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Potato surface defects detection based on convolution neural networks and
support vector machine algorithm

XU Wei-dong, ZHAO Zhong-gai
(Key Laboratory of Advanced Control for Light Industry Processes, Ministry of Education, Jiangnan University, Wuxi 214000, China)

Abstract: Detection of potato surface defects is an important part of potato grading. Traditional potato surface defect
detection methods usually involve manual feature extraction and judgement, in addition, the growth environment of potato is
complex and the types of deficiencies are numerous, extracting appropriate features is a difficult problem. In order to solve
the above problems, this paper presented a new method of potato surface defect detection based on improved convolution
neural networks (CNN) and support vector machine (SVM) algorithm. The model automatically extracted the depth feature
of potato picture through CNN, and the SVM was trained using eigenvector to get the classifier. The improved CNN model
used the dropout regularization technique, which could effectively reduce the model overfitting. Moreover, 1x1 convolution
layers were used to reduce the model operation time. In addition, the comparison and selection of hyperparameters such as
learning rate and training times in the CNN model were made. The CNN+SVM model was trained with GPU acceleration

technique based on Adam optimization algorithm.
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current research and its performance was superior to the typical CNN model and traditional detection methods. The CNN-

SVM algorithms run faster and have a classification accuracy of 99.2% on experimental datasets.
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Fig.1 Structure diagram of typical convolution neural networks( CNN)
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Fig.2 Detection model of potato surface defect
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Fig.3 Visualization of the output of C1 layer
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Fig.4 Visualization of C1, C4 and C7 convolution kernel weights
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Fig.6 The results of data augmentation
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Table 3 Relationship between training times and accuracy

YRR AL 1 5 10 20 30 50 100
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Table 4 The results of grid search for support vector machine

(SVM) parameter
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