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Abstract; The research and development of high-precision and low-cost apple intelligent grading
technology is the core issue to extend the apple industrial chain and improve the quality and efficiency of
the fruit industry. In order to solve the problems of low accuracy and weak robustness of traditional
computer vision technology in apple external quality classification, an apple appearance classification
method based on deep learning ( multiple convolutional neural network DXNet model) was proposed.
Firstly, totally 15 000 apple images covering different appearance levels were taken in Yan’an
supermarkets, orchards and other places, and then labeled manually. A database of apple images with
extensive coverage of external quality information and large sample size was established. Then, on the
basis of comparing and analyzing the classical convolution network model, the classical model was
optimized and improved by the method of model fusion, and the convolution part of the classical model
was extracted and fused to be the feature extractor, and the fully connected layer was shared to be the
classifier, batch normalization and regularization techniques were used to prevent the model from over
fitting. Totally 15 000 images were used for training and 4 500 images were used for testing. The results
showed that the classification accuracy of the improved DXNet model was higher than that of the classical
model, and the classification accuracy reached 97.84% , the validity of the method applied to apple
external quality classification was verified.
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Fig. 1 Comparison between original images and

images after data augmentation
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Tab.2 Experiment result of different model on test set

g HER 3/ % PR A
VGG16 91.29 0.390 8
ResNet50 92.81 0.093 0
Inception_V3 91.05 0.1857
DenseNetl21 96. 14 0.3850
Xception 95. 44 0.050 0
DXNet 97. 84 0.0559
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Tab.3 F1 scores of each model in five categories

of apple images

LR A B C D E
VGG16 0.8510 0.8560 0.9499 0.9252 0.9818
0.9158 0.9022 0.9377 0.9310 0.9518
0.8730 0.8554 0.9237 0.9315 0.966 1

ResNet50

Inception_V3

DenseNet121 0.9387 0.9447 0.9747 0.9644 0.9852
Xception 0.9402 0.9245 0.9692 0.9518 0.9852
DXNet 0.9771 0.9807 0.9825 0.9664 0.9857

R4 BEBIHEILL

Tab.4 Efficiency comparison of each model

W B MWL, HRINgG WKLY

o BHR/ A 2 BHEl/s  GEtial/s
VGGI16 530437 22 55 53
ResNet50 2103 301 178 125 51
Inception_V3 2103 301 315 125 53
DenseNetl21 1 054 725 430 100 25
Xception 2103 301 135 215 81
DXNet 1576 965 430 183 86
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