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Rubber O-ring defect detection system using K-fold cross validation and
support vector machine

Yong Eun Lee’, Nak**lgon Choi™, Young Hoo *Byun***
Dae Won Kim  and Kyung Chun Kim '

Abstract In this study, the detection of rubber o-ring defects was carried out using k-fold cross
validation and Support Vector Machine (SVM) algorithm. The data process was carried out in 3 steps.
First, we proceeded with a frame alignment to eliminate unnecessary regions in the learning and
secondly, we applied gray-scale changes for computational reduction. Finally, data processing was
carried out using image augmentation to prevent data overfitting. After processing data, SVM
algorithm was used to obtain normal and defect detection accuracy. In addition, we applied the SVM
algorithm through the k-fold cross validation method to compare the classification accuracy. As a
result, we obtain results that show better performance by applying the k-fold cross validation method.

Key Words : Defect Detection(Z23F 71%), Data Augmentation(H]©|E <7}), Support Vector
Machine(X22ZE #E| H4l), Cross Validation(: %} 715)
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Fig. 1. Defect o-ring (easy)
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Fig. 3. Detection image cutting
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Fig. 5. K-fold validation
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Fig. 6. Prediction of defect and resulting image
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Fig. 7. Prediction of non-defect and resulting image
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