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Abstract. Breast cancer is one of the most frequent forms of women’s cancer 
over the world. Studies of the World Health Organization (WHO) reported 
1,151,298 cases in 2002. A reliable Computer-Aided-Diagnosis (CAD) system 
for automated detection/classification of pathological lesions is very useful and 
helpful, providing a valuable “second opinion” to medical personnel. In this 
work, we describe a new CAD system to diagnose six mammography patho-
logical lesions classes (calcifications, well-defined/circumscribed masses, spi-
culated masses, ill-defined masses, architectural distortions and asymmetries) as 
benign or malignant tissues.  Two different Artificial Neural Networks models: 
Feedforward Backpropagation and Generalized Regression were tested statisti-
cally with a precision of 94.0% and 80.0% of true positives, respectively. This 
CAD system was validated successfully on the MiniMammographic Image 
Analysis Society (MiniMIAS) database, with a dataset formed by 100 images. 
The CAD system performance shows similar or better classification results 
compared with others available methods. 

Keywords: Breast cancer, pathological lesion, mammography images, CAD 
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1   Introduction 

Breast cancer is one of the most frequent forms of women’s cancer over the world. 
According to the World Health Organization (WHO) were reported 1,151,298 cases 
in 2002. Breast cancer mortality has increased in developing countries having, up to 
date, 31% of cases during the last two decades.  

Mammography is the best method used for screening; it is a test producing no in-
convenience and with small diagnostic doubts of breast cancer since the preclinical 
phase. For this reason, a reliable Computer-Aided-Diagnosis (CAD) system for auto-
mated detection/classification of Pathological Lesions (PLs) will be very useful and 
helpful, providing a valuable “second opinion” to medical personnel [1, 2]. 

Some CAD methods (in which is produced an automatic or semiautomatic  
PLs classification) reported to detect the presence of PLs in digital mammograms  
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are: methods for masses detection using multiple circular path convolution neural 
networks models[3], method that combines Artificial Neural Networks (ANN) models 
and Wavelet Transform (WT) for detecting microcalcifications[4]; CAD algorithms to 
identify breast nodule malignancy combining multiple sonographic features and ANN 
classifiers[5], methods for discrimination and classification of mammograms in be-
nign, malignant and normal tissues using independent component analysis and 
ANN[6] among others techniques.  

Although several detection and diagnosis methods have been developed and repre-
sent important approximations (with interesting results) to improve (in major or minor 
degree) the mammography image analysis process, these only classify some specific 
class of masses or calcifications and not put together the complete classification prob-
lem. Wide-ranging techniques including the possibility to classify calcifications and 
diverse classes of masses are still a not solved problem.  

In this work, we describe a new CAD system that combines digital image process-
ing and ANN among others techniques to diagnose six mammography PLs classes 
(calcifications, well-defined/circumscribed masses, spiculated masses, ill-defined 
masses, architectural distortions and asymmetries) as benign or malignant tissues. The 
proposed CAD system was validated on the MiniMammographic Image Analysis 
Society (MiniMIAS) database, with a dataset formed by 100 images selected ran-
domly. This dataset was divided into 10 subsets of data using statistical cross-
validation method [7, 8].  

The remainder paper is organized as follows: Section 2 describes the methods and 
techniques developed and included in the CAD system; Section 3 outlines the CAD 
system achieved results. The conclusions are stated in the final section, where are also 
included some ideas for future work. 

2   CAD System  

The proposed CAD system includes five steps (see Fig. 1): region of interest (ROI) 
selection, Contrast-Limited Adaptive Histogram Equalization (CLAHE) of images, 
segmentation, features extraction and PLs classification (based on ANN techniques). 
This CAD system was implemented in MATLAB (version 7.0) and tested on the 
MiniMIAS database. The MiniMIAS (MiniMammographic) is a reduce version of 
Mammographic Image Analysis Society (MIAS) database with a resolution of 200 
microns by pixel and clipped/padded so that every image size is equal to 1024 x 1024 
pixels. We selected randomly a representative dataset that included examples of di-
verse classes of PLs: calcifications, well-defined/circumscribed masses, spiculated 
masses, ill-defined masses, architectural distortions and asymmetries; including nor-
mal images. The dataset was formed by 100 images, and divided into 10 subsets of 
data using statistical cross-validation method.  

2.1   ROI Selection 

ROI Selection is a fundamental step because the selected region represents the mam-
mography image part used as input for the developed CAD system. This process al-
lows that the user selects for processing only suspicious regions to contain PLs (see 
Fig. 2b). 
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Fig. 1. CAD system steps 

2.2   Contrast-Limited Adaptive Histogram Equalization Method 

Contrast-Limited Adaptive Histogram Equalization (CLAHE)[9] is a subtype of the 
class of algorithms known as Adaptive Histogram Equalization (AHE).  

The CLAHE algorithm partitions the images into contextual regions (called tiles) 
and applies the histogram equalization to each one. This evens out the distribution  
of used grey values and thus makes hidden features of the image more visible.  
The neighboring tiles are then combined using bilinear interpolation to eliminate 
artificially induced boundaries. The contrast, especially in homogeneous areas,  
can be limited to avoid amplifying any noise that might be present in the image (see 
Fig. 2c).  

2.3   Segmentation 

Segmentation subdivides a digital image into multiple regions or objects. It is consid-
ered an important step in any image analysis process because correct objects segmenta-
tion can reduce drastically the time and the computational cost of any image analysis 
process. Deformable models (snakes) have been used successfully in diverse image 
segmentation tasks.  

Our CAD system used the livewire technique to produce faster and precise PLs 
segmentation of selected ROIs (see Fig. 2d). Livewire (or intelligent scissors) is an 
interactive boundary tracing technique, considered as a competing technique to 
snakes. Livewire has two essential components: a local cost function that assigns 
lower cost to image features of interest (edges) and an expansion process to form 
optimal boundaries for objects of interest, based on the cost function and seed points 
provided by the user. A more profound livewire technique definition, with examples 
of applications to medical images is presented in [10] and [11].  

We apply the livewire technique to produce the first curve contour approximation 
E (edge points) of the PL in the selected ROI (see Fig. 2d). Due to E  be not a con-
tinuous curve we interpolate E using a spline function to produce a continuous curve 
(a better PL approximation). Final E contour is used after to compute the morphomet-
ric features vector of the PL under study. 

2.4   Features Extraction  

Diverse sets of morphometric features were evaluated[12, 13], but based on statistical tests 
we decided to use a features vector formed only by four features (see Fig. 2e), which im-
proved  the classification scores of the PLs under study. These features are: object area,  
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brightness, object shape and elongation. These features were computed taking as input the 
edge pixels that belong to the closed curve (contour) represented by E . Mathematic for-
mulation used for computing the features vector was the following: 

•  O  set of pixels that belong to the PL segmented 
•  OE ⊂ edge pixels (subset of  O) 
• OArea =   

• )(ElengthPerimeter =  

• 
DIAM

diam
Elongation =  ,  

• 
)(8

)(
Area

DIAMdiamPerimeter
Shape

×
+×=  

• )(OmeanBrightness =    
 
Each features vector was normalized in the range (0-1) as follows: the parameters 

Area and Shape were divided by their respective “biggest” parameters among all 
vectors, the parameter Brightness was divided by 255; and the parameter Elongation 
was computed in this range. 

 

Fig. 2. a) Original image of a malignant asymmetry, b) ROI selected, c) CLAHE of (b), d) 
Segmented PL, e) Features vector computed from (d) 

2.5   Classification 

Semiautomatic or automatic PLs classification has the aim to offer one “second opin-
ion” (diagnosis) to medical personnel about different lesions present on the mammog-
raphy images.  

In our previous work[13], we proposed a method, which used two ANN models to 
classify: Feedforward Backpropagation (FFBP) and Learning Vector Quantization 
(LVQ), both  ANN models showed classification scores of 97.5% and 72.5% respec-
tively, not considering the classification of normal images. These classification scores  
 

where diam and DIAM represent the mini-
mum and maximum diameters 

Intensity levels average of pixels that belong 
to the selected PL 
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are improved in this CAD system, which also uses two ANN models in the classifica-
tion phase:  FFBP and Generalized Regression (GRNN) with 94.0% and 80.0% as 
classification scores; including the classification of normal images. Although, the 
FFBP model had a minimum decrease compared with our previous work; it is consid-
ered an acceptable score evaluating the classification of the two ANN models in a 
general way.  

These ANN models (FFBP and GRNN) were trained ten-times (in each case leav-
ing a subset of data outside as test subset) according to the statistical 10-fold cross-
validation method.  

2.5.1   Feedforward Backpropagation Neural Network 
Morphologically, the FFBP is formed by a set of organized neurons in layers: hidden 
and output layers. Network architecture is determined by the number of neurons in  
the hidden layers. The learning process of a FFBP network belongs to the realm  
of supervised learning, in which the network parameters, known as weights are  
estimates from a group (pairs) of training patterns composes for input and output 
patterns ntyx tt ..1)},{( = . 

Our FFBP model was designed with three layers: two hidden layers with 14 and 8 
neurons respectively and an output layer with 13 neurons. Each neuron from output 
layer represents one (benign or malignant) PL class (calcifications, well-defined/ 
circumscribed masses, spiculated masses, ill-defined masses, architectural distortions 
and asymmetries; including normal images). Transfer function used for all layers was 
logarithm of sign, others network parameters were iterations (epochs) 250 000 and goal 
of 0.015.  

2.5.2   Generalized Regression Neural Network 
The GRNN model is based on the paradigms of Radial Basis Function (RBF) net-
works, often used for function approximations.  

GRNNs share a special property, namely that they don’t require iterative training; 

the hidden-to-output weights are just the target values kt , so the output )(xy  is 

simply a weighted average of the target values kt  of training cases kx  close to the 

given input case x . It can be viewed as a normalized RBF network in which there is a 
hidden unit centered at every training case. These RBF units are called "kernels" and 
are usually probability density functions. The only weights that need to be learned are 
the widths of the RBF units h . These widths (often a single width is used) are called 
"smoothing parameters" or "bandwidths" and are usually chosen by cross-validation. 
GRNNs can not ignore irrelevant inputs without major modifications to the basic 
algorithm[14]. Our GRNN model was designed with a spread of RBFs of 0.01.  

3   Results and Discussions 

The MiniMIAS database includes an information file with several details as: image 
reference number, type of background tissues, class of PL present, severity of PL 



458 Y. López et al. 

(benign or malignant), the yx,  coordinates of the PLs center and an approximated 

radius (in pixels) of a circle, which encloses lesions. We used this information file to 
select the correct ROI surrounding the PLs. 

The dataset formed by 100 images was divided into 10 subsets of data, where each 
one was used for evaluating our CAD system.  

ANN models: FFBP and GRNN were trained ten-times with a matrix formed by 90 
features vectors in each case representing the selected morphometric features (PL 
area, brightness, shape and elongation). These vectors were computed from PLs pre-
sents on the images ROIs belonging to the training set.   

Classification results are expressed in terms of three parameters: True Positive 
(TP), False Positive (FP) and False Negative (FN). A TP is obtained when a mam-
mogram PL is classified into the correct class. When a benign mammogram PL is 
incorrectly classified into malignant class, another benign class or normal image, it is 
defined as FP. A FN is obtained when a malignant mammogram PL is incorrectly 
classified into benign class, another malignant class or normal image. 

Table 1 summarizes obtained results with the application of both (FFBP and 
GRNN) ANN models to the test set formed by 10 PLs features vectors (not include in 
the training set) in each case.  

Table 1. Results of FFBP and GRNN models 

ANN Models 
FFBP GRNN 

 
Classified classes 

 
ROIs 

TP FP FN TP    FP    FN 
Calcifications 14 13 1 - 10 2 2 
Well-defined/ circum-
scribed Masses 

12 11 1 - 11 1 - 

Spiculated Masses 13 10 1 2 8 2 3 
Ill-defined Masses 14 13 1 - 12 1 1 
Architectural Distortions 15 15 - - 9 4 2 
Asymmetries 12 12 - - 10 1 1 
Normal 20 20 - - 20 - - 

Total     100 94 4 2 80 11 9 

We used a nonparametric method to determine significant differences among the 
two ANN models designed. Nonparametric techniques are used when we don’t know 
anything about the variable of interest parameters. These approaches don’t rely on the 
estimation of parameters (such as: mean or standard deviation) to describe the vari-
able of interest distribution in the population. Nonparametric tests are based on less 
restrictive assumptions about the distribution type of variables compared with the 
parametric tests (t-test, ANOVA). 

These methods are also called parameter-free methods or distribution-free meth-
ods; the Mann-Whitney U Test is an example of nonparametric tests for comparing 
two groups.  
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Table 2. The Mann-Whitney U Test (FFBP vs. GRNN) 

 Z p-level Z-
Adjusted 

p-level N N Two-sided 

TP(FFBP-
GRNN) 

2,08893 0,036715 2,12798 0,033339 5 5 0,031746 

FP(FFBP-
GRNN) 

-1,98449 0,047203 -2,13168 0,033034 5 5 0,041556 

FN(FFBP-
GRNN) 

-1,98449 0,047203 -2,08135 0,037403 5 5 0,044455 

We applied the Mann-Whitney U Test to only five PLs classes; the classes: Well-
defined/ circumscribed Masses and Normal were not analyzed because introduced 
similar results to both ANN models. 

We can observe that the p-levels (one side or two sides) are less than .05  =α  in all 

cases. These values show that exist significant differences among the FFBP and 
GRNN ANN models (see Table. 2). 

The cross- validation method corroborates the obtained results with Mann-Whitney 
U Test because the FFBP model showed a better classification score of 94.0% versus 
GRNN model with a classification score of 80.0%. 

4   Conclusions 

We have developed a new CAD system based on the suitable combination of digital 
image processing and ANN techniques. This system was capable to classify correctly 
(as benign or malignant) six different types of breast cancer PLs on mammography 
images. Compared with our previous work [13] was demonstrated that it is possible to 
reduce the feature vector to only four morphological features. The system perform-
ance was confirmed in an experimental dataset formed by 100 features vectors, in-
cluding examples of all PLs classes (calcifications, well-defined/circumscribed 
masses, spiculated masses, ill-defined masses, architectural distortions, asymmetries 
and normal images). Two different ANN models: FFBP and GRNN were tested statis-
tically with a precision of 94.0% and 80.0% of true positives respectively.  

Our future work will be focused to enrich the features vector with new features and 
test others classifiers that allow obtaining better classification scores. 
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