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Cherry defect detection and recognition based on machine vision
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Abstract: Based on the machine vision technology. convolutional
neural network (CNN) was used to detect and recognize., and
verified the cherry defects. The results showed that the
recognition accuracy of intact cherry was 99.25% , with the aver-
age recognition accuracy of defective cherry of 97.99% . and the
recognition speed was 25 per second. Compared with other re-
search methods. this method could accurately detect and identify
various types of defects.
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Figure 1 Basic model structure of CNN
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Table 1 Design of CNN model in this paper
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Figure 2 Hardware framework diagram . . .
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Table 4 Sample examples
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Figure 5 The trend of loss value and accuracy with

iteration times
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Table 2 The correct rate of classification according to

the number of recognition
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Table 3 Comparison of defect type recognition results
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