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Abstract: Breast cancer affects a major number of women populations all over the world. The main reason for the increased death 

rate is the late detection of cancerous tissue growth in a person. Early-stage cancer detection is diagnosed. Mammography is the 

best method for the early identification of breast cancer. Sometimes it is a critical event for the radiologists to measure the correct 

diagnostic sign like benign, malignant, and microcalcification. So early detection is important to cancer and the lack of cost-

effective methods for early detection accrues high mortality in breast cancer patients. We propose detection and classification 

methods for breast cancer using various train functions of neural networks for improved accuracy and sensitivity. 

Index Terms: Breast cancer, Mammographic images, Pattern Recognition Neural Network  

 

I. INTRODUCTION 

Using multiple train functions of Pattern Recognized Neural Networks, we proposed an excellent strategy for breast cancer 

detection and classification in this paper. An Architectural distortion, asymmetry lesions, hypothesized lesions, microcalcification 

clusters and circumscribed masses are cancer classes that are used to separate or divide between benign or malignant lesions. We 

extract mammography pictures from a popular database (MIAS) for this study. Researchers used several Neural Network 

approaches to assess whether breast cancer was normal (benign) or abnormal (malignant) after discovering it and classified it as 

benign or malignant. Breast cancer is a life-threatening disease for women around globally [13]. One of the US survey stated as 

there are 232,340 positive cases were diagnosed for breast cancer in 2013. Besides them, 64,640 were the additional case of in 

situ breast cancer.  

In that year, the total death rate due to breast cancer in the case of women is 39,620. The death rate due to the cancer is an 

increasing factor in every year [14] as compared to other diseases like stroke, cancer, heart attack, viral hepatitis, etc, According 

from [5] the breast cancer is the most common and leading cause of cancer death in women around the world. In the United States 

in 2007, 178,480 new cases of breast cancer were reported, with 40,460 women dying from the disease. The IARC of the World 

Health Organization anticipates that over one million cases of breast cancer will be diagnosed each year, with over 400,000 

women dying as a result. Breast cancer may be occurring in any section of the breast, and there are more than 20 different 

varieties of cancer [3]. The ductal carcinoma and lobular carcinoma are the most frequent class of breast cancer. Breast carcinoma 

is the very prevalent type of cancer found in women in underdeveloped nations, and it is treatable if caught early. Early detection, 

when the tumor is at low risk of spreading and in a stage of high curability, is the most effective way of lowering cancer-related 

deaths [4].  

II. RESEARCH METHODOLOGY 

 Pattern Recognition Neural Network  

A pattern is a physical form or a mathematical form by applying algorithms. The process of recognizing patterns by using 

machine learning algorithms is called pattern recognition. It may define as the classification of data based on previously known or 

feature extracted from patterns. Image processing, speech processing, and multimedia data processing are the application of 

pattern recognition.  

A feed-forward neural network is used for pattern recognition, which is used to classify the inputs to target classes. For 

example, we consider gradient descent algorithm, let it update network parameters weights and biases the negative direction to the 

gradient of the algorithm. The first update of this algorithm is written as  

𝑋𝐾−1 = 𝑋𝐾 − 𝛼𝐾 − g𝐾                                                          (1) 
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Where XK, gK, and αK are the vector of the current network parameters, current gradient, and learning rate of the network 

algorithm respectively. The following figure shows the model feed-forward neural network architecture.  

 

 

Figure 1: Model Neural Network Architecture 

 Classifications of Neural Network Algorithms 

2.1 Levenberg-Marquardt method 

This technique was formed for improve the training speed as second order. Its performance function is in the form of the sum 

of squares then its Hession matrix can be calculated depending upon the network error’s derivativegiven by the  Jacobian matrix. 

The gradient of the Levenberg-Marquardt Algorithm can be measured concerning the Jacobian matrix (J) and vector of the 

network error (e). 

2.2 Bayesian Regularization 

Bayesian Regularization is a technique for reducing squared errors and weights. The squared errors and weights are also 

minimized with Bayesian regularization. It also adjusts the linear combination so that the final network has better generalization 

properties after training. The Levenberg-Marquardt algorithm performs this Bayesian regularization. The performance of the 

weight and input variables X is calculated via backpropagation. 

2.3 BFGS quasi-Newton method 

Newton's algorithm is one of the important methods for optimizing faster than other algorithms. The one- line search of this 

training method can be expressed as  

     𝑋𝐾+1 = 𝑋𝐾 − 𝐴𝐾
−1g𝐾                                                                  (2) 

Xk+1 is the Hessian matrix. The regular convergence speed of this algorithm is better than other methods. To find the Hessian 

matrix for such neural networks is a difficult and expensive task.  

2.4 Resilient Backpropagation (Rprop) 

The resilient backpropagation (Rprop) algorithm similarly has the goal of removing the potentially harmful consequences of 

partial derivative magnitudes. The training speed of the Rprop algorithm has high speed than the usual algorithm in most cases. It 

has the advantage of requiring only a minor memory upgrade. 

2.5 Scaled conjugate gradient 

The scaled conjugate gradient algorithm, like traincgp, traincgf, and traincgb, is based on conjugating directions; however, it 

does not execute a line search of iteration. The outputs may change from one task to next; these gradient methods are faster than 

backpropagation. The conjugate gradient methods only require a fraction of the storage space required by the simpler algorithms. 

2.6 Conjugate gradient backpropagation with Powell-Beale restarts 

Powell-Beale restarts concerning conjugate gradient backpropagation.  The network elements and the number of iteration are 

equal at only one reset point. The performance of this algorithm will restart if any variation between current and previous 

gradients. This property is verified with the following equation 

|gK−1
T gK| ≥ 0.2‖gK‖2                                                                                          (3) 

From the above equation, it indicates that search direction and the gradients are negative 

2.7 Conjugate gradient backpropagation with Fletcher-Reeves 

 First iteration of all conjugate methods creates by finding in the negative direction of the gradient. It expressed by following 

equation  

𝑃0 = −g0                                                                                                                         (4) 

The optimal range to change with the present direction is calculated by the following equation    

𝑋𝐾+1 = 𝑋𝐾𝛼𝐾𝑃𝐾                                                                                                               (5) 
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When calculating new search direction, the new direction of the steepest descent is added with the prior search direction. For 

example 

𝑃𝐾 = −g𝐾 + 𝛽𝐾𝑃𝐾−1                                                                                                        (6) 

The constant βk is calculated by using the following equation; this constant is used to classify the types of conjugate gradient 

algorithm. It is a ratio between square of the current gradient and previous gradient. 

𝛽𝐾 =
g𝐾

𝑇 g𝐾

g𝐾−1
𝑇 g𝐾−1

                                                                                                             (7) 

2.8 Conjugate gradient backpropagation with Polak-Ribiére 

   Polak- Ribiére was proposed the conjugate gradient algorithm, and this is variation to other conjugate method. The search 

directions of each iteration of this conjugate algorithm are calculated using the Fletcher-Reeves algorithm, similar to previous 

gradient methods 

2.9 Batch the steepest descent or Gradient descent 

If the train network with batch steepest descent is used, we should select the network trainFcn as traingd. Seven varieties of 

training parameters participated with the training function of this technique, that are Epochs, show, goal, time, min_grad, 

max_fail, lr, which are decide when the training process will stop. To find the changes to the biases and weights, the learning rate 

(lr) is modified several times. In this method, we consider if the learning rate is low then an algorithm is stable and its coverage 

time is long. 

2.10 Gradient descent with momentum 

This algorithm was implemented to simple gradient descent with momentum, which permit a network to give a response to the 

current gradient and also to the recent movement in the error surface. This momentum can be used here as a low pass filter. The 

training parameters lr and mc are used to calculate gradient descent and also momentum. The lr stands for learning rate, which is 

identical to simple gradient descent, and the mc stands for momentum constant, which defines the quantity of momentum.   

Mean Square Error (mse) 

In our research work, mse is used as a performance function it finds the performance of the network according to the mean 

squared errors. The function used for this technique is Perf= mse(net,t,y,ew), it takes the arguments net, t, y, and ew and returns 

mean squared error. A neural network's training process is implemented to change the network elements for performance 

variation with performance function. Mean squared error (mse) is the usual performance function for the feed-forward network 

for ever and the mse of an ANN network performance function can written as 

 

𝐹 = 𝑚𝑠𝑒 =
1

𝑁
∑ (𝑒𝑖)2𝑁

𝑖=1 =
1

𝑁
∑ (𝑡𝑖 − 𝑎𝑖)

2𝑁
𝑖=1                                                     (8) 

 

 Proposed Methodology 

 
Figure2: Block diagram for proposed method  

  

 

Database Source  

The dataset and the information about it are available online for free at UCI Machine Lea1rning Repository. This data is 

available from the following link: http://mlearn.ics.uci.edu/MLRepository.html. This dataset can be used to gives inputs to a 

neural network that classifies cancer images as either benign or malignant depending on the characteristics of previous sample 

datas or features. This set has 699 sample images, which should be defined in two variables as inputs and targets. The input is a 

9x699 matrix defining 9 properties of 699 biopsies and targets is a 2x699 matrix which gives two outputs each column represents 

a correct category with one of either benign or malignant. 
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 Preprocessing and Feature Extraction 

The goal of preprocessing is to minimize image noise so that tumors can be detected. This unit receives a database image as 

input. This section uses various filtering methods to minimize image noise and enhance the image. The method of converting 

visually extractable and non-extractable features into mathematical descriptors is known as feature extraction. A lesion is defined 

as any diseased or discontinuity of tissue or loss of function of a portion; this module includes textural statistical data categorized 

as Transform Domain. 

Neural Network Classifier  

The ANN architecture was made by ten hidden layers with nine input nodes and an output layer with two nodes, from the 

value of this nodes network measure the masses in the input images is a malignant or a benign. For minimizing the size of the 

input feature vector developed a PCA (Principal component analysis). The output of this PCA has ten features that produce best 

classification. This PCA minimize the features contributing to more than three percent of the total change of the original feature 

set. In proposed work ten layers ten ANN networks were implemented for compare and select best classification method from 

various algorithms explained previously. Best results were obtained using the Bayesian Regulation algorithm than conjugate 

gradient for breast cancer classification. The two-fold cross-validation technique was used for the performance evaluation.  

MATLAB as Signal Processing Tool 

MATLAB is a well known platform numerical computing and it is user friendly software. That combines the programs with 

visual and mathematical expression in user-friendly manner, it using well-known mathematical representations to express 

problems and solutions [17]. The necessary tools to implement our ideas like Image processing, signal processing, neural 

networks, and filtering toolboxes, etc all are included in this environment. 

III. RESULT AND DISCUSSION 

The findings of the suggested breast cancer detection and classification technique are discussed in this section. We utilized 

Matlab version 2014a to configure the proposed approach. This technique was tested on a Windows computer with a 1.6 GHz 

Intel Core i5 processor and 4 GB RAM. The proposed technique has been verified on a database for breast cancer that is freely 

got on the source of the internet. Three evaluation matrixes are calculated from the confusion matrix by using the following 

expressions 

3.1 Sensitivity  

The sensitivity of tumor detection is determined by taking the ratio of the number of true positives to the sum of true posit ives 

(TP) and true negatives (TN). This relation can be expressed as:  
 

𝑆𝑇 =
𝑇𝑃

𝑇𝑃+𝑇𝑁
                                                                                               (9) 

 3.2 Specificity 

The specificity of the cancer lesion detection can be evaluated by the factors number of true negatives (TN) and the combined 

number of true negative (TN) and false positive (FP). This specificity can be expressed as: 

 

𝑆𝑃 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
                                                                                               (10) 

3.3Accuracy 

The accuracy of the breast cancer lesion identification can be calculated by taking the ratio of the true values present. This 

accuracy can be expressed by the following equation. 

 

𝐴 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
                                                                                        (11) 
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3.4 Observed outputs of pattern recognition neural network for breast cancer detection and classification 

 

            
  Figure 3(a): Neural Network architecture                          Figure 3(b) Training State 

            
            Figure 3(c): Error Histogram                             Figure 3(d): Validation Performance 

           
         Figure 3(e): Confusion Matrix                                  Figure 3(f): Receiver operating characteristics 
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Table 3.I - Results of breast cancer detection and classification after testing for various algorithms 

S.No 

 

Training algorithm Gradient Performance by mean square error(mse) Accuracy in 

Percentage Train 

perf 

Val. 

Perf 

Test 

perf 

Total perf 

1 Levenberg-Marquardt 0.297 0.13 0.13 0.14 0.131 97.91% 

2 Bayesian regularization 0.296 0.12 NaN 0.15 0.130 98.28% 

3 BFGS quasi-Newton 0.742 0.37 0.34 0.36 0.383 97.56% 

4 Resilient backpropagation 0.742 0.38 0.34 0.36 0.385 96.42% 

5 Scaled conjugate gradient 0.742 0.35 0.35 0.36 0.361 98.14% 

6 Conjugate gradient with 

Powell-Beale restarts 

0.742 0.36 0.34 0.36 0.359 97.56% 

7 Conjugate gradient with 

Fletcher-Reeves 

0.742 0.38 0.35 0.36 0.382 96.42% 

8 Conjugate gradient with Polak-

Ribiére 

1.92 0.39 0.34 0.34 0.391 97.28% 

9 Gradient descent 1.92 0.40 0.35 0.34 0.434 96.28% 

10 Gradient descent with 

momentum 

1.92 0.40 0.35 0.34 0.434 96.28% 

 

IV. CONCLUSION 

Breast Cancer is a very dangerous disease. So that detection of these diseases at an earlier stage helps to save the life of a 

patient. From my previous studies, many techniques are exists with some limitations for breast cancer classification. In our 

proposed method, a pattern recognition neural network was successfully detects the cancerous cells in breast cancer and this 

proposed algorithm contains 98% accuracy compared to other algorithms. If the cancerous cells are detected at the early stage so 

that the life of the patient can be saved, this improves the survival ratio. 
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