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Real time detection method of fruit defects based on deep learning
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Abstract: Objective: This study aimed to optimize and improve
the CenterNet method for detecting fruit defects. Methods: the
lightweight convolutional neural network of MobileNetV3 was
used to replace the original backbone network of CenterNet accel-
erate the detection speed, improve the module of MobileNetV3,
enhance the detection ability of the model for small and medium-
sized defective blocks of fruit, and optimize the pre detection
stage of CenterNet to increase its detection accuracy. Results:
The recognition rate of significant defects such as apples with di-
ameter > 4 mm was 99. 7%, and the detection speed was
113 FPS. with the model volume of 1.31 MB. Conclusion: Com-
pared with models CenterNet _ Resnetl8 and CenterNet

Shuffler, model MO-CenterNet has better balance in training
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Figure 3 MO-CenterNet network framework diagram
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Table 1 MO-CenterNetnetwork layer
Mgz BR/EK EERAY A i ART
0 Conv2d/s2 3X3 512X512X3
1 Conv2d/s2 Bneck 3 X3 256 X256 X 16
2 Conv2d/s2 Bneck 3X3 128 X128 X16
3~7 Conv2d/sl Bneck 33 128 X128X16/32/64
8~9 Conv2d/sl Bneck 5X5 128 X128 X64
10 Conv/sl 1X1 128 X128 X 64
11 Pool/sl TX7 128 X128 X 64
12 reg Bneck 1X1 128 X128 X2
13 wh Bneck 3X3 128 X128 X2
14 hm Bneck 1X1 128 X128 X2
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Figure 5 Effect of data enhancement
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Table 2 Information table of apple defect data set
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Figure 6 Iterative training loss
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Figure 7 Test results
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