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ABSTRACT

The need for non-destructive evaluation (NDE) technologies for maintenance of complex welded
structures such as pressure vessels, load bearing structural members and power plants has long
been recognized. This paper presents an application of data mining approach for weld data
extracted from reported radiographic images. Data mining is the extraction of implicit,
previously unknown and potentially useful information from data. In recent times, machine-
learning models such, as neural networks are becoming standard tools for data mining of
scientific data. This paper addresses various issues related to data mining and demonstrates
their application. The study highlights the two major aspects of insight of data and prediction of
the model for the problem domain.

INTRODUCTION

The assessment of the safety and reliability of existing welded structures such as pressure
vessels, load bearing structural members and power plants, has been the focus of much
investigation in recent years. An assessment of welded structural system requires knowledge of
their strength, response characteristics, quantitative and qualitative data concerning the current
state of the structure, and a methodology to integrate various types of information into decision-
making process of evaluating the safety of entire structure. Perhaps the most challenging aspect
of weld evaluation is need for developing a rational methodology to synthesize the diverse
information related to the structural welds condition and their behavior.

In practice, non-destructive evaluation (NDE) technologies have been used very often for weld
evaluation (Berger, 1977, Bray and Stanley, 1989). In a broad sense, NDE can be viewed as the
methodology used to assess the integrity of the structure without compromising its performance.
Recently, many studies have reported results where signal processing and neural networks (NN)
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were used in characterizing defects of weld based on NDE (Rao et al., 2002, Liao and Tang,
1997, Nafaa et al, 2000, Stepinski and Lingvall, 2000).

Radiographic testing is one of the most popular NDE techniques adopted in inspecting welded
joints. Usually real-time radiographic weld images are produced during radiographic testing of
welded component (Bray and Stanley, 1989). These imaged are digitized without losing
important information. Application of feature extraction methods to such digitized images helps
in identifying features (Liao and Ni, 1996, Liao and Li, 1998). Further, Liao and his research
group has proposed detection of welding flaws from radiographic images using soft-computing
tools such as fuzzy clustering method and fuzzy K-nearest neighbor algorithms (Liao et al.,
1999, Liao and Li, 1997).

Advancement in the field of data mining (Fayyad et al. 1996) can help researchers to handle
complex problems like classification where many features extracted from digitized radiograp hic
images play an important role. Recent publication by Liao et al. (2001) has attempted to explore
data mining approach for weld quality models constructed using multiplayer perceptron
networks. They concluded that data mining based on sampled data leads to efficient and effective
when proper sample size is used. And they found that there was no correlation between the
representative data with similar statistical characteristics and model performance on testing data.

The main objectives of the paper are as follows: to introduce briefly about the data mining and to
demonstrate systematic study on data mining for weld classification problem. The remainder of
this paper discusses background on data mining, the dataset for the neural networks study, and
the data mining process. The results, discussion, and conclusion close the paper.

DATAMINING: BACKGROUND

Data mining is the non-trivial process of identifying valid, novel, potentially useful, and
ultimately understandable patterns in dataset. This process helps in extracting and refining useful
knowledge from large datasets (Figure 1). The extracted information can be used to form a
prediction or classification model, identify trends and associations, refine an existing model, or
provide a summary of the datasets being mined. Numerous data mining techniques of various
types such as rule induction, neural networks, and conceptual clustering, have been developed
and used individually in domains ranging from space data analysis to financial analysis (Fayyad
et al., 1996, Hand, 1998).

A recent review by Kohavi (2001) states that data mining serves two goals namely Insight and
Prediction. Insight leads to identifying patterns and trends that are useful. Prediction leads to
identifying a model that gives reliable prediction based on input data.
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Figure 1: Data mining and knowledge discovery process.

Obviously, the nature of data is critical to the success of data mining application. The nature of
the data is related to its source, utility, behavior and description. Source of data can be online or
off-line from static or dynamic systems. Data utility can be for analysis, design or diagnosis.
Behaviour of data can be discrete or continuous. Daa description can be in quantitative or
qualitative form. A guantitative nature of the data depends on number of data points available for
an application. A qualitative nature of the data demands answers to many questions such as, Are
they sparse or dense? Are they in raw or clean form? Are they representative of the application
domain? Are they noisy? Do they contain missing values? Researchers working in the field of
scientific data mining have addressed an issue of insight such as novelty detection, anomalies
and faults in experimental data for classification and regression problems. They are commonly
addressed for pattern recognition, image analysis, process monitoring and control, and fault
diagnostics. Dasgupta and Forrest (1999) demonstrated negative-selection mechanism of an
immune system based novelty detection algorithm for the time series data sets. The data set was
for simulated cutting dynamics in a milling operation and synthetic signal. Hickinbotham and
Austin (2000a, 2000b, 2000c, 2000d) carried out a study in the field of novelty detection in
strain-gauge failures during structural health monitoring of airframes. Brotherton et al (1998)
showed the potential of class-dependent-elliptical basis function neural network for finding
novelty in classification of collected electromagnetic signals. Marsland et al. (2001)
demonstrated novelty filter, which can learn online from the robot’s sonar sensor data. Ypma and
Duin (1997) presented the results for self-organizing map based novelty detection in mechanical
fault problem and pipeline leak detection problem.

The above papers studied regression and classification tasks of data and have used neural
network as a machine learning predictive model. This brief review shows that data mining using
neural networks is becoming a commonly used tool for such experimental datasets. Artificial



Neural Networks (ANN) can be applied to real world problems of considerable complexity. The
most important advantage is in their ability to process data tha are too complex for conventional
technologies — problems that do not have an algorithmic solution or for which an algorithmic
solution is too complex to be found. Because of their abstraction capability, ANNs are well
suited to solve problems such as classification, pattern recognition and forecasting and/or
recognizing trends in experimental data. ANNs have been applied successfully to hundreds of
applications (Bishop, 1995).

The present paper revolves around data mining goals of insight and prediction for 'experimental
data’ of extraction of welds from radiographic images domain. There are many research issues
associated with this experimental dataset such as: developing effective ways of managing and
visualizing data; checking data quality ; summarizing them into convenient and relevant forms for
analysis; sampling them with minimum amount of bias; intelligent search for potentially useful
structures; detecting anomalous and peculiar patterns; and avoiding missing interesting ones.
Some of these issues will be addressed in the following sections.

DATA ACQUISITION AND NEURAL NETWORKS MODEL FOR DATAMINING

The issues are classified in view of insight into data and neural networks as predictive model.
The experimental data sets were studied with respect to their source, use, type and
characteristics, their pre-processing nature, and the necessity to clean them, if required. Neural
networks model study included ease of network construction, their capability of handling real
data instead of simulated well behaved data, understanding their behavior, discovering
unexpected information from their outputs and assessing their accuracy. For the present study,
the data were collected from reference of Liao and Tang (1997).

Neural Networks Model and Prediction Evaluation

Various kinds of neural networks models are available in the literature along with their
performance evaluation approaches. The following paragraph briefly reviews them for the
comp leteness of the paper.

Neural Networks Models

Neural networks are tools for creating models from data and hence, the data becomes an integral
part of the model. Data needs to be subject to the same control as other model parameters.
Fundamentally, the data needs to be of good quality and representative of the problem.

In the literature, varieties of neural network models, such as Hopfield net, Hamming net,
Carpenter/Grossberg net, single-layer perceptron, multilayer network etc., are available. The
single-layer Hopfield and Hamming nets are normally used with binary input and output under
supervised learning. The Carpenter/Grossberg net, however, implements unsupervised learning.
The single-layer perceptron can be used with multi-value input and output in addition to binary
data. A serious disadvantage of the single-layer network is that complex decision may not be
possible. The decision regions of a single-layer network is bounded by hyperplanes whereas
those of two-layer networks may have open or closed convex decision regions (Haykin 1994,



Lippman, 1987). One can select the model depending upon the application domain. The
multilayer network is very popular artificial neural network architecture and has performed well
in a variety of applications in several domains including classification from radiographic testing
(Liao and Tang, 1997, Stepinski and Lingvall 2000).

In the present study Kohonen rule based Linear Vector Quantization algorithm is used. Learning
vector quantization (LVQ) is a method for training competitive layers in a supervised mode. A
competitive layer will automatically learn to classify input vectors. However, the classes that the
competitive layer finds are dependent only on the distance between input vectors. If two input
vectors are very similar, the competitive layer probably will put them into the same class.

Neural Network Prediction Evaluation

Various issues related to network performance evaluation are discussed elsewhere (Reich and
Barai, 1999), however brief explanation is given below. Typical NN model evaluation methods
are: (1) Resubstitution (2) Split Sample Validation (3) Cross-Validation such as k-fold cross
validation, Leave-one-out method (Reich, 1997).

Resubstitution:

In this method the complete data set is used to train the network and later it is tested for the same
data set. The estimation of generalization error for this network gives optimistic results, i.e., its
error estimation is bias downward. Assuming that the data set is sampled from a large population
of feature-extracted data, the performance of resubstitution is highly dependent on this sampling,
I.e., it has high variability.

Split-sample Validation or Hold-out Test:

This is the most commonly used method for estimating generalization error in NN. The sample
set is repeatedly and randomly divided into disjoint training and testing data sets. It is common
to select 2/3 of the data set as the training set and remaining 1/3 as the test set. After training, the
network is run on the test set and the error on the test set gives an unbiased estimate of the
generalization error. In order to produce results with a confidence interval of about 95%, the
testing set should include more that 1000 examples; otherwise, this method may produce poor
results. In smaller data sets, this method is often repeated several tens of times, but the results
have high variability that is dependent upon the initial random, in addition to the variability due
to the sampling of the data set from the larger population. Note that these repetitions are not
independent, having used the same data set. The results of this method may be pessimistic
because not all available data is used for training.

Cross-validation: k-fold Method or Leave-one-out:

In k-fold cross-validation, one divides the data into k subsets of equal size. The NN is trained k
times; each time leaving out one of the subsets from training, but using only the omitted subset to
computer whatever error criterion is of interest. If k equals the sample size, this is called leave-
one-out. A more elaborate and expensive version of cross-validation involves leaving out all



possible subsets of a given size. If k gets too small, the error estimate of a full sample analysis is
pessimistically biased because fewer data points are used for training. A value of 10 for K is
popular.

CASESTUDY OF DATAMINING: WELD CLASSIFICATION
Problem Domain

In this exercise the aim was to classify weld and non-welds category from digitized radiographic
image features (Liao and Tang, 1997) and subsequently check the quality of the data after
network performance evaluation.

Data Acquisition

Non-destructive testing (NDT) of welded structure is used very often for failure analysis of
important structures. Radiograp hic testing is one of the most popular NDT techniques adopted in
inspecting welding joints. Usually real-time radiographic weld images are produced during the
radiographic testing of welded component. Liao and Tang (1997) collected X-ray strips of about
3.5 inches wide by 17 inches long. They were digitized at 70 pum resolution. These digitized
images were produced using 5000 pixels by 6000 lines images. From these images down-
sampled image of size 250 pixels by 300 lines were produced to find anomalies in weld. The
down-sampled images were used for weld extraction. In order to formulate the classification
problem of weld from non-welds, feature extraction was essential. Four features were defined for
each object in line image and they are as follows.

* The peak position (X,)

e The width (x,)

» The mean square error between the object and its Gaussian intensity plot (xz)
* The peak intensity (x,)

A total of eighty-four samples were extracted that contain linear and non-linear welds. In present
investigation, neural networks will be trained to identify whether the patterns are welds or non-
welds.

This classification exercise is to identify welds (Y =1) or non-welds (Y = 0) on the basis of input
features, X1, X», X3 and X4. Three feature sets, f; = {X1, X4}, f> = {X2, X3, X4} and 3 = {X1, X, X3, X4}
are considered to identify the best feature set. On these feature dataset, simple normalization was
carried out on input and output parameters during pre-processing (Reich and Barai, 2000).

Model and Hypothesis Development

There are many variants of the classification algorithm allowing for faster convergence and more
accurate representation. In this study we used Kohonen Feature Mg based Linear Vector
Quantization (LVQ) supervised mode based neural networks (Demuth and Beale, 1994). The aim
is to develop reliable predictive classification model and hence, the LVQ model was considered
for data modeling



Selection of Neural Networks Model Parameters

The Kohonen rule based LVQ network consisting of two layers was used: The first layer as a
competitive layer to classify input feature sets and the second layer to transform competitive
layer’s classes into target classification of Y.

The program was implemented using MATLAB — Neural Networks Toolbox (Demuth and
Beale, 1994). After several exercises, LVQ networks having 15 hidden units, the number of
epochs as 5000 and learning rate as 0.05 were selected, maintaining a compromise between the
accuracy and computational time. Note that there was no attempt to optimize the network
architecture and training parameters (i.e., Epochs and learning rate) in the study but rather, to
pick reasonable values.

Data Mining, Testing and Verification
Insight and Prediction:

The neural networks study was carried out for the resubstitution, cross-validation and hold-out
and results are summarized in Table 1.

Table 1: Classification accuracy in percentage

Exercise fr={x1, xs} FH={X2 X3 Xa}  T3={X1, X5, X3, X4}
Resubstitution 97.62 94.05 95.24
Leave-one-out 95.24 92.86 95.24

Hold-Out 100 96.97 93.94

* The LVQ network did extremely well for feature set f, relative to f, and f; in classifying
welds or non-welds. The performance of network was evaluated using various testing
methods as discussed in previous section. In general, for feature sets and above given testing
methods, network classification accuracy was more than 92%.

» Itis observed in previous paragraph that only two feature can represent the domain with low
dimensionality and retaining sufficient information.

* Inthis problem domain, the quality of data was quite good. Hence, good quality models were
developed in a single iteration compared to several iterations required when data quality is
poor (Reich and Barai, 1999).

* Inthis study, we presented data mining methodology for a small dataset. The same approach

can be easily extended for large size of dataset containing features of digitized radiographic
weld images.



Model Use

Good quality of feature extracted from radiographic image data leads to developing neural
networks models that can be deployed to predict the weld defects.

FUTURE PROSPECTS

» The neural network study can gave a better insight about the data set and could trace down
discrepancies in the data so that data entry errors could be corrected and better performance
could be achieved (Barai and Reich, 2001).

* The integration of neural networks in decision support system is relatively easy. During this
study it was observed that data of features extracted from digitized radiographic images is of
good quality and hence, trained networks could be an integral part of Automated
radiographic NDT system.

» Data quality and characterization is essential for successful experimental studies. Hence
simultaneously cleaning the data and training the networks using the approach of Clearning
(Weigend et al., 1996) can help in getting better quality data.

» There is a scope to apply other machine learning models to acquire knowledge from the
dataset of features.

CONCLUSION

Advances in data mining have helped experimentalist in analyzing experimental data. In the
present paper, we addressed two goals of data mining, namely insight and prediction in the
context of features data extracted from digitized radiographic images of welds. At the “insight”
stage of data mining, neural networks model could help us in identifying the features, which are
important for proper neural networks modeling. Also, at the “prediction” stage, a neural
networks model was evaluated using various testing methods and was found to perform very
well due to better data quality. Finally, future work is discussed based on this study.
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