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Fine-grained Mushroom Phenotype Recognition Based on
Transfer Learning and Bilinear CNN

YUAN Peisen SHEN Chengji XU Huanliang
(College of Artificial Intelligence, Nanjing Agricultural University, Nanjing 210095, China)

Abstract; As one of the important fungi, mushrooms have a wide variety. There are about 100 000
species of fungi that have been found so far, and the phenotypes of most fungi have little difference. The
identification and classification for the variety of fungi is a challenging task, which needs professional
fungus expert knowledge to complete. As an edible mushroom, the study of its classification is of great
importance. In order to be able to perform fine-grained phenotype recognition of mushrooms, a fine-
grained mushroom recognition method was proposed based on transfer learning and bilinear convolutional
neural network of Inception — ResNet — v2. For extracting the fine-grained features of mushroom image
data, the Inception — ResNet — v2 network combined with bilinear convergence operation was employed.
In addition, for improving the training performance, the pre-trained model parameters based on the
ImageNet dataset were transferred for the fine-grained mushroom phenotype dataset using transfer learning
skills. In order to evaluate the performance of the approach, extensive experiments were conducted, and
the experimental results showed that the identification accuracy was 87. 15% and 93.94% on the open
source data set and the private data, respectively. Finally, a Flask-based online mushroom phenotype
identification system was developed to facilitate the online identification and analysis of fine-grained
mushroom phenotypes as well.
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Fig.1 Mushroom fine-grained classification example diagrams
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Tab.2 Samples distribution of Fungi dataset

FEAR 2B T Bt
A I Amanita vaginata var. vaginata 95
o0 35 4 B Xerocomus subtomentosus 95
LA R A Conocybe albipes 96
s iR Cortinarius rubellus 94
4% h § TR Helvella crispa 99
HETH 7 Cuphophyllus flavipes 94
T A FE Hygrocybe reidii 96
AN Inocybe erubescens 99
S0 0 5 Lyophyllum fumosum 99
LUK B 21 5 Russula pectinatoides 96
HEH Tricholoma fulvum 95
[CE ysuay: Tricholoma sciodes 94
FEEL ] Lycoperdon utriforme 96
LK £ 4 ik Rhodocollybia butyracea f. asema 95
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Tab.3 Samples distribution of private dataset

FEAR 2 B A 2 Bt
[ERN Py Agrocybe cylindracea 307
1 4% Pleurotus cornucopiae 138
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Tab.4 Details of network model

R4 2% A2 H R EE FL/MB E 216
VGG16 16 515 1.38 x10°
VGG19 19 535 1.44 x10°
InceptionV3 48 89 2.39 x 10*
E NS 164 209 5.59 x 10*
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Tab.5 Recognition results on Fungi dataset %

fi T AT [l 2 % F1{H
VGG16 85. 00 84.12 83.76
VGGI19 85. 86 84.12 83.75
InceptionV3 85. 00 84.13 83.77
NSRS 87.15 85.71 85.82
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Fig. 10 Recognition results on private data sets
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