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Abstract

This article presents a fruit decay detection system based on machine vision, which utilises the
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mature convolutional neural network in artificial intelligence for fruit decay recognition. The
convolutional neural network exhibits intelligent behaviours, including reasoning, planning, learn-
ing, perception, communication, and operation. It also demonstrates strong adaptability, learning,
and global optimisation functions. Its performance in fruit variety and quality recognition has
been shown to be effective. This detection system employs deep learning techniques for the pur-
pose of fruit decay detection, with the objective of enhancing user experience and improving qual-
ity of life. Users are able to safely store purchased fruits in refrigerators and storage cabinets,
among other suitable locations. The detection system is designed based on the YOLOv5 object de-
tection algorithm, which enables the intelligent recognition and detection of the degree of decay of
stored fruits, obviating the need for manual operation. The detection accuracy is up to 90%. On
the one hand, the system provides users with a comfortable and simple experience. On the other
hand, it creates conditions for rapid replication in business, thereby providing solutions for fur-
ther establishing the smart home ecosystem.
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Figure 1. Overall system block diagram
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Figure 2. Overall hardware structure diagram
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Figure 3. IndustriPi function block diagram
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Figure 4. Upper computer development environment
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Figure 5. WeChat mini program function block
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Figure 6. YOLOV5 network architecture
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Table 1. YOLOV5 network model parameters
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Figure 7. YOLOVS training curve
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Figure 8. Test results of multiple fruits of the same type
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Table 2. Accuracy of testing multiple fruits of the same type
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Figure 9. Test results of different types of fruits
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Figure 10. Different degrees of decay testing results
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Table 4. Accuracy of testing fruits with different degrees of decay
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