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Abstract - Phased array imaging is extensively 

used in non-destructive testing. In the 

conventional method, interpretation of large 

number of phased array images for defect 

detection and evaluation is carried out 

manually by operator or expert, which makes 

the system purely subjective. Also 

interpretation of large number of phased array 

images is tedious and may lead to 

misinterpretation. Automation of non-

destructive evaluation techniques is gaining 

greater importance but automatic analysis of 

phased array images is still a complex 

problem, as the images are noisy and have low 

contrast with a number of artifacts. 

Due to the complex nature of the obtained 

input images and the noise present in it, noise 

removal becomes a vital problem in these 

phased array images. Denoising techniques 

shows improvement in the noise reduction. 

Pre-processing techniques are used to enhance 

the image and extract the features of the input 

images. The neural network is trained with the 

extracted features of the images. The well 

trained neural network is used to detect the 

defects. This paper presents the performance 

of few neural networks for defect detection. 

The effect of different types and its 

performance is discussed. 
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I. INTRODUCTION 

Non-destructive testing is an invasive 

method used to determine the integrity of the 

material or any structure. To detect the defect 

in various types of castings is very important, 

as molten metal that cools during the 

manufacture of casting can cause defective 

regions within the work piece. These are 

manifested as slag inclusion, cracks, lack of 

fusion, lack penetration. According to 

XiaoxiaYang et al., stress corrosion crack is a 

serious problem in low pressure turbine discs. 

Here the the depth and orientation of the initial 

crack in the turbine discs is classified . 

according to M.Khelil et al., support vector 

machine (SVM) is best suited for classification 

of a plane defect from volumic defect. PCA 

method is used to optimize the attribute 

vectors. The identification knowledge of the 

detected defect is very difficult in the 

ultrasonic techniques. According to Thouraya 

et al., neural network is used for classifying A-

scan signals for soft defects like inclusion and 

dangerous defects like cracks. According to 

Eremenko et al., neural networks is best suited 

for the classification of defects in composite 

materials.  

II. SUPPORT VECTOR MACHINES 

Support vector machines are set of supervised 

learning methods which are used for the 

purpose of classification, regression and 

detection. Support vector machines are very 

effective in high dimensional spaces. They are 

effective in the cases when the number of 

dimensions are greater than the number of 

samples. It uses a subset of training points in 

the decision function which is called as 

support vectors which makes it more  efficient 

in memory. The basic steps involved to build a 

support vector machine using Matlab is as 

follows: 

(i) Load the sample data 

(ii) Create data, a two-column matrix 

containing the sepal length and the 

sepal width measurements for 150 

irises. 

(iii) From the species vector, now create a 

new column vector, groups, to 

classify data into two groups: data 

and non-data. 
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(iv)  Select the training and test sets 

randomly 

(v) Train an SVM classifier using a linear 

kernel function and then plot the 

grouped data. 

(vi) Add a title to the plot, using the 

Kernel Function field with the 

svmStruct structure as the title 

(vii) Use the svmclassify function 

inorderto classify the test set. 

(viii) Finally evaluate the performance 

of the classifier. 

Support vector machines are often used 

as pattern classifiers. The SVM 

approaches are widely used for defect 

classification and also has shown 

superior performance compared to the 

other classifiers. 

III. FEATURE EXTRACTION USING 

RADIAL BASIS FUNCTION 

Radial basis functions are the powerful 

techniques used for interpolation in 

multidimensional space. A RBF is a 

function which has built a distance 

criterion with respect to a center. Radial 

basis functions are being applied in those 

areas of neural networks where they may 

be used as a alternative for the sigmoidal 

hidden layer transfer characteristic in 

multi-layer perceptrons. RBF networks 

operation have two layers of processing: 

where in the first, the input is mapped onto 

each RBF in the 'hidden' layer. The RBF 

chosen is usually a Gaussian one. In 

regression problems the output layer is a 

linear combination of hidden layer values 

representing mean predicted output. The 

interpretation of this output layer value is 

thesame as a regression model in statistics. 

In most of the classification problems the 

output layer is typically a sigmoid 

function of a linear combination of hidden 

layer values, representing the posterior 

probability. Performance in both casesthe 

is often improved by shrinkage techniques, 

represented as ridge regression in classical 

statistics and is known to correspond to a 

prior belief in small parameter values (and 

therefore smooth output functions) in 

a Bayesian framework. 

RBF networks have the advantage of 

not suffering from a local minima in the 

same way as multi-layer perceptrons. This 

is true because the only parameters that are 

adjusted in the learning process are the 

linear mapping from hidden layer to output 

layer. Linearity ensures that the error 

surface is a form of quadratic and therefore 

has a single easily found minimum in it. In 

regression problems this can be found in 

single matrix operation. In classification 

problems where the fixed non-linearity 

introduced by the sigmoid output function 

is most efficiently dealt with 

using iteratively re-weighted least squares. 

RBF networks have the disadvantage 

of requiring good coverage of the input 

space by the radial basis functions. RBF 

centres are determined and classified with 

reference to the distribution of  input data, 

but without reference to the prediction 

task. As a result this, representational 

resources may be wasted on areas of the 

input space that are irrelevant to the 

learning task. A common solution for this 

is to associate each data point with its own 

centre, although this can make the linear 

system  be solved in the final layer rather 

large, and requires shrinkage techniques in 

order to avoid over fitting. 

Associating each input datum with an 

RBF leads to kernel methods such 

as support vector machines and Gaussian 

processes (the RBF is the kernel function). 

All the three approaches use a non-linear 

kernel function to project the input data 

into a space where the learning problem 

can be easily solved using a linear model. 

Like Gaussian Processes, and unlike the 

SVMs, RBF networks are typically trained 

in a Maximum Likelihood framework by 

maximizing the probability (minimizing 

the error) of  data under the model. SVMs 
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take a different approach to avoidover 

fitting by maximizing instead a margin. 

RBF networks are outperformed by most 

classification applications in SVMs. In 

regression applications they can be 

competitive when compared to the 

dimensionality of the input space is 

relatively small. 

Although the implementation is very 

different, RBF neural networks are 

conceptually near similar to K-Nearest 

Neighbor (k-NN) models. The basic idea is 

to predict target value of an item is likely 

to be about the same as other items that 

have close values of the predictor 

variables.  

Assume that in each case  the training set 

has two predictor variables, x and y. The 

cases are plotted using their x,ycoordinate 

values. Also assume that the target 

variable has two categories, positive value 

which is denoted by a square and negative 

value which is denoted by a dash. Notice 

that the triangle is position almost exactly 

on top of a dash representing a negative 

value. But dash is in a fairly unusual 

position when compared to the other 

dashes which are clustered below the 

squares and left of center. So it could be  

the underlying negative value is an odd 

case. 

The nearest neighbor classification 

performed for this example depends on 

how many neighboring points where 

considered. If 1-NN is used and only the 

closest point is considered, then clearly all 

the new point should be classified as 

negative since it is on the top of a well 

known negative point. On the other hand, 

if an9-NN classification is used and the 

closest 9 points are to be considered, then 

the effect of the surrounding 8 positive 

points may overbalance the close negative 

point. 

An RBF network positions one or more 

RBF neurons in the space described by the 

predictor variables. This space has as 

many dimensions as the predictor variables 

in it. The Euclidean distance is computed 

from the point being evaluated  to the 

center of each neuron, and a radial basis 

function  (also called as a kernel function) 

is applied to the distance in order to 

compute the weight (influence) for each 

neuron. The radial basis function is so 

named because the radius distance is the 

argument to the function. 

Weight =RBF (in distance)(1) 

The further a neuron is from the point 

being evaluated, than the less influence it 

has. According to Xiaoxia Yang et al., the 

RBF neural network is animportant 

supervised learning tool of machinery 

learning technology which can perform 

arbitrarynonlinear mapping from the input 

space Rd to the output space Rnwith 

arbitrary accuracy. This modelhas the 

faster processing speed and global 

approximation and  is free from the local 

minima problem.The RBF neural network 

is a multi-input, multi-output forward 

networks model in which there are  

threelayers consisting of an input layer, a 

hidden layer, and an output layer. Here the 

8-dimensionalfeature vector F constructed  

is the input of the neural network, and the 

crack orientationangle and depth constitute 

the 2-dimensional output, then the 

structure of the RBF neural network is 

shown in Fig.1. 

The input layer sends the input variables to 

each of the neuron in the hidden layer. The 

activation functionapplied to neuron in 

hidden layer is the radial basis function. In 

RBF neural network, the Gaussianfunction 

is the most common ofall radial basis 

function, so the activation function of the 

ithneuron in thehidden layer can be 

expressed as: 

Ri=exp(|F-Ci|
2
/2σi

2
)(2) 

 

Where, (i = 1, 2…m)  
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Fig:1: Structure of RBF neural network 

wherem is taken as the number of neurons 

in the hidden layer, F is the input vector, ci 

and i s , respectively, arethe center and the 

width (or spread) of the Gaussian function 

of the ithneuron in the hidden layer, andF-

ci represents the distance between F and 

ci.The output layer is a linear combination 

of the hidden layer output with associative 

weights andbiases, and the jthoutput of the 

RBF network can be calculated as: 

Yj=             (3)       

Where, (j = 1, 2…n)  

wheren is taken as the number of neurons 

in the output layer, wijis the weight 

between ithneuron in the hiddenlayer and 

jthneuron in the output layer, bjis bias of 

the jthneuron in the output layer. 

 

IV. DISCUSSION 

A number of images were analyzed using 

the RBF and MLP methods for defect 

detection. The performance of both the 

networks were studied and the accuracy 

was calculated as 

Accuracy = (No. of defects detected/No. 0f 

totaldefects)*100(4) 

It was evident that both the networks have 

given 100% defect detection, as well 

feature extraction approach.according to 

the author, RBF network has better defect 

detectability with lower number of false 

alarms. The consumed to train MLP was 

larger than RBF. According to Khelil et 

al., SVM gave a very good result and PCA 

enabled to reduce the size of vector 

attributes and optimize it to have more 

precision. It gave a good decision of 

98.21% with a deviation of 1.79%. 

According to ThourayaMerazieksen et al., 

A-scan signals were taken and trained 

using the kohonen network were 99% of 

the signals were well classified. According 

to V.S.Eremenko et al., RBF is best suited 

for pattern recognition, kohonen map suits 

clustering and datamining, ART networks 

can give better performance for clustering 

and pattern recognition and also fuzzy-

ART is 95% reliable. According to 

PiotrNazarko et al., neural networks are 

useful for both simple and complex 

signals. SVM and Bayesian neural 

network can be used to improve the 

accuracy of both pattern classification and 

prediction of damage parameters. Feature 

extraction is well established using PCA 

and auto-associative neural networks can 

be used for damage and novelity detection. 

 

V. CONCLUSION 

Neural network in general are 

based on pre-processing data which would 

lead to delivery of damage indices vector. 

Given vector is then used by the network 

to perform classification. Using ultrasonic 

phased array method real time images of 

high resolution can be obtained. Then 

image pre-processing is vital to reduce the 

noise and detect the ROI. For more 

improvement in the images or signals, 

mathematical morphological techniques 

such as dilation and erosion can be 

applied. Wavelet transform proves good to 

develop a feature vector containing the 

information on various types of defects. 

All the feature vectors such as mean, 

standard deviation are classified through a 

proper ANN algorithm or classifiers. 
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