20244 12 A | A R A= 555 % 4 12 1)

doi:10.6041/j. issn. 1000-1298.2024. 12. 033

T EIMIGRFEREERN/NMNERKIED
J’E‘G‘ 'l»/\ 7J|J 75 A

RS %XR KEE A R
(LR KA N TR iR B, KM 450046 5 2. 90 g 48 42 56 I 1 [ £ AR [ B 5 9030 %, 0N 450046)

FE: O T ITRAR A G A RS B RAE Y 5 U, B T — b B T gt 2 o I 5 e A B e ) MR AR R AR
M5 E A5 W 4 ( Few-shot crop disease recognition network based on progressive learning and enhanced prototype metric,
FPE — Net) o &5, I s o1 A9 08 5 Jst 80 B2 A B 31 5 RE 08 v 80 22 705 2301 ob 0 9 89 50 D 280, 5 56 2 R 3 3 o 20
TP Y 2 A RN AR AR i AT U 5 Rk, SR BT At 2 T SR e A B AT )N e, LA B A R T U
T AR A T AT 55 4R T BRI AR A M UK BE o TR AN AR AR P9 T 0 4 FSCD — Base
FSCD — Complex I } FSCD — Base %] FSCD — Complex f¢ 5 38 3 #& |- ,FPE — Net 1] 5 — way 1 — shot ~F 3735 51l i R 43
Rk F] 70. 65% \53.47% F1 49. 58% ,5 — way 5 — shot ¥ B HIE 6 3 43 51 35 ) 83. 02% .66. 15% F1 64.21% , LK
BERFW AR SCHR R FPE — Net W] 410 T H Al /INEE A AR A 88 5 AR BE R 7RI SR A R AL B9 15 B0 T BE A8 T 44
PO A AW T
SR AR RN s NREARE ST ¢ R 2% 3 A ¢ B R S 3
hE 4 %KE.: TP181 XEkHPRIRAD: A N EHE . 1000-1298 (2024 )12-0344-10 OSID . g 2

Few-shot Crop Disease Recognition Based on Progressive Learning
and Enhanced Prototype Metric

DU Haishun'® AN Wenhao' ZHANG Chunhai' ZHOU Yi'*
(1. School of Artificial Intelligence, Henan University, Zhengzhou 450046, China
2. International Joint Laboratory for Cooperative Vehicular Networks of Henan, Zhengzhou 450046, China)

Abstract. At present, crop disease recognition is mostly realized based on convolutional neural network.
However, due to the lack of training data in actual agricultural production, these crop disease recognition
methods based on convolutional neural network often have limited applications and perform poorly. In
order to carry out the low-cost, general and flexible crop disease recognition, a few-shot crop disease
recognition network based on progressive learning and enhanced prototype metric was proposed.
Specifically, an enhanced prototype metric module was firstly designed to compute the enhanced prototype
that can accurately represent the category center, and make full use of its rich category information to
recognize the crop disease. Then, a progressive learning strategy was designed to train the model to help
it better adapt to the crop disease recognition, and further improve the few-shot crop disease recognition
accuracy. On the self-made few-shot crop disease datasets FSCD — Base, FSCD — Complex and the cross-
domain setting from FSCD — Base to FSCD — Complex, the 5 —way 1 — shot average recognition accuracy
of the FPE — Net reached 70. 65% , 53.47% and 49.58% , and the 5 —way 5 — shot average recognition
accuracy of the FPE — Net reached 83.02% , 66. 15% and 64.21% , respectively. These experimental
results showed that the FPE — Net was significantly better than other few-shot crop disease recognition
models, which can recognize crop diseases more accurately when the training data was insufficient.
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