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Early spoilage detection of apple based on generative
adversarial network and Mask R-CNN
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Abstract: [ Objective] To improve the detection accuracy of early
apple spoilage zone. [ Methods] An apple spoilage detection
method was proposed based on generative adversarial network
and convolutional neural network. The Pix2PixHD model was
used to generate near-infrared imaging data of stored apples in the

early postharvest metamorphic area. The Mask R-CNN model
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was used to segment the generated near Infrared image to detect
the deterioration zone in the apple. Based on generative
adversarial network and convolutional neural network
technology, the early deterioration region segmentation and
prediction of postharvest apples were implemented by using the
generated near-infrared imaging data on a low-cost embedded
system with artificial intelligence function. [ Results] The average
accuracy of this method was 1.825% ~10.435% higher than that
of the other nine methods. The Pix2PixHD generated a visible
NIR image from an RGB image at 17 frames per second, and the
Mask R-CNN was able to segment spoilage areas in an apple
image at 4.2 frames per second. [ Conclusion ] The proposed
method is expected to facilitate the development of low-cost food
quality controllers.
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Table 1 Image conversion effects of different
GAN models
e MAE MAPE MSE PSNR  SSIM
CycleGAN 0.067 0.105 0.011 27 27.375 0.856
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Table 2 The mAP values of Mask R-CNN model for
segmenting apple images when £ takes
different values

kfH ekt i 32 2R JUEARFTER R AR
2 94.785 94.839 92.090
3 95.154 95.567 93.117
6 97.951 98.678 96.905
9 98.350 98.997 97.587
x3 kBAREER Mask R-CNN #& 52| F R
B&HF 58

Table 3 The F; scores of Mask R-CNN model for
segmenting apple images when £ takes
different values

kAH e 3 2R JEEARFTER R R
2 95.640 92.122 91.015
3 95.589 93.134 92.460
6 96.299 95.689 94.976
9 98.375 97.800 97.829
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Table 4 Comparison of the effects of different methods

on early apple spoilage detection

VRPN mAP ik mAP
YOLOv4[17) 92.043 || YOLO5sM9] 94.495
U-Netl8] 87.152 ||CARS-PLS-DAL2] 95.088
Improved U-Nett8) 91,537 || 4 B (21 95.762
Faster R-CNN[19J 94.925 || BP-ANNC22] 95.167
YOLO v3[18] 95.003 || BT A ik 97.587
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