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Abstract: In order to cope with the problem of mushroom image classification and facilitate the rapid identification
of wild mushroom toxicity, a method of mushroom image classification based on deep learning is proposed for seven kinds
of mushrooms. The proposed classification method takes into account the characteristics of natural scene images and uses
image pixel information for feature extraction. The extracted feature vectors are distinguishable, independent and robust; the
lightweight ShuffleNetV2 model is used and has higher accuracy compared with other commonly used models such as CNN.
Experiment results show that the mushroom classification model based on ShuffleNetV2 has a Top-1 accuracy of 55.18% and
a Top-5 accuracy of 93.55%, which can solve, to some extent, the difficulty of mushroom image classification. If combined
with mobile devices and embedded development in the future, it can be used for automatic classification of wild fungi in
natural environments.
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Tab.1 Mushrooms and the number of samples of each species
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Tab.2 The structure of the AlexNet model

)2 A WH R i

Image 224 x224 x3 - -
Convl 56 % 56 x 96 11x11/4x4 2
Pool 16 x 16 x 96 3x3/2%x2 1
DropOut 28 X 28 X 96 - -
Conv2 28 x 28 % 256 5%x5 1
Pool 14 x 14 x 256 3x3/2%x2 1
DropOut 14 x 14 % 256 - —
Conv3 14 x 14 x 384 3x3 1
Conv4 14 x14 %384 3x3 1
Convs 14 x 14 x 256 3x3 1
Pool 14 x 14 x 256 3x3/2%x2 1
DropOut 7x7x256 - -

FC k - -
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Fig.1 Schematic diagram of ShuffleNetV2 structure
3 AXShuffleNetV2iE B 443
Tab.3 The structure of ShuffleNetV2 model

)2 A HRD pA WELRE
Image 224 x224 %3 - - -
Convl 112x 112 x 24 3x3 2 1
MaxPool 56 X 56 x 24 3x3 2 1

28 X 28 x 48 2 1
Stage2 -
28 x28 x 176 1 3
14 x 14 x96 2 1
Stage3 —
14 x 14 x 352 1 7
TxTx192 2 1
Stage4 -
Tx7x704 1 3
7x7x1024
Conv5 1x1 1 1
7x7x1024
GlobalPool 1x1x1024 Tx7 - -

FC k - - -

4 RHHERH4H(Experimental results and
analysis)
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Fig.2 Schematic diagram of loss during training

0.84
0.7
0.6

0.5

0.4
0.3

0.2

0.112

T T T T 1 step
o 500 1,000 1,500 2,000 2,500

B34y aemErsh

Fig.3 Schematic diagram of accuracy during training
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Fig.4 Schematic diagram of accuracy during verification
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Fig.7 Schematic diagram of the first layer convolution
layer feature map
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Fig.8 Schematic diagram of accuracy of each neural

network in training set
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Fig.9 Schematic diagram of accuracy of each neural
network in verification set
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Tab.4 Comparison of the accuracy of five different

neural networks

A il Hii5
ShuffleNetV2 0.5518 0.9355
AlexNet 0.5127 0.9065
LeNet—5 0.4602 0.9006
VGG-16 0.4112 0.8898
ANN 0.3917 0.8757
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Tab.4 Diagnostic message

3k /W CANHH 34
Kk 03 19 02 01 cc cc cc cc
ek 07 59 02 4b 00 98 00 00
Kk 03 19 02 01 cc cc cc cc
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Kik 04 14 ff ff ff cc cc cc
ik 01 54 aa aa aa aa aa aa
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