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[ Abstract] During the pharmaceutical process, manual inspection suffers from time consuming and inefficiency. Image
processing method needs plenty of samples and has poor adaptability. To address these problems, a method based on
feature extraction and machine learning is developed. The Bag of Feature ( BOF) algorithm is introduced to extract the
features of the target region and its optimum parameter value is analyzed. Support Vector Machine ( SVM) is applied to
inspect the defects of the hierarchical drug. Experimental results show that the proposed method can achieve higher
classification accuracy and meet the requirements of real-time inspection in the process of industrial production.
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