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 Abstract -- The project presents an automatic defect 

identification system for detecting weld defects of steel 

products from captured digital radiographic images based 

on defect classification and segmentation It will be 

performed through textures analysis and probabilistic 

neural network. The textures are extracted using wavelet 

filters with co-occurrence features. The defect detection 

process involves the preprocessing, segmentation and 

morphological filtering to make processing system more 

flexible with accuracy. Automated weld defect inspection 

and evaluation system could assist radiographer to assess 

the properties of defect accurately. The preprocessing 

stage is used to improve the image quality by removing the 

noise if it contaminated in an image or smoothening an 

image to make better segmentation defect region using 

gaussian filtering or top hat transformation. Here the 

segmentation process will be done based on clustering 

model and in that fuzzy c means clustering will be 

approached for effective partitioning a defect region from 

other parts. After this process, Morphological filtering will 

be used to smooth the segment the region by removing the 

back ground noise and false defects. Finally, the weld 

defects are extracted with better accuracy.  

  

  

                           1. INTRODUCTION 

 

With Many automated manpower saving systems have been 

developed (and employed) to reduce the production cost and 

improve the quality of steel products. However, in the 

finishing product, quality assurance with respect to surface 

defects is partly automated and mostly performed by manual 

inspection. The global economic development has gradually  

 
 

 

led steel production industries to increase its production rate 

ensuring simultaneously stringent limit on the quality of 

product. In order to meet the growing demand for high-quality 

product in short duration, the use of intelligent visual 

inspection systems is increasingly essential in production  

lines. The use of automated inspection technique is necessary 

at each level of production to improve the quality of product 

as well as to eliminate the need of a human intervention in a 

hazardous environment. This will facilitate to make the 

surface information available immediately after the rolling 

process. This has an obvious benefit in terms of quality 

assurance. The surface defects often arise as a result of 

systematic process problems, such as (partially) damaged 

machinery or metallurgical drift. Thus, the early detection of 

defects can also have a direct cost benefit in terms of saving of 

time as well as to prevent rejection from being generated in 

large quantities, in downstream. In the literature, there are 

methods of defect detection inside steel casting [1], on fabric 

surface [2]–[4], glass plates [5], liquid crystal display images 

[6], etc. The defect detection in steel casting typically relies on 

X-ray image processing to localize any internal flaw. 

However, surface defect detection can be performed by 

processing the surface images [7]. Unfortunately, in the 

literature, there are a few research works for steel surface 

defect detection 

  

1.1Defect types of steel products 
 
          There are certain major difficulties in defect detection of 

hot rolled steel surface. These are as follows. The 

classification of local area of surface defects on hot-rolled 

steel surface is a challenging task due to the variability in 

manifestations of the defects grouped under the same defect 

label. Surface defects of steel plates can be broadly 

categorized into two main groups: a) textural defects and b) 
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geometric defects. Textural defects, such as heavy scale, rolled 

in scale, salt and pepper, slab edge, and so on, can be detected 

by the methods based on textural analysis. Geometric defects, 

such as cracks, scratches, etc., can be detected by algorithms 

based on morphological filtering. In addition, these defects on 

steel surface can be effectively identified from the uniform 

images with the small-sample statistics like the mean and 

variance of gray levels. They can also be detected using 

simple thresh holding or edge-detection techniques. 

the large variety of defects requires different threshold values 

for different types of defects. However, a good defect 

detection system should detect all types of defects equally by 

the same algorithm. There is a great deal of scales with 

different colors and appearances on the surface of steel plates, 

which makes the background detection task difficult. In spite 

of careful arrangement of uniform illumination over the steel 

surface, the problem of vibration-induced uneven illumination 

is difficult to overcome. Therefore, a suitable defect detection 

algorithm of hot-rolled steel surfaces needs to be insensitive to 

scales and uneven illumination to the maximum possible 

extent.  

 

                Two principal types of defects are encountered with 

respect to the space localization: 1) local defect and 2) 

distributed defect. Local defects are limited in space but may 

appear in a discontinuous fashion on different places of the 

surface. For example, scratches, crack, rupture, blister, bruise, 

head mark, etc., belong to this category. On the other hand, 

distributed defects are spread (continuously) over the large 

area of the surface. For example, rolled in scale, salt and 

pepper, scale grain, and slab edge are categorized in this 

group. Local defect, being constrained in space, is principally 

the outcome of imperfect rolling. On the other hand, the 

distributed defect is mainly attributed to shortcomings in 

metallurgical mixing in upstream. Alternatively, the defects 

may be classified into two types based on 

geometric defects such as scratches, cracks, head mark, 

rupture, spall, waviness, whip, etc., and 2) textural defects 

such as rolled in scale, salt and pepper, scales in grain, slab 

edge, etc. Defect classification is as important as defect 

detection for gradation of the steel sheets because the usability 

and associated penalty posed by various utilities depend on 

both the amount of the defect and the type of defects. 

Moreover, due to disturbance created in the intensity profile, 

some of the water droplets and dirt are detected as defects or 

disturbances initially. These false alarms are reduced to a large 

extent in the defect classification stage. Instead of categorizing 

the defective samples in different classes, we, in this research, 

discriminate the defect-free samples from the defective ones.
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ect to the space localization: 1) local defect and 2) 

distributed defect. Local defects are limited in space but may 

appear in a discontinuous fashion on different places of the 

surface. For example, scratches, crack, rupture, blister, bruise, 

tc., belong to this category. On the other hand, 

distributed defects are spread (continuously) over the large 

area of the surface. For example, rolled in scale, salt and 

pepper, scale grain, and slab edge are categorized in this 

constrained in space, is principally 

the outcome of imperfect rolling. On the other hand, the 

distributed defect is mainly attributed to shortcomings in 

metallurgical mixing in upstream. Alternatively, the defects 

may be classified into two types based on appearance: 1) 

geometric defects such as scratches, cracks, head mark, 

rupture, spall, waviness, whip, etc., and 2) textural defects 

such as rolled in scale, salt and pepper, scales in grain, slab 

edge, etc. Defect classification is as important as defect 

detection for gradation of the steel sheets because the usability 

and associated penalty posed by various utilities depend on 

both the amount of the defect and the type of defects. 

Moreover, due to disturbance created in the intensity profile, 

water droplets and dirt are detected as defects or 

disturbances initially. These false alarms are reduced to a large 

extent in the defect classification stage. Instead of categorizing 

the defective samples in different classes, we, in this research, 

free samples from the defective ones. 

2.EXISTING SYSTEM
 

2.1 Principal Component Analysis

            PCA is a mathematical procedure that uses an 

orthogonal transformation to convert a set of observations of 

possibly correlated variables into a set of values of linearly 

uncorrelated variables called principal components

number of principal components is less than or equal to the 

number of original variables. This transformation is defined in 

such a way that the first principal component has the largest 

possible variance (that is, accounts for as much of the 

variability in the data as possible), and each succeeding 

component in turn has the highest variance possible under the 

constraint that it be orthogonal to (i.e., uncorrelated with) the 

preceding components. Principal components are guaranteed 

to be independent only if the data set is jo

distributed. PCA is sensitive to the relative scaling of the 

original variables. Depending on the field of application, it is 

also named the discrete Karhunen

the Hotelling transform or proper orthogonal decomposition

(POD). 

Drawbacks 

• Poor discriminatory power 

• High computational load 

3.DISCRETE WAVELET TRANSFORM

In mathematics, a wavelet series

a square-integrable(real-or complex-

certain orthonormal series generated by a

provides a formal, mathematical definition of an 

wavelet and of the integral wavelet transform

Definition 

A function  is called an

wavelet if it can be used to define a

a complete orthonormal system, for the Hilbert

 of square integrable functions. The Hilbert basis is 

constructed as the family of functions

 by means 

of dyadic translations and dilations of

for integers . This family is an 

orthonormal system if it is orthonormal under the

product 
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Where  is the Kronecker delta and 

standard inner 

product 

 on  

 

 The requirement of completeness is that every 

function  may be expanded in the basis as

With convergence of the series understood to be

in norm. Such a representation of a function

a wavelet series. This implies that an orthonormal wavelet 

is self-dual. 

Drawbacks 

• Loss of edge details due to shift variant prope

 

4.KNN CLASSIFIER 
 

In pattern recognition, the k-nearest neighbor algorithm

NN) is a method for objects based on closest training 

examples in the feature space. k-NN is a type of

based learning, or lazy learning where the function is only 

approximated locally and all computation is deferred until 

classification. The k-nearest neighbor algorithm is amongst 

the simplest of all machine learning algorithms: an object is 

classified by a majority vote of its neighbors, with the object 

being assigned to the class most common amongst 

its k nearest neighbors (k is a positive integer, typically small). 

If k = 1, then the object is simply assigned to the class of its 

nearest neighbor. 

The same method can be used for regression, by simply 

assigning the property value for the object to be the average of 

the values of its k nearest neighbors. It can be useful to weight 

the contributions of the neighbors, so that the nearer neighbors 

contribute more to the average than the more distant ones. (A 

common weighting scheme is to give each neighbor a weight 

of 1/d, where d is the distance to the neighbor. This scheme is 

a generalization of linear interpolation.) 

 

5.IMAGE SEGMENTATION
 

Overview 
 

Segmentation problems are the bottleneck to achieve object 

extraction, object specific measurements, and fast object 
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standard inner 

requirement of completeness is that every 

may be expanded in the basis as 

 

With convergence of the series understood to be convergence 

. Such a representation of a function f is known as 

. This implies that an orthonormal wavelet 

Loss of edge details due to shift variant property. 

 

nearest neighbor algorithm (k-

objects based on closest training 

NN is a type of instance-

where the function is only 

approximated locally and all computation is deferred until 

nearest neighbor algorithm is amongst 

algorithms: an object is 

classified by a majority vote of its neighbors, with the object 

ned to the class most common amongst 

, typically small). 

= 1, then the object is simply assigned to the class of its 

regression, by simply 

assigning the property value for the object to be the average of 

nearest neighbors. It can be useful to weight 

the contributions of the neighbors, so that the nearer neighbors 

more to the average than the more distant ones. (A 

common weighting scheme is to give each neighbor a weight 

is the distance to the neighbor. This scheme is 

IMAGE SEGMENTATION 

tation problems are the bottleneck to achieve object 

extraction, object specific measurements, and fast object 

rendering from multi-dimensional image data. Simple 

segmentation techniques are based on local pixel

neighborhood classification. Such methods fa

“see” global objects rather than local appearances and require 

often intensive operator assistance. The reason is that the 

“logic” of a object does not necessarily follow that of its local 

image representation. Local properties, such as textu

edgeness, and ridgeness etc. do not always represent 

connected features of a given object. 

 

6.REGION GROWING APPROACH

 
Region growing technique segments image pixels that are 

belong to an object into regions. Segmentation is performed 

based on some predefined criteria. Two pixels can be grouped 

together if they have the same intensity characteristics or if 

they are close to each other. It is assumed that pixels that are 

closed to each other and have similar intensity values are 

likely to belong to the same object. The simplest form of the 

segmentation can be achieved through thresholding and 

component labeling. Another method is to find region 

boundaries using edge detection. Segmentation process, then, 

uses region boundary information to extract the 

main disadvantage of region growing approach is that it often 

requires a seed point as the starting point of the segmentation 

process. This requires user interaction. Due to the variations in 

image intensities and noise, region growing can res

and over segmentation. Thus, it sometimes requires post

processing of the segmentation result.

 

7.CLUSTERING
 

Clustering can be considered the most important 

learning problem[12],so,  it deals with finding a 

collection of unlabeled data. A cluster

of objects which are “similar” between them and are 

“dissimilar” to the objects belonging to other clusters

Clustering algorithms may be classified as listed below

• Exclusive Clustering 

• Overlapping Clustering 

• Hierarchical Clustering 

• Probabilistic Clustering  

In the first case data are grouped in an exclusive way, so that 

if a certain datum belongs to a definite cluster then it could not 

be included in another cluster. On the contrary the

type, the overlapping clustering, uses fuzzy sets to cluster 

data, so that each point may belong to two or more clusters 

with different degrees of membership. In this case, data will 

be associated to an appropriate membership value. A 

hierarchical clustering algorithm is based on the union 

between the two nearest clusters. The beginning condition is 

realized by setting every datum as a cluster. After a few 

iterations it reaches the final clusters wanted
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8.K-MEANS SEGMENTATION 
 

K-means is one of the simplest unsupervised learning 

algorithms that solve the well-known clustering problem. The 

procedure follows a simple and easy way to classify a given 

data set through a certain number of clusters (assume k 

clusters) fixed a priori. The main idea is to define k centroids, 

one for each cluster. These centroids should be placed in a 

cunning way because of different location causes different 

result. So, the better choice is to place them as much as 

possible far away from each other. The next step is to take 

each point belonging to a given data set and associate it to the 

nearest centroid. When no point is pending, the first step is 

completed and an early groupage is done. At this point we 

need to re-calculate k new centroids as bary centers of the 

clusters resulting from the previous step. After we have these 

k new centroids, a new binding has to be done between the 

same data set points and the nearest new centroid. A loop has 

been generated. As a result of this loop we may notice that the 

k centroids change their location step by step until no more 

changes are done. In other words centroids do not move any 

more. Finally, this algorithm aims at minimizing an objective 

function, in this case a squared error function.  

 

9.HIERARICHAL SEGMENTATION 
 

A hierarchical set of image segmentations is a set of several 

image segmentations of the same image at different levels of  

detail in which the segmentations at coarser levels of detail 

can be produced from simple merges of regions at finer levels 

of detail. A unique feature of hierarchical segmentation is that 

the segment or region boundaries are maintained at the full 

image spatial resolution for all segmentations. In a hierarchical 

segmentation, an object of interest may be represented by 

multiple image segments in finer levels of detail in the 

segmentation hierarchy, and may be merged into a 

surrounding region at coarser levels of detail in the 

segmentation hierarchy. If the segmentation hierarchy has 

sufficient resolution, the object of interest will be represented 

as a single region segment at some intermediate level of 

segmentation detail.  

 

A goal of the subject analysis of the segmentation hierarchy is 

to identify the hierarchical level at which the object of interest 

is represented by a single region segment. The object may then 

be identified through its spectral and spatial characteristics. 

Additional clues for object identification may be obtained 

from the behavior of the image segmentations at the 

hierarchical segmentation level above and below the level at 

which the object of interest is represented by a single region. 

 

 

 

 

9.1Thresholding 

 
The simplest method of image segmentation is called the 

thresholding method. This method is based on a clip-level (or 

a threshold value) to turn a gray-scale image into a binary 

image. The key of this method is to select the threshold value 

(or values when multiple-levels are selected). Several popular 

methods are used in industry including the maximum entropy 

method, Otsu's method (maximum variance), and k-means 

clustering. Recently, methods have been developed for 

thresholding computed tomography (CT) images. The key 

idea is that, unlike Otsu's method, the thresholds are derived 

from the radiographs instead of the (reconstructed) image. 

 

9.2 Design Steps  
 

(1) Set the initial threshold T= (the maximum value of the   

image brightness + the minimum value of the image 

brightness)/2. 

(2)  Using T segment the image to get two sets of pixels B (all 

the pixel values are less than T) and N (all the pixel    values 

are greater than T); 

(3) Calculate the average value of B and N separately, mean 

ub and un. 

(4) Calculate the new threshold: T= (ub+un)/2 

(5) Repeat Second steps to fourth steps upto iterative 

conditions are met and get necessary region from the brain 

image. 

 

10.KMEANS CLUSTERING 
 

             Cluster analysis, an important technology in data 

mining, is an effective method of analyzing and discovering 

useful information fiom numerous data. Cluster algorithm 

groups the data into classes or clusters so that objects within a 

cluster have high similarity in comparison to one another, but 

are very dissimilar to objects in other clusters . Dissimilarities 

are assessed based on the attribute values describing the 

objects. Often, distance measures are used. As a branch of 

statistics and an example of unsupervised learning, clustering 

provides us an exact and subtle analysis tool from the 

mathematic view K-means algorithm   belongs to a popular 

partition method in cluster analysis. The most widely used 

clustering error criterion is squared-error criterion, it can be 

defined as 

 
where J, is the sum of square-error for all objects in the 

database,   is the point in space representing a given object, 

and  is the mean of cluster  . Adopting the squared-

error criterion, K-means works  well when the clusters are 

compact clouds that are rather well separated from one another 
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and are not suitable for discovering clusters with no convex 

shapes or clusters of very different size . For attempting to 

minimize the square-emor criterion, it will divide the objects 

in one cluster into two or more clusters. In addition to that, 

when applying this square-error criterion to evaluate the 

clustering results, the optimal cluster corresponds to the 

extremum. Since the objective function has many local 

minimal values, if the results of initialization is exactly near 

the local minimal point, the algorithm will terminate at 

a local optimum. So, random selecting initial cluster center is 

easy to get in the local optimum not the entire optimal. For 

overcoming that square-error criterion is hard to distinguish 

the big difference among the clusters, one technique has been 

developed which is based on representative point-based 

technique. Besides, there are various approaches to solving the 

problem that the  performance of algorithm heavily depends 

on the initial starting conditions: the simplest one is repetition 

with different random selections .some algorithms also 

employ simulation anneal technique to avoid getting into local 

optimal . The idea is that multiple sub-samples are drawn from 

the dataset clustered independently, then these solutions are 

clustered again respectively, the refined initial center is then 

chosen as the solution having minimal distortion over all 

solutions. Aiming at the dependency to initial conditions and 

the limitation of K-means algorithm that applies the square-

error criterion to measure the quality of clustering, this paper 

presents a new improved K-means algorithm that is based on 

effective techniques of multi-sampling and once-clustering to 

search the optimal initial values of  cluster centers. Our 

experimental results demonstrate the new algorithm can obtain 

better stability and excel the original K-means in clustering 

results . 

 

 10.1Algorithm For Getting Initial Centroids 
 
Now let's review the standard k-means algorithm ,  

Input: the number of classes and the population U that 

Output: k classes that satisfy the least square error. 

The process of the algorithm is contains n objects. 

 (1) Select k objects randomly from the population U as .the 

initial centroids. 

(2) Repeat (3) and (4) until no object changes the class t 

belongs to. 

(3) Compute the distances between each object & and all 

centroids, and if one object has the shortest distance from one 

centroid with regkd to the other centroids then it has the same 

name as the centroid; all of these objects that have the same 

name belong to the same class. 

(4) Average all the vectors of objects belonging to the same 

class and form the new centroids. The standard k-means 

algorithm altemates between assigning the data-points to their 

closest centroid (the E-step) and moving each centroid to the 

mean of its assigned data-points (the M-step)"'. Because the 

standard k-means algorithm gets easily trapped in a local 

minimum and different initial centroids lead to different 

results, if we find certain initial centroids that are consistent 

with the distribution of data, then a better clustering can be 

obtained. The aim of k-means algorithm is to partition objects 

into several classes and to make the distances between objects 

in the same class closer than the distances between objects in 

different classes. So if certain centroids in which each centroid 

represents a group of similar objects can be obtained, we will 

find out the centroids consistent with the distribution of data. 

Let U be a data-point set. The initial centroids can be gotten 

by the following steps. Firstly compute the distances between 

each data-point and all of the other data-points in U. Secondly 

find out the two data-points between which the distance is the 

shorkst and form a data-point set AI which contains these two 

data-points, then we delete them from the population U. 

Thirdly. compute distances between each data-point in AI and 

each data-point in U, find out the data-point that is closest to 

the data-point set AI (i.e. of all distances, thy distance between 

this data-point and certain data-point in A1 is shortest), delete 

it from U and add it to AI. Repeat the third step till the number 

of data-point in A1 reaches certain threshold. Then we go to 

step two and form another data-point set till we get k data-

point sets. Finally the initial centroids can be gotten by 

averaging all the vectors in each data-point set. 

 

Drawbacks 
• Low performance accuracy and poor discriminatory 

power 

• It is not provide a desired result in all lighting 

conditions 

• More background noise              

Proposed System 
 

Automatic weld defect detection on digital radiography 

images based on, 

• Image classification using PNN and Fuzzy Clustering 

model based image          segmentation with 

morphological filtering 

Advantages 
• Low Complexity and compatibility  

• Better performance in defect detection  

 

10.2Functional Modules 

10.2.1List of Modules 

� Wavelet decomposition 

� Cooccurrence features extraction 

� PNN(Probabilistic Neural Network with Radial basis 

Function) Training and Classification 

� Segmentation 
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11.DISCRETE WAVELET TRANSFORM 

In numerical analysis and functional analysis, a discrete 

wavelet transform (DWT) is any wavelet transform for which 

the wavelets are discretely sampled. As with other wavelet 

transforms, a key advantage it has over Fourier transforms is 

temporal resolution: it captures both frequency and location 

information (location in time). Dilations and translations of the 

"Mother function," or "analyzing wavelet" define an 

orthogonal basis, our wavelet basis:  

 

The variables s and l are integers that scale and dilate 

the mother function to generate wavelets, such as a 

Daubechies wavelet family. The scale index s indicates the 

wavelet's width, and the location index l gives its position. 

Notice that the mother functions are rescaled, or "dilated" by 

powers of two, and translated by integers. What makes 

wavelet bases especially interesting is the self-similarity 

caused by the scales and dilations. Once we know about the 

mother functions, we know everything about the basis.  

To span our data domain at different resolutions, the 

analyzing wavelet is used in a scaling equation:  

 

where W(x) is the scaling function for the mother 

function , and are the wavelet coefficients. The wavelet 

coefficients must satisfy linear and quadratic constraints of the 

form  

 

where is the delta function and l is the location 

index. 

  

12.DWT USING MAT LAB 

12.1Syntax  

• [cA,cD] = dwt(X,'wname') 

• [cA,cD] = dwt(X,'wname','mode',MODE) 

• [cA,cD] = dwt(X,Lo_D,Hi_D) 

• [cA,cD] = dwt(X,Lo_D,Hi_D,'mode',MODE) 

 

12.2Description  

The dwt command performs a single-level one-

dimensional wavelet decomposition with respect to either a 

particular wavelet ('wname', see wfilters for more information) 

or particular wavelet decomposition filters (Lo_D and Hi_D) 

that you specify. 

[cA,cD] = dwt(X,'wname') computes the 

approximation coefficients vector cA and detail coefficients 

vector cD, obtained by a wavelet decomposition of the vector 

X. The string 'wname' contains the wavelet name. 

[cA,cD] = dwt(X,Lo_D,Hi_D) computes the wavelet 

decomposition as above, given these filters as input: 

• Lo_D is the decomposition low-pass filter.  

• Hi_D is the decomposition high-pass filter.  

Lo_D and Hi_D must be the same length. 

Let lx = the length of X and lf = the length of the filters Lo_D 

and Hi_D; then length(cA) = length(cD) = la where la = 

ceil(lx/2), if the DWT extension mode is set to periodization. 

For the other extension modes, la = floor(lx+lf-1)/2). 

 [cA,cD] = dwt(...,'mode',MODE) computes the 

wavelet decomposition with the extension mode MODE that 

you specify. MODE is a string containing the desired 

extension mode. 

Example:  

• [cA,cD] = dwt(x,'db1','mode','sym'); 

 

 

13.CO-OCCURRENCE MATRIX 

 

Originally proposed by R.M. Haralick, the co-

occurrence matrix representation of texture features explores 

the grey level spatial dependence of texture [2]. A 

mathematical definition of the co-occurrence matrix is as 

follows [4]: 

- Given a position operator P(i,j), 

- let A be an n x n matrix 
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- whose element A[i][j] is the number of times that 

points with grey level (intensity) g[i] occur, in 

the position specified by P, relative to points 

with grey level g[j]. 

- Let C be the n x n matrix that is produced by 

dividing A with the total number of point pairs 

that satisfy P. C[i][j] is a measure of the joint 

probability that a pair of points satisfying P will 

have values g[i], g[j]. 

- C is called a co-occurrence matrix defined by P. 

Examples for the operator P are: “i above j”, or “i one position 

to the right and two below j”, etc.  

This can also be illustrated as follows… Let t be a translation, 

then a co-occurrence matrix Ct of a region is defined for every 

grey-level (a, b) by [1]: 

C a b card s s t R A s a A s t bt ( , ) {( , ) | [ ] , [ ] }= + ∈ = + =
2

 

Here, Ct(a, b) is the number of site-couples, denoted by (s, s + 

t) that are separated by a translation vector t, with a being the 

grey-level of s, and b being the grey-level of s + t.  

 

For example; with an 8 grey-level image representation and a 

vector t that considers only one neighbour, we would find [1]: 

 
Figure1: Image example 

 

 
Figure2: Classical Co-occurrence matrix 

 

At first the co-occurrence matrix is constructed, based on the 

orientation and distance between image pixels. Then 

meaningful statistics are extracted from the matrix as the 

texture representation . Haralick proposed the following 

texture features : 

1. Energy 

2. Contrast 

3. Correlation 

4. Homogenity 

5. Entropy 

Hence, for each Haralick texture feature, we obtain a co-

occurrence matrix. These co-occurrence matrices represent the 

spatial distribution and the dependence of the grey levels 

within a local area. Each (i,j) 
th

 entry in the matrices, 

represents the probability of going from one pixel with a grey 

level of 'i' to another with a grey level of 'j' under a predefined 

distance and angle. From these matrices, sets of statistical 

measures are computed, called feature vectors . 

Energy: It is a gray-scale image texture measure of     

homogeneity changing, reflecting the distribution of image 

gray-scale uniformity of weight and texture.. 

                                        

                                       
p(x,y) is the GLC M 

 

Contrast: Contrast is the main diagonal near the moment of 

inertia, which measure the value of the matrix is distributed 

and images of local changes in number, reflecting the image 

clarity and texture of shadow depth.  

            
Entropy: It measures image texture randomness, when the 

space co-occurrence matrix for all values are equal, it 

achieved the minimum value. 

 
Correlation Coefficient: Measures the joint probability 

occurrence of the specified pixel pairs. 

                      Correlation:  sum(sum((x- μx)(y-μy)p(x, 

y)/σxσy)) 

 

Homogeneity: Measures the closeness of the distribution of 

elements in the GLCM to the GLCM diagonal. 

 

Homogenity = sum(sum(p(x , y)/(1 + [x-y]))) 

 

14.PROBABILISTIC NEURAL NERWORKS 

14.1Neural Network 

     Neural networks are predictive models loosely based on the 

action of biological neurons.  Neural network is the best tool 

in recognition and discrimination between different sets of 

signals. To get best results using the neural network, it is 

necessary to choose a suitable architecture and learning 

algorithm. Unfortunately there is no guaranteed method to do 

that. The best way to do that is to choose what is expected to 

be suitable according to our previous experience and then to 

expand or shrink the neural network size until a reasonable 

output is obtained. In this work we tried different sizes for the 

neural network using MA TLAB and we found that the best in 

our case is the model shown in Fig. 2. It has an input layer 

with 2000 inputs, first hidden layer with 11 nodes, and T 
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ANSIG transfer function, second hidden layer with 7 nodes, 

and T ANSIG transfer function, and output layer with 

PURELIN transfer function and 2 outputs. One of the two 

outputs is used for the detection of tumor, and the other for the 

localization. T ANSIG transfer function is selected to limit the 

signal between -1 and 1. For the output layer, PURELIN 

transfer function is chosen to give all the possible cases for the 

location of tumor. 

The proposed neural network has been used to detect and 

locate the tumor in two cases. The fIrst case was to detect and 

locate a tumor in a two-dimensional sector of the breast 

model. The location of tumor was considered randomly at the 

center 

and in any of the four quadratures. The second case was to 

detect and locate tumor anywhere in the three-dimensional 

model. The neural network has been trained using 100 sets of 

inputs using the training function (TRAINSCG). Additional 

40 sets of inputs were used to test the performance of each 

neural network. 

 

14.2The Multilayer Perceptron Neural Network Model 

The following diagram illustrates a perceptron network with 

three layers:  

 

 

This network has an input layer (on the left) with three 

neurons, one hidden layer (in the middle) with three neurons 

and an output layer (on the right) with three neurons.  

There is one neuron in the input layer for each predictor 

variable. In the case of categorical variables, N-1 neurons are 

used to represent the N categories of the variable.  

 

 

                            Fig 1:Architecture of a PNN 

 

            All PNN networks have four layers:  

1. Input layer — There is one neuron in the input layer 

for each predictor variable. In the case of categorical 

variables, N-1 neurons are used where N is the 

number of categories. The input neurons (or 

processing before the input layer) standardizes the 

range of the values by subtracting the median and 

dividing by the interquartile range. The input neurons 

then feed the values to each of the neurons in the 

hidden layer.  

2. Hidden layer — This layer has one neuron for each 

case in the training data set. The neuron stores the 

values of the predictor variables for the case along 

with the target value. When presented with the x 

vector of input values from the input layer, a hidden 

neuron computes the Euclidean distance of the test 

case from the neuron’s center point and then applies 

the RBF kernel function using the sigma value(s). 

The resulting value is passed to the neurons in the 

pattern layer.  

3. Pattern layer / Summation layer — The next layer 

in the network is different for PNN networks and for 

GRNN networks. For PNN networks there is one 

pattern neuron for each category of the target 

variable. The actual target category of each training 

case is stored with each hidden neuron; the weighted 

value coming out of a hidden neuron is fed only to 

the pattern neuron that corresponds to the hidden 

neuron’s category. The pattern neurons add the 

values for the class they represent (hence, it is a 

weighted vote for that category).  

For GRNN networks, there are only two neurons in 

the pattern layer. One neuron is the denominator 

summation unit the other is the numerator summation 

unit. The denominator summation unit adds up the 

weight values coming from each of the hidden 

neurons. The numerator summation unit adds up the 
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weight values multiplied by the actual target value 

for each hidden neuron.  

4. Decision layer — The decision layer is different for 

PNN and GRNN networks. For PNN networks, the 

decision layer compares the weighted votes for each 

target category accumulated in the pattern layer and 

uses the largest vote to predict the target category. 

For GRNN networks, the decision layer divides the 

value accumulated in the numerator summation unit 

by the value in the denominator summation unit and 

uses the result as the predicted target value. 

The following diagram is actual diagram or propose 

network used in our project  

15. SPATIAL FUZZY C MEANS 

CLUSTERING 
 

 Fuzzy clustering plays an important role in solving problems 

in the areas of pattern recognition and fuzzy model 

identification. A variety of fuzzy clustering methods have 

been proposed and most of them are based upon distance 

criteria [6]. One widely used algorithm is the fuzzy c

(FCM) algorithm. It uses reciprocal distance to compute fuzzy 

weights. A more efficient algorithm is the new F

computes the cluster center using Gaussian weights, uses large 

initial prototypes, and adds processes of eliminating, 

clustering and merging. In the following sections we discuss 

and compare the FCM algorithm and FCFM algorithm.

        Spatial Fuzzy C Means method incorporates spatial 

information, and the membership weighting of each cluster is 

altered after the cluster distribution in the neighborhood is 

considered. The first pass is the same as that in standard FCM 

to calculate the membership function in the spectral domain. 

In the second pass, the membership information of each pixel 

is mapped to the spatial domain and the spatial function is 

computed from that. The FCM iteration proceeds with the new 

membership that is incorporated with the spat

iteration is stopped when the maximum difference between 

cluster centers or membership functions at two successive 

iterations is less than a least threshold value. 

 

16.  UNSUPERVISED SEGMENTATION
 

16.1 Clustering Model 
 

 Clustering can be considered the most important 

learning problem, so, it deals with finding a 

collection of unlabeled data. A cluster is therefore a collection 

of objects which are “similar” between them and are 

“dissimilar” to the objects belonging to other clusters
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17. CONCLUSION

 
The project presented that automatic defect detection from 

defect free environment with supervised classifier and 

unsupervised segmentation approach. Here, wavelet type and 

lifting scheme with co occurrence

characterize the textures regions to discriminate the normal 

surface and defective surface. It was well suited for this 

automatic process using learning machine with radial basis 

kernel function. For training and classification, probabilistic 

type network has involved with RBF kern

fuzzy clustering algorithm was utilized effectively for accurate 

defect detection to locate it in the input original sample. The 

performance of this classification was evaluated with metrics 

of sensitivity and accuracy. Finally it shown th

classifier with texture descriptors provided better classification 

accuracy and compatibility.  
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17. CONCLUSION 

The project presented that automatic defect detection from 

defect free environment with supervised classifier and 

unsupervised segmentation approach. Here, wavelet type and 

co occurrence features were used for 

regions to discriminate the normal 

surface and defective surface. It was well suited for this 

automatic process using learning machine with radial basis 

kernel function. For training and classification, probabilistic 

type network has involved with RBF kernel. Here Spatial 

fuzzy clustering algorithm was utilized effectively for accurate 

defect detection to locate it in the input original sample. The 

performance of this classification was evaluated with metrics 

of sensitivity and accuracy. Finally it shown that used 

classifier with texture descriptors provided better classification 

REFERENCES 

[1]Santauc Ghorai,Anirban Mukherjee,M.Gangadaran and 

Pranab K.Dutta,”Automatic Defect Detection on Hot-Rolled 

IEEE Trans on Instrumentation and 

vol.62,no.3,March 2013. 

P. Guan, and Q. Huang, “Improving 

automatic detection of defects in castings by applying wavelet 

IEEE Trans. Ind. Electron., vol. 53, no. 6, pp. 

[3] R. Stojanovic, P. Mitropulos, C. Koulamas, Y. 

Karayiannis, S. Koubias, and G. Papadopoulos, “Real-time 

based system for textile fabric inspection,” Real-Time 

518, Dec. 2001. 



International Journal of Emerging Technology & Research 

Volume 1, Issue 4, May-June, 2014 (www.ijetr.org) ISSN (E): 2347-5900 ISSN (P): 2347-6079 

 

© Copyright reserved by IJETR                        (Impact Factor: 0.997)       256 

[4] A. Kumar, “Neural network based detection of local textile 

defects,” Pattern Recognit., vol. 36, no. 7, pp. 1645–1659, Jul. 

2003. 

[5] A. Kumar, “Computer-vision-based fabric defect 

detection: A survey,” IEEE Trans. Ind. Electron., vol. 55, no. 

1, pp. 348–363, Jan. 2008.  

[6] H. I. Shafeek, E. S. Gadelmawla, A. A. Abdel-Shafy, and 

I. M. Elewa, "Assessment of welding defects for gas pipeline 

radiographs using computer vision," NDT & E International, 

vol. 37, pp. 291-299, 2004. 

[7] R. R. Silva and D. Mery, "State-of-the-Art of Weld Seam 

Inspection by Radiographic Testing: Part I–Image 

Processing," Materials Evaluation, 65(6), pp. 643-647, 2007. 


