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Abstract

In recent years, with the development of computer technology, machine vision has been widely ap-
plied in various fields. Among them, the precise identification of fruit types using machine vision
technology has been a research hotspot for a long time. Fruit sales, as an important branch of the
catering and retail industry, are gradually introducing the concept of contactless service. Through
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contactless fruit vending robots, consumers can enjoy a safe, hygienic, and fast purchasing experi-
ence, while businesses obtain more efficient sales methods and more convenient management tools.
The aim is to achieve automated fruit type recognition, save agricultural labor resources, increase
production efficiency, and promote the development of smart agriculture. Therefore, this project
utilizes the K210 vision module to capture images of fruits, preprocess and rectify the captured im-
ages in three dimensions, and then trains models on the Mixhub open-source data platform. The
K210 vision module not only reduces costs but also accurately identifies fruit types.
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Figure 1. Overall design process
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Figure 2. K210 vision module
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Figure 3. Dataset creation
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Figure 4. Maixhub dataset training platform
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Table 1. Statistics on fruit recognition data
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Figure 5. Image acquisition
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Figure 6. Best accuracy before data augmentation
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Figure 7. Best accuracy after data augmentation
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Figure 9. Experiment on loss and accuracy after data augmentation
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Figure 10. Effect diagram of banana detection
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Figure 11. Detection effect diagram of pears
11. BEMZRE

Figure 12. Effect diagram of apple detection
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