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Abstract

In the processing of sorting agricultural products, the classification of fruits and vegetables mostly
stays in the traditional classification mode. This mode increases the labor cost on the one hand
and the inconvenience to the workers on the other hand. Thanks to the continuous development
of computer vision technologies, replacing labor with machines has gradually become possible.
The paper studies the model structure and principle used in the development of fruit and vegeta-
ble recognition systems. Tensorflow is applied as core deep learning framework and OpenCV is
used as in image processing. Based on the collected images of fruits and vegetables, a model with
high accuracy was obtained through multiple adjustments and training. Image datasets, model
parameter adjustment, training results and application performance are visualized and analyzed
in the system. Four functional modules of image recognition, object detection, semantic segmenta-
tion and real-time detection are realized in the Web APP.
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Figure 1. Effect sits on verification accuracy of images of different pixel sizes
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Figure 2. General convolution model feature implementation flowchart
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Table 1. Convolution model effect comparison
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Figure 3. General convolution model training accuracy diagram
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Figure 4. Inception v3 training accuracy trends
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Figure 5. Inception v3 verification accuracy trend chart
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Figure 6. ssd_mobilenet_v1 loss trend chart
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Figure 7. ssd_mobilenet_v2 loss trend chart
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Figure 8. Target detection loss comparison
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Figure 9. Target detection model accuracy comparison
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Figure 10. System implementation architecture diagram
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Figure 12. Image recognition effect
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Figure 13. Target detection effect chart
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Figure 15. To detect different model time comparison
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Figure 16. Target detection call before and after the time comparison graph
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Table 4. Comparison of detection times before and after adjustment
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