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Tea Disease Classification Method Based on Graph Neural Network
with Dual Nodes — Dual Edges

ZHANG Yan CHE Xun WANG Peng WANG Yufeng HU Gensheng
(School of Electronic and Information Engineering, Anhui University, Hefei 230601, China)

Abstract. The classification of traditional tea diseases mainly relies on manual categorization. Such
methods are labor-intensive and time-consuming. Furthermore, insufficient availability of tea disease
samples hampers the adequate training of existing machine learning models, resulting in decreased
accuracy in disease classification. To address this problem, a tea disease classification method was
proposed for four types of tea diseases, including tea anthracnose, tea black rot, and others. This method
was based on a dual node — dual edge graph neural network. Firstly, RGB tea disease features and
grayscale tea disease features were extracted by using two branches of convolutional neural networks, both
branches employed ResNetl2 as the backbone network, with independent parameters. The two types of
features acted as two sub-nodes within the graph neural network, aiming to obtain disease information
from different domains. Secondly, two types of edges, including relative metric edges and similarity
edges, were created to improve the aggregation capability of disease features from neighboring nodes.
Finally, with the dual node and dual edge feature updating modules, a dual-node and dual-edge alternate
updating process was achieved. This process aimed to enhance the accuracy of edge features in measuring
node distances. This resulted in achieving accurate classification of tea diseases, even when training
samples were limited. Comparative experiments were conducted between the proposed methods, which
were based on small-sample learning method. The results indicated that the proposed method achieved
superior accuracy in tea disease classification. Specifically, on the minilmageNet and PlantVillage
datasets, the proposed method achieved the accuracy of 69.30% and 88.42% in the S5way — 1shot,
respectively. In the Sway — Sshot, the accuracy was improved to 82.48% and 93.04% on the
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minilmageNet and PlantVillage datasets. Furthermore, on the TeaD —5 tea dataset, the accuracy of the
proposed method reached 84.74% in the Sway — Ishot and 86.34% in the Sway — Sshot.
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3.1 IWigE

A AT LB A 19 — 12900KCPU , GeForce
RTX3090 — 0X24GGPU, BRI B U .2 Pk
57 ResNet]2 ik AR He 32 BURFAE O 128 ZE /) 2 4>
SEAE ] R BT mRRAE o AR T N SRy ik
2R 3R Adam FRALEE W1 4524 2 260 1077 BLE
FEIHCA 10 7° Fe &S5 5ER F AR 1000 % 1) F 3 E 1
KR, DNDE — GNN [0 28 45 R (1 52 56 DF-Afi 76 £ I
4E minilmageNet . PlantVillage F14% M- 45 4 TeaD —5
AT R T PR T v SR 1R B 28 ) 25 /N RE AR 2
AR R PR D7 4 AL T 55 17 2
e
3.2 PLEEW
3.2.1  R[E] 45 4 Ay s 2k

TS, YR T R 4 Y RO AR S R fiE

(12)

R, 7€ minilmageNet | i T A [A] & T X 45 /4 %)
FeSEm N 2 iR o HUR, A kAR 304328 07 15 1Y)
A EE , 7E minilmageNet (45 4E PlantVillage %4 ¥ 45
FUERAE B2 M % TeaD —5 B4 48 B XTI 1 LRI
[F) ANREA 27 2] J7 1, A0 4% HAT I 45 48 A 3R 181 25 49 1Y
INBEAR 2 2] TP vk, R 3~ 5 TR, 43 0l g AE
minilmageNet {45 4 . PlantVillage (4% 4 1 TeaD —5
¥ P54 F Sway — Ishot F1 Sway — Sshot [1) 43 2% i #
Z, H P AE minilmageNet | XJ Fb 1A [|] 5+ 9 45 1Y
Ay HeE R Horp ConvNet —4 £33 4 AN AR KNG
TR AL, B4 AU 2 40 5% Conv — BN — ReLU 4%
L, BRI R 3 x 3, Jl it 22 UCOHE B 4 B2 R
o JZ R 1 4 I AR B AR AE o

% 2 minilmageNet HIEE L RREFRNEH T L ERE

Tab.2 Classification accuracy of different backbone

networks on minilmageNet dataset %
BT M 2% 5way — lshot Sway — 5shot
ConvNet — 4 63. 68 80. 48
ResNetl8 61.18 78.54
ResNet34 60. 19 76. 65
ResNet50 59.26 74.83
VGG16 58.26 73.35
DenseNet 59. 64 75.06
A5 69. 30 82.48

# 3 minilmageNet #{#F& F/INERD LR EHE

Tab.3 Accuracy of small sample classification on

minilmageNet dataset %
VRS Backbone  5Sway— 1shot 5way — 5shot
PROTO NET!?¢ ConvNet 49. 42 68. 20
MAML?"] ConvNet — 4 48.70 55.31
GNNI'# ConvNet — 4 50. 33 66. 41
EGNN!'! ConvNet — 4 59.63 76. 34
HGNN!2! ConvNet — 4 60. 03 79. 64
DPGN!!¢] ConvNet — 4 66. 01 82.83
ARSIy Ik ConvNet — 4 63. 68 80. 48
TADAM[?) ResNetl2 58. 50 76.70
FEAT!) ResNet12 62.96 78. 49
MDE — GNN!3!J ResNetl2 62.23 78. 83
DPGN!!e] ResNet12 67.77 84. 60
ATy Ik ResNet12 69. 30 82. 48

K2 BN T AN BT 2% X o3 2R ME R 1
Wil , e B T 48 AN ELE B AR = B I 45 T DR
GRAUE SR BN T BCTRZ 1 M 45 2 B U A
(4N ResNet50) , 1l i Ji| ResNet12 BE % i 53X Fft fif
DL, I HLAR SCASTR) 2% - 5 R 0 X0 JBE R, AR A2 2%
B2 AN g, DR e 1) IO 8% A2 08 i BBORT 5 £ 5L, T 4%
R4 ] e 2 5 o LS .
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% 4 PlantVillage #{iE&E F/MER S RO ERE

Tab.4 Accuracy of small sample classification on

PlantVillage dataset %
ViR:S Sway — Ishot 5way — 5shot
MATCHING NETS!?) 78. 86 85.47
PROTO NET!?¢/ 80. 65 90. 71
RELATION NET!33 82.18 91. 63
EGNN!'! 74.98 82.56
HGNN!20J 84.56 89.78
DPGN!!®] 86. 18 90.73
A7 88.42 93. 04

R5 FITEH#ESE TeaD -5 F/INFERSRNAERE

Tab.5 Accuracy of small sample classification on

TeaD — 5 dataset %
Ik Sway — Ishot 5way — 5shot
MATCHING NETS!?) 61.12 66.76
PROTO NETI?¢ 69. 74 75. 84
RELATION NET!33) 76. 34 81.25
EGNN!1! 74.19 79.36
HGNN!2¢! 77.42 80. 52
DPGN!!® 82.25 84. 06
A5k 84.74 86. 34

W& 3 Ak 4 g, 78 A S 5 4
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69.30% 1 88.42% , 4y 42 T+ T 1.53.2.24 ~H 4>
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Fig.5 RGB image and grayscale image significance

area visualization
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Tab.6 Gray node and relative metric edge ablation

experiment %
JRBEY AR X BE = 30 Sway — Ishot Sway — 5shot
74.19 79.36
vV 76. 38 82.54
vV 81.51 84.23
v vV 84.74 86. 36
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Fig. 6  Experimental results of different node dimensions on TeaD —5 dataset
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Fig.7 Comparison of loss functions of neural networks with different graphs
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