





class C that actually belong to class ). The beam search
algorithm, however, was modified and several new
functionalities were added to the algorithm to address the
specifics of the ADC problem. The novelties of the
improved algorithm, called smart beam search (SBS), are
discussed next.

Firstly, it was observed that if we begin beam search
using ¢ = 1, the optimization problem to be solved by the
SVM for classification does not necessarily converge.
Therefore, we initialize the search with ¢ = 10. Secondly,
new selection and sfopping criteria were developed to
conduct the search. Normally, the selection criterion of
beam search is based on the classification accuracy only,
and the iterations are stopped if the accuracy fails to
improve. Our selection criterion is based on a three-tiered
approach, which not only uses the accuracy, but also the
purity and spread factor. During selection of feature
tuples at any iteration, the first sorting of tuples is done on
accuracy. Within the tuples of equal accuracy, we sort on
purity, and finally the tuples with equal accuracy as well
as purity are sorted on 5. This makes sure that selected
subsets do not cause the purity to drop while the accuracy
improves. Unlike the stopping criterion of beam search,
which monitors only the accuracy value, SBS is
terminated only after both the accuracy value and the
purity value have stabilized. Therefore, the search is
conducted over all the potential candidate subsets in a
manner that should ensure the near-best classifier
performance both in terms of accuracy and purity.

4. Experiments and Results

In our experiments, we have used the SVM classifier
implemented in SVM-Light [L1]. The data set is
comprised of about 3000 images, with 13 defect classes.
The resuits were evaluated for five random 60-40 cuts of
the data set i.e., roughly 1800 training samples and 1200
test samples. We present the results for beam widths K =
2 and 5. The SVM classifier was first evaluated for each
of the 13 one-versus-the-rest classifications using all the
features. Results were then obtained using the feature
subsets returmed by SBS. The 10-tuple-initialization of the
SBS is done on the basis of #-values of features with
respect to the class for which the binary classification is
being carried out. This was done with the understanding
that the features with high values of n are, intuitively,
good for discriminating between the class and non-class
samples. One could also initialize the search randomly,
but that can defeat the whole purpose of beam search,
since a new feature added during any iteration is
evaluated in conjunction with the other features already in
the feature set. If the randomly selected features (with
which we initialize the search) contain a feature that is
‘detrimental’ to classification task, then the feature subset
that the beam search yields can never be optimal.
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Figure 1. Feature Subset Sizes from Beam
Search :

The results of SBS are very encouraging, with a
significant reduction in the size of the feature vector. This
is particularly useful in reducing the time required to train
the SVM classifier. SBS was seen to improve the
classwise accuracy and purity. It was observed that the
size of feature subset is reduced by at least 70% for all the
binary classifications (Figure 1), indicating that the
original feature set had redundancies, and that some
features only made the class distinctions worse.

Our ultimate objective, however, lies in obtaining a
better multi-class classification. When wusing all the
features, we obtained the multi-class decisions by
comparing the distance values of the test samples from
the separating hyperplanes resulting from the 13 binary
one-versus-the-rest classifications. The farther the sample
is from a hyperplane towards the in-class samples, the
more likely it is to belong to that class. The test sample is
therefore, assigned the label of the class for which it lies
the farthest towards the in-class samples from the
separating hyperplane. On conducting SBS, the feature
subsets selected were different for each of these binary
classifications. The feature spaces for these subsets being
different from each other, the comparison of the distance
values is not straightforward. .

We define the relative utility of a feature as the
frequency with which it is selected in the 13 independent
runs of SBS. Features that crossed a certain utility
threshold {7) were selected for classification. The results
of multi-class classification are shown in Figures 2, 3 and
4. Even with this simple measure, SBS selected feature
subsets improved the performance, while yielding a
significant reduction in feature subset (>23% for T = 2,
>43% for T= 3).

5. Conclusions

In this paper, we have presented a feature selection
algorithm for an autcmatic defect classification (ADC)
problem. Improvements have been proposed to the beam
search algorithm for feature selection, and the modified
version is called smart beam search (SBS). It uses a three-



tiered approach to determine the induction sequence and
selects feature subsets not only on the basis of classwise
accuracy, but also classwise purity and spread factor of
features (as compared to the conventional approach of
using classwise accuracy alone). We have empirically
shown that this approach in combination with the binary
SVM classifier reduces the feature set size significantly
and also yields better classification results for our muiti-
class defect classification problem. We have defined a
simple utility criterion for the multi-class problem. A
more intelligent way of combining the binary SBS
selections for the multi-class case could improve the

results further, and form a part of our future work.
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Figure 2. Classwise purity using features
selected by SBS
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Figure 3. Classwise accuracy using features
selected by SBS
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Figure 3. Overall accuracy using features
selected by SBS

215

6. References

(1] A.L. Blum, and P. Langley, “Selection of Relevant Features
and Examples in Machine Learning,” Artificial Intelligence,
Vol. 97, pp. 245-271, 1997,

21 P. Langley, and S. Sage, “Induction of Selection Bayesian
Classifiers,” Proceedings of UAI pp. 399-406, 1994,

[3] D.W. Aha, and R.L. Bankert., “A Comparative Evaluation of
Sequential Feature Selection Algorithms,” Learning from Data:
Al and Statistics V, Springer-Verlag, 1996.

[4] H. Almuallim, and T. Dietterich, *Learning with Many
Irrelevant Features,” Proceedings of AAAIL pp. 547-552, 1991,
[5] R. Caruana, D. Freitag, “Greedy attribute selection,” Proc. of
the International Conf. on Machine Learning, pp. 28--36, 1994,
[6] K. Kira, and L. Rendell, “Feature Se¢lection Problem:
Traditional Methods and Subset Selection Problem,” Proc. of
International Conference on Machine Learning, pp. $21-129,
19%4.

[7] D. Koller, and M. Sahami, “Toward Optimal Feature
Selection,” Proceedings of the International Conference on
Machine Leaming, pp. 284-292, 1996.

[8] R. Duda, P. Hart, and D. Stork, “Pattern Classification,”
Wiley, New York, 2000.

{9] M. Stitson, A. Weston, A. Gammerman, and V. Vapnik,
“Theory of Support Vector Machines,” CSD-TR-96-17, 1996.
[10} V. Vapnik, “The Nature of Statistical Learning Theory,”
Springer, 1995.

[11} T. Joachims, B. Schilkopf, C. Burges, and A. Smola,,
“Making Large-scale SVM Learning Practical: Advances in
Kernel Methods - Support Vector Learning,” MIT-Press, 1999.
[12] E. Osuna, R. Freund, and F. Giroesi, “Training Support
Vector Machines: An Application 1o Face Detection,”
Proceedings of Computer Vision and Pattern Recognition, pp.
276-285.1997.

{13} V. Blanz, B. Scholkopf, H. Bultho, C. Burges, V. Vapnik,
and T. Vetter, “Comparison of View-Based Object Recognition
Algorithms using Realistic 3D Models,” Proceedings of the
International Conference on Anrtificial Neural Networks, pp.
251-256, 1996.

[14] J.T. Kwok, “Automated Text Categorization Using Support
Vector Machine,” Proceedings of the International Conference
on Neural Information Processing, pp. 347-351, 1998.

[15] M. Bennent, “Overview of Automatic Defect Classificat-
ation,” IEEE/SEM! Advanced Semiconductor Manufacturing
Conference, pp. 272-280, 1994,

[16] K.W. Taobin, S.S. Gleason, T.P. Karnowski, S.L. Cohen,
and F. Lakhani, “Automatic Classification of Spatial Signatures
on Semiconductor Wafermaps,” SPIE Proceedings of the
International Symposium on Micro-lithography, 1997,

[17] J. Dralla, and J.C. Hoff, *Automatic Classification of
Defects in Semiconductor Devices,” SPIE Proceedings:
Integrated Circuit Metrology, Inspection and Process Control
IV, 1990.

[18] M. Luria, M. Moran, D. Yaffe, and J. Kawski, “Automatic
Defect Classification Using Fuzzy Logic,” Proceedings of the
IEEE/SEMI  Advanced  Semiconductor  Manufacturing
Conference, pp. 191-193, 1993.





