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Abstract 

A CAD system for the purpose of detecting and identifying cancerous tumors in mammograms is 

introduced in this study. Using this modern computer system segmentation is set to work based 

upon the combination of two issues_ fuzzy logic and neuro fuzzy to detect cancerous tumors. To 

train this segmenter, 70 mammograms containing tumors have been utilized. To, further, 

evaluate the efficiency of the system 30 more mammograms, not used in the training period, 

were added later. By applying this method the specificity index is raised to %95 and the 

sensitivity index to %98. Considering these measures the true algorithm capability is ensured. 

Keywords: mammography, neural networks, fuzzy-logic, neuro fuzzy systems, breast cancer, 

segmentation. 

1. Introduction 
Of the most common cancers breast cancer is %32 among females and results in %18 of 

the deaths caused by cancers (1). To reduce this, one of the most efficient ways is 

diagnose it within its embryonic stages. Mammography is one of the most reliable 

methods of diagnosis because statistically it is capable of decreasing death due to cancer 

from %20 to %35 (1). However, it certainly has some drawbacks like being dependable 

on the environment and the radiologist’s experience, and also it is difficult to interpret 

(2). Luckily, CAD systems can aid radiologist‘s performance here in (3). Although 

scientists have introduced different algorithms in segmentation, extraction, and 

classification of tumors for pathologic purposes in mammographies, more research is 

needed in this regard. This study, then, is aimed at introducing a new method to detect 

tumors in mammograms with the focus on segmentation. In so doing, fuzzy neural 

network is applied. 
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2. Earlier works 
Using multi-scaling wavelet and curvelet transform, Mohamed & et. al. (2012) turned 

mammograms into a quotients line. Then, quotients matrix of the images were formed 

representing its row as the image number and its column as the relevant quotients. 

Afterwards, using t-test the columns were statistically analyzed and to do so they were 

sorted out based on their capability in classifying. Finally, using support vector machine 

they classified or distinguished benign tissues from metastatic ones. The proposed 

algorithm by Dheeba & et. al. (2010) detected cancerous area in two phases from the 

mammograms. In phase one, using pre-processing method, the desired area and the 

Gabor filters to distinguish non-cancerous tissues from cancerous ones were extracted 

from the images. Further in phase two, neural networks and feature extraction methods 

were applied for tissues classification. 

 

3. Database 
This study has used 100 mammograms from MIAS Database. These 1024×1024 images 

were taken from 161 patients from both left and right breasts. The total 322 images were 

classified into Normal, Benign, and Metastatic, which, in turn, we had 208 Normal, 63 

Benign and 51 Metastatic cases. In this database any diagnosis is made by medical 

doctors through Gold Standard. 

 

4. Proposed method 
The main target of this study is to extract critical tumor areas. In so doing, an algorithm is 

suggested based on which input data will be gained in preprocessing image stage through 

morphology operator which itself can improve image quality. Then, by using neuro-fuzzy 

this data is examined. Attempts have been made to display tumor (if it exists) using active 

contour operator. 

 

 

 

4.1.  Preprocessing 
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Since some patterns are not easily detectable on mammograms with naked eyes, some 

changes need to be made regarding better resolution and image quality for 

highlighting targeted patterns and better extraction at segmentation stage. To do so, 

top-hat morphology operator is used on gray scale. 

In image processing, top-hat is an operator which extracts details of gray scale once 

implemented. There are black and white types of this top-hat operator in which white 

type is defined as the difference between input and opened image. 

(1)                          T,(f)=f-f"b 

The output of this image change includes details of the output such as: 

1. It is smaller than the structural element. 

2. It is brighter than its ambience. 

Black type top-hat is defined as the difference between input and closed image. 

(2)                      T,("f)= f ,b- f 

The output of this image change includes details of the output such as: 

1. It is smaller than the structural element. 

2. It is darker than its ambience. 

In this method first white and then black top-hat operators are applied to the original 

image. Now we subtract all pixels with white top-hat operator from those with black top-

hat operator so that the final image has less noise and thicker edge for processing. Figure 

(1) shows the result of these operations on the mammograms. 
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Figure (1) top-hat to image operations_ left: original image and right: improved image 

Next, to remove calcium particles (benign areas) image masking is used within two-pixel 

radius as shown in figure (2). 

 

 
 

Figure (2) applying masking to the the image. Left: improved image and right: masked image 

Since tumor areas are seen bright in the masked image, they can be extracted as candidate 

areas by simple thresholding which is practically set at 190 in image base (figure 3). 

 

 
B                                                A 

 
                                                       C                         D 

 

Figure (3) extracting candidate areas from mammograms. A: original image B: improved image 

C: masked image D: extracted candidate areas 

4.2.  Labeling candidate areas 
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After the extraction of candidate areas, pixels with similar or close features are 

labeled the same. 

 

 
 

 
Figure (4): labeling extracted candidate areas 

 

4.3.  Feature extraction 
After preprocessing and image segmentation, 9 features are extracted which are 

suitable describers of the information about the image, image boundary, and mass 

density. These features have been introduced and used in many references. What is 

important here is that these features are capable of extracting the information 

necessary to the mammoghraph. They are as follows. 

● The total amount of pixels around the candidate area (10). 

● The average amount of pixels of the candidate area (11). 

● The standard deviation of the amount of pixels of the candidate area (11). 

● The maximum amount of pixels of the candidate area (13). 

● The minimum amount of pixels of the candidate area (13). 

● The amount of entropy of pixels of the candidate area (13). 

● The total amount of pixels of the candidate area (11). 

● The total gradient upon X 

● The total gradient upon Y 

 

 

4.4.  Nuro-fuzzy-based classifications 
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The nuro-fuzzy system used in this study is Takagi-Sugeno. It includes adaptability 

parameters and functions of fuzzy rules, which is optimized during training. Training 

period needs supervision and despite all parameters of the system are automatically 

optimized they can also be manually adjusted. This is one of the best attributes of the 

nuro-fuzzy systems. MATLAB version 7 (Nuro-fuzzy toolbox) is used to implement 

nuro-fuzzy system and it is optimized and updated through controlling and modifying 

variables. 

First, the basic structure of the system must be determined. This includes the number 

of inputs, outputs, fuzzy rules of conditions and the membership functions. The 

number of inputs equals the size of the feature line (since we have 9 features, the 

feature line consists of 9 rows). The number of outputs of the system always equals 1, 

that is, we consider 1 neuron only in the output layer and train the system to equal the 

number of the neuron with the classification.  There are two 0 and 1 classifications in 

this study. The 0 class indicates normal condition in the image, whilst the 1 class 

shows the existence of tumor. 

Gaussian exponential functions with normal distribution are selected for the system 

because they have consistent behavior, reduce noise and yield better results.  

The number of fuzzy rules (If … then) of condition can be varied depending on the 

situation; however, in order for the system to distinguish “n” different classes the 

number of the rules must be at least n-1. In this study it equals n = 2 so the system 

will have 3 output classifications the third of which belongs to new and/or unknown 

classes. It means that any feature that does not fit into the other known classes, will 

automatically fit into the third one. The block structure of the system is shown in 

figures (5) and (6). 

 

 

528 
 

http://www.ijiset.com/


IJISET - International Journal of Innovative Science, Engineering & Technology, Vol. 3 Issue 4, April 2016. 

www.ijiset.com 

ISSN 2348 – 7968 

 

 
Figure (5): the proposed structure of the nuro-fuzzy system 

 

 
 

 

Figure (6): the implemented (ANFIS) nuro-fuzzy system 

 

Since training the system needs supervision, a target vector is determined which 

coordinates with the number of training classes. One neuron is supposed to be in the 

output and the target vector is as follows: T:{1, 2, 3 … n+1}. We add one extra class 

to the real number of classes so that we can ascribe unidentified classes to it. It is not 

of practical use in the images under study, though because all classes are pre-

identified to the system and the system is already trained with them. Now it’s time to 

begin training the system. It is designed to ask for 2 input parameters from the user at 

the beginning, 1- training samples and 2- the number of times to reach the target. In 

order to compare the findings, 70 samples are used for the proposed system and MLP 

network and the remaining 30 are used for training. The number of times to reach the 

target indicates the number of attempts system make in each training stage to achieve 

it. In other words this parameter shows the number of optimizing cycles and value 

adjustments in the backpropagation system mechanism. This value needs to be 

adjusted in such a way that the root-mean-square deviation is minimized. As the 

number of attempts increases, the time allocation for training increases, as well so it 

can not be a lot because it will necessitate a lot of time for training. Membership 

functions after training is shown in figure (7). 
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Figure (7): membership functions after training 

 

Two rules are used in Takagi-sugeno which are as follows: 

Rule 1: if(in1 is in1cluster1) and (in2 is in2cluster1) and 
(in3 is in3cluster1) and (in4 is in4cluster1) and (in5 is 
in5cluster1) and (in6 is in6cluster1) and (in7 is 
in7cluster1) and (in8 is in8cluster1) and (in9 is 
in9cluster1) then (out1 is out1cluster1) 
Rule2: if(in1 is in1cluster2) and (in2 is in2cluster2) and 
(in3 is in3cluster2) and (in4 is in4cluster2) and (in5 is 
in5cluster2) and (in6 is in6cluster2) and (in7 is 
in7cluster2) and (in8 is in8cluster2) and (in9 is 
in9cluster2)then (out1 is out1cluster2) 
 

4.5.  Detecting the tumor area using active contour and Levelset 
method 
 
In nonparametric active contour models Levelset method is used for enhancement of 
the model. This theory was first introduced by Sethian and Oshar (2003). (5) it is 
assumed that the curve C is a Levelset of Φ. Curve C conforms to a number of points 
whose φ function is fixed and usually zero. Geometric models are divided into two 
groups, namely edge-based and area-based. In edge-based models the conduction of 
the curve is done based on the image gradient information. However, in images with 
weak gradient information or if the information is not sufficient for conduction of the 
curve area-based models are used. The tumor area is extracted through geometric 
model, Levelset method and primary active contour. (Figure (8)). 
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Figure (8): Tumor extraction via Levelset method A. original image B. improved image C. 
masked image D. candidate area E. applying primary contour and F. tumor extraction area. 
 
 

4.6.  Findings 
 
The result of the algorithm is based upon two criteria namely, sensitivity and 
specificity as follows: 

● Sensitivity: the ratio of the number of detected pixels as tumor to the whole 
number of tumor pixels in the image. 
 
● Specificity: the ratio of the number of detected pixels as clean to the whole 
number of clean pixels in the image. 
 
The higher these criteria are, the better the function of the methods. They are 
computable according to the following formulas: 
 
Sensitivity = 𝑇𝑝

𝑇𝑝+𝐹𝑛
     (3) 

 
 
Specificity = 𝑇𝑛

𝑇𝑛+𝐹𝑝
     (4) 

 
Tp = the number of abnormal pixels which are detected as abnormal 
Tn = the number of normal pixels which are detected as normal 
Fp = the number of normal pixels which are detected as abnormal 
Fn = the number of abnormal pixels which are detected as normal 
 
Table (1) illustrates the findings of the applied, proposed algorithm on five 
mammograms in brief. 
 

Specificity Sensitivity Fn Fp Tn Tp results ⁄ picture 

.9999 .9055 12 9 191153 115 First 

.9998 .9848 9 7 190676 586 Second 

.9998 .8947 16 8 191888 136 Third 
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.9999 .9059 11 4 191901 106 Forth 

.9998 .9898 8 23 191201 780 Fifth 
 
Table (1) 
 
After computing Sensitivity and Specificity of the 30 images in MIAS Database, 
the findings are compared to the previous algorithm findings to see if any 
improvement has taken place. In so doing, the proposed algorithm is compared to 
the Massotti (2006) and Arfan et.al (2011) algorithms in which SVM was used. 
 
 
 

 
 
 
Figure (9): the comparison made between the proposed and other algorithms  
 

5. Conclusion 
 
Using neuro-fuzzy system has caused mammograms features to be reduced. By reducing 
these matrix feature values, algorithm complication and the number of system training 
will be reduced. Since the number of system training is fewer than the neuro-fuzzy 
system and the neural network, the time for detection is also reduced in this study. 
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