approaches based in the use of 
only histogram information have been proposed for classifying 
breast tissue. Several other researchers have focused their 
attention on the use of texture feature to describe breast 
density.  In one of the research, they segmented mammograms 

into density regions based on a set of co-occurrence matrices 
and the subsequent density classification used relative area 
of the density regions as the feature space. From review it is 
clear that segmentation is one of the important tasks in cancer 
detection. Several segmentation algorithms are available. 
Region, Texture, histogram, or other features may be used as 
a basis for segmentation.

III. Detection And Diagnosis Of Breast Cancer

A. Using Mammography
There are several imaging techniques for examination of the 
breast, including magnetic resonance imaging, ultrasound 
imaging, and X-ray imaging. Mammography is a specific type 
of imaging 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 [14]. 
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. Current guidelines 
of the American Cancer Society (ACS) recommend that women 
aged 40–49 years have a routine mammogram every one to 
two years, with the first beginning at age 40 [15]. 
Currently, there are two types of mammography [16-18]: 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 [16]. Although both types 
of mammography have their advantages and disadvantages, 
digital mammography has some potential advantages over film 
mammography. Compared to digital mammography, screen-
film mammography has some limitations, which include [19]: 
1) limited range of X-ray exposure; 2) image contrast cannot 
be altered after the image is obtained; 3) the film acts as the 
detector, display, and archival medium; and 4) film processing 
is slow and introduces artifacts. All of these limitations have 
pushed researchers further to develop advanced techniques for 
digital mammography. Digital mammography is overcoming and 
will continue to overcome the limitations of film mammography 
described before, and will have the following potential 
advantages [19]: 1) wider dynamic range and lower noise; 2) 
improved image contrast; 3) enhanced image quality; and 4) 
lower X-ray dose. 
Although digital mammography has many potential advantages 
over traditional film mammography, clinical trials show that 
[20] the overall diagnostic accuracy levels of current digital 
and film mammography are similar when used in breast 
cancer screening. However, digital mammography may be 
more effective than screen-film mammography for certain 
women [21-22]. For example, Spurgeon [21] showed that 
digital mammography depicts more tumors than screen-film 
mammography, especially lesions seen as microcalcifications 
(MCs). Pisano et al. [20] showed that digital mammography is 
more accurate in women under the age of 50, women with radio 
graphically dense breasts, and premenopausal women. 
There are two types of examinations performed using 
mammography: screening mammography and diagnostic 
mammography. Screening mammography is performed to 
detect breast cancer in an asymptomatic population [23]. 
Screening mammography generally consists of four views, 
with two views of each breast: the craniocaudal (CC) view and 
the mediolateral oblique (MLO) view. The aim of diagnostic 
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mammography is to examine a patient who has already 
demonstrated abnormal clinical findings, such as a breast 
lump [23]. Similar to screening mammography, each breast 
examined using diagnostic mammography may also have two 
views. Additional diagnostic mammography may offer an in-
depth look at suspicious areas. Diagnostic mammography is 
often performed as a follow up examination of an abnormal 
screening mammography in order to determine whether the 
area of concern on the screening examination needs additional 
breast imaging or a biopsy to determine whether the woman 
has breast cancer [23]. The adoption of mammographic 
examinations, especially screening mammography, has been 
proven to increase the rate of detection of cancer and reduce 
the rates of morbidity and mortality [14].
One of the difficulties with mammography [24] is that 
mammograms generally have low contrast. This makes it difficult 
for radiologists to interpret the results. Studies [25, 26] have 
shown that mammography is susceptible to a high rate of false 
positives as well as false negatives, causing a high proportion of 
women without cancer to undergo further clinical evaluation or 
breast biopsy, or miss the best time interval for the treatment 
of cancer. Several solutions have been proposed to increase 
the accuracy, specificity, and sensitivity of mammography and 
reduce unnecessary biopsies.
Double reading of mammograms [27-28] has been advocated 
to reduce the proportion of missed cancers. The basic idea 
of double reading is to have two radiologists read the same 
mammograms. According to Warren and Duffy [28], double 
reading can contribute significantly to high sensitivity and 
effective screening. However, the workload and cost associated 
with double reading are high. Instead of double reading, 
CAD, which is referred to as the “second pair of eyes of the 
radiologists,” is aimed to be used to aid radiologists in their 
interpretation of mammograms. With a CAD system, only 
one radiologist is needed to read each mammogram rather 
than two. The adoption of a CAD system could reduce the 
experts’ workload. It has been proven that CAD systems can 
improve the detection rate of cancer in its early stages. For 
example, research by Morton et al. [29] indicates that the use 
of CAD improved the detection of breast cancer with a 7.62% 
increase in the number of breast cancers detected, with a 
small but acceptable increase of 0.93% in the recall rate, and 
a minimal increase in the number of biopsies with benign or 
negative results. Brem et al. [30] reported that use of a CAD 
system significantly improved the detection of breast cancer 
by increasing the radiologist’s sensitivity by 21.2%.

4. Advantages & disadvantages of X-ray Mammo-
graphy
Due to its low cost, it is suitable for mass screening program. 
Mammography has its limitations. It is less reliable on dense 
breast of young women or women underwent a surgical 
intervention in the breast because glandular and scar tissues 
are as radiopaque as abnormalities. Furthermore, there is low 
dose X-Ray radiation.
In some cases MRI may be used as an alternative to 
mammography.

B. MRI of the Breast
Magnetic Resonance Imaging is the most attractive alternative 
to Mammography. MRI is sensitive for detecting some cancers 
which could be missed by mammography. In addition, MRI 

can help radiologists and other specialists determine how to 
treat breast cancer patients by identifying the stage of the 
disease. It is highly effective to image breast after breast 
surgery or radiation therapy. To be effective, contrast-enhanced 
breast MRI is carried out by injecting in the patient’s body of 
a paramagnetic contrast agent. This method is based on the 
hypothesis that, after the injection of the agent, abnormalities 
enhance more than normal tissues due to their increased 
vascularity, vascular permeability and interstitial spaces [35] 
MRI forms 3D uncompressed image. It can perform with all 
women including who are not suitable for mammography, such 
as young women with dense breast and women with silicone-
filled breast implants. 

1. Advantages & disadvantages of MRI
Since it uses magnetic fields, MRI has no harmful effects on 
human bodies. However, MRI takes rather long time to perform 
and has high cost which is more than ten times greater than 
mammography. Its low resolution limits its application to very 
small lesions or microcalcifications. 

C. Thermography
Infrared thermal imaging or thermography is a promising 
screening tool as it is able to warn women of breast cancer 
ten years in advance. However, interpretation of a thermogram 
can be inconsistent. In order to improve the accuracy of 
preliminary breast cancer screening using thermogram, 
image segmentation is proposed as an automatic approach 
for analysis of infrared thermal images. Edge detection and 
Hough transform are outlined for asymmetry analysis of heat 
patterns in contralateral breasts [36].
The approach will be effectual and feasible and would be of great 
practical value in diagnosing the asymmetric abnormalities for 
breast using infrared images and will help as a useful second 
opinion.

D. First Order Statistical Feature to classify Thermal 
Images
The abnormalities of breast thermograms with tabulated the first 
order statistics methods which are the mean values, standard 
deviation values, skewness values, and kurtosis values with 
thermal camera Fluke as a tool for capturing images, after 
the applications of wiener filter and histogram equalization to 
enhance the images and region of interest to obtain the specific 
object. We have used statistical features method to classify 
types of thermograms after image processing. The results show 
that the method is promising to detect the abnormality on the 
breast thermogram images. The normal breast thermograms 
have minimum standard deviation value and skewness value 
which differ from those abnormal thermograms in the early 
stage of breast cancer and the significantly from the advanced 
of breast cancer.

E. Forward Scattering Radar Technique
An initial investigation for breast cancer detection using 
a special mode of bistatic radar system known as Forward 
Scattering Radar (FSR). The proposed method analyzes the 
Doppler frequency in the received signal scattered from the 
tumor for cancer detection and localization. Three systems 
of architectures were analyzed which determined by the 
mechanical movement of transmitter or receiver or both [37]. 
An initial simulated result by using CST Microwave Studio as a 
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feasibility study of utilizing FSR for breast cancer detection. It 
is shown that by investigating the unique character of Radar 
Cross Section (RCS) for breast tissue and tumor of FSR a cancer 
can be predicted. Electromagnetic model including fatty tissue 
and a tumor were simulated to obtain RCS parameter and 
analyzed as well as compared with whose fatty tissue without 
cancerous lesion to pinpoint the presence of tumor from its 
FSR signature. The result shows a significant different between 
these two models in FS RCS. 

F. Computer-Aided Detection and Diagnosis of Breast 
Cancer
CAD, which integrates diagnostic imaging with computer 
science, image processing, pattern recognition, and artificial 
intelligence technologies [31], can be defined as a diagnosis 
[32] that is made by a radiologist who uses the output from 
computerized analysis of medical images as a “second opinion” 
in detecting lesions and making diagnostic decisions. In the 
past several years, CAD systems have drawn much attention 
from both research scientists and radiologists because of the 
associated challenging research topics and potential clinical 
applications. There are two types of CAD systems based on 
mammographic technologies: one is based on the conventional 
screen-film mammographic technology and the other is based 
on digital mammographic technology. In the first type of CAD 
systems, the films are scanned, digitized, and saved on the 
computer for further examination. The second type of systems 
use full-field digital mammographic (FFDM) technology, which 
is expected to provide a higher signal-to-noise ratio, a higher 
detection quantum efficiency, a wider dynamic range, and a 
higher contrast sensitivity than digitized film mammograms  
[33]. Although FFDM technology is expected to be superior to the 
conventional film-based mammographic technology, the results 
obtained in a recent study show, with reasonable certainty, 
that there is no difference in the accuracy between FFDM and 
screen-film mammography, in particular, for asymptomatic 
women [34]. Commercial CAD systems based on these two 
types of mammographic technology have been reported to 
have similar performance [33]. Instead of X-rays microwaves 
can also be used for breast cancer detection.

G. Time Reversal Imaging
Microwave radiation is known to be a potential diagnostic 
imaging tool for breast cancer detection that could complement 
the standard X-ray mammography. Electromagnetic radiation 
waves undergo multiple scattering due to the in homogeneities 
of biological tissues. The imager consists of two linear antenna 
arrays, the imaging algorithm has described in the (discrete) 
frequency domain because time reversal in the time domain 
is equivalent to phase conjugation in the frequency domain. 
Time reversal imager exploits successfully the multiple path 
electromagnetic scattering to achieve higher resolution and 
robustness than the direct subtraction beamforming imager 
[38].

1. Advantages
Time reversal beamforming imager achieves better accuracy, 
higher robustness, and increased resolution than the 
conventional direct subtraction beamforming imager.

H. Self Similar Fractal Method
This is a method for medical image enhancement based 
on the well established concept of fractal derivatives and 
selecting image processing techniques like segmentation of 
an image with self similar properties. The concept of a fractal 
is most often associated with geometrical objects satisfying 
two criteria: self-similarity and fractional dimensionality [39]. 
The self similar fractal approach, on the contrary, uses the 
initial discrete image data directly. Based on the idea that 
the underlying continuous process might not be possible to 
recover, the relevant information is extracted directly from the 
singularities. The advantage is that no information is lost or 
introduced by the smoothing process, which is an important 
feature in applications like edge detection, segmentation and 
texture classification, particularly in medical diagnosis. The 
drawback is that this approach might be more sensitive to 
noise.

I. Using Boosted Decision Trees
Decision tree (DT) is one of the popular and effective data 
mining methods. DT provides a pathway to find “rules” that 
could be evaluated for separating the input samples into one 
of several groups without having to express the functional 
relationship directly. They avoid the limitations of the parametric 
models and are well suited for the analysis of nonlinear events. 
Recently invented DT model algorithm (C5.0) [40] is used for 
the diagnosis of breast cancer using cytologically proven tumor 
dataset. The objective is to classify a tumor as either benign or 
malignant based on cell descriptions gathered by microscopic 
examination. The classification performance of C5.0 DT is 
evaluated and compared to the one that achieved by radial 
basis function kernel support vector machine (RBF-SVM). The 
dataset has been partitioned by the ratio 70:30% into training 
and test subsets respectively. Experimental results show that 
the generalization of the C5.0 DT has been increased radically 
using boosting, winnowing and tree pruning methods. The C5.0 
DT model has achieved a remarkable performance with 98.95% 
classification accuracy on training subset and 100% of test one 
while RBF-SVM has achieved 100% success on both training 
and test subsets.
In all above methods image processing is used as a main tool. 
So, we will go for study of image processing tools.

IV. Image Processing Tools for Tumor Detection in 
Mammograms
Currently, there are several image processing methods 
proposed for the detection of tumors in mammograms. Various 
technologies such as fractal analysis [41], discrete wavelet 
transform and Markov random field have been used. In [42], 
multiple circular path convolution neural network architecture 
has been designed for the analysis of tumor and tumor-like 
structures. In [43], Petrick et al. reported a two-stage adaptive 
density-weighted contrast enhancement (DWCE) algorithm for 
tumor detection in mammograms. These studies focus on two 
types of breast cancer: micro calcifications and masses. The 
performance of various methods reported in the literature in 
most cases has been measured on different data sets. The 
choice of database used by these researchers can influence 
the performance of their algorithms significantly [44]. 
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A. Mathematical Morphology
One of the most rewarding areas of Image processing is 
Mathematical Morphology. Set theory forms the substratum 
of Mathematical Morphology. The objects in an image are 
analogous to the sets in Mathematical Morphology. Some of 
the premier operations that are instrumental for diverse image 
processing problems include erosion, dilation, opening and 
closing [45].

B. Morphological Segmentation
The proposed approach utilizes mathematical morphology 
operations for the segmentation. The morphological operations 
are applied on the grayscale mammography images to segment 
the abnormal regions [47, 48]. Erosion and dilation are the 
two elementary operations in Mathematical Morphology. An 
aggregation of these two represents the rest of the operations 
[46].

C. FUZZY C-Means Algorithm
The FCM algorithm, also known as Fuzzy ISODATA, is one of 
the most frequently used methods in pattern recognition [48]. 
It is based on the minimization of the objective function (1) to 
achieve a good classification. J is a squared error clustering 
criterion, and solutions of minimization of (1) are least-squared 
error stationary points of J. The morphological operations 
and FCM is a new approach, using this we have successfully 
detected the breast cancer masses in mammograms. The 
results indicate that this system can facilitate the doctor to 
detect breast cancer in the early stage of diagnosis process.

V. Conclusion
CAD is an important tool for early detection of breast cancer. 
A significant amount of work has been done in this area over 
the past 20 years. Compared with double reading, CAD can 
reduce the workload of radiologists. However, the performance 
of current CAD systems still needs improvements to fully meet 
the requirements for routine clinical applications. In the move 
toward an effective CAD system for breast cancer detection, 
many techniques have been developed. We described some 
basic concepts related to breast cancer detection and diagnosis, 
and reviewed many key techniques for breast cancer detection 
of calcifications, masses. Although significant progress has 
been made over the last 20 years, much work still needs to 
be done to develop more effective CAD systems. Effective 
and efficient CAD systems should lead to early detection of 
breast cancer and improved prognosis for those affected by 
the disease.
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