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Fig. 2 Residual block comparison diagram
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Tab.2 The partition method on different datasets

GRS A b yERS B F 42 RS
K HE/ A 64 16 20
minilmageNet P N 84 X 84 84X 84 84 X 84
EEAETUN (3,84,84) (3,84,84) (3,84,84)
FE/ A 351 97 160
tieredImageNet PN 84 X 84 84 X 84 84 X 84
[ERIVETN (3,84,84) (3,84,84) (3,84,84)
FME/ A~ 100 50 50
CUB ooy R~ 84X 84 84 X 84 84 X 84
LT iy A (3,84,84) (3,84,84) (3,84,84)

TR RS DL K TE B R (EIT

2.2 KWERSHH
2.2.1 LBRREESHELEE

AR B T E AL EEE R 588 Windows 10 20H2 &b it 64 7,3, T AMD Ryzen 5 3600xCPU,
32 GB WH%. .M Nvidia GeForce RTX 1050ti, B47 N 4 GB; R A MBI A ZLF Pytorch(version 1. 8. 0) , - Fit &
T CUDA (version 10)fi3# .

SR AR SCH M 1 22 93 5203 20 26 BRI R AE 06 AR AR W i 3 Ul A6 28 8 vy 00 B 3 AR AE . A B i AL TRT e 1Y
TR 3 X84 X 84, i th A IR BT 1Y R ST R 640 X 50X 50, FEYIZRI R ] 5-way 1-shot Fll 5-way 5-shot X 2 FfJy
KL IS 6 000 4L ZE TR B B AN R AL 200 500U GRAT 5 A 240 B n R IETE % . B MES S N X
K DS EFEAR S N X 15 A&l A, (B HLAR BE T B 00 A6 &% X 0 28 3547 2 8008 8%, W) iR 2% > 2
0. 025, B AU By AL H 2 ol RECH 0.000 5, YRl b, QRAF IR IEAT 55 th R B MERf R 5 s 1) — B A S 8 5 2
YIGREE A, 0 R B B s NI ER AR A BEATL R AL A 1 000 > JeAE 55, FH T 0 72 ) TR 01 Mt 232
2.2.2 BFRESHIH

R UE AR SCHE B AR A A S 00 R 25 2 A S 80 B 3 FE AN TR 9B T 4 1 g8 — ff R TR AU N 45 7
PlantVillage #(#l5% F#E4T 5-way 5-shot SZU, 6 BUAE PP I 45 128 B R B0, S 508 L Bk | R A 2 As 18] R 1R 591 ME B
KA A FR AT M R LGS 3R 3 Bk . M Convd #] ResNet12, B % W 45 2 B . B T M4 19 7% 52
RS S HCR ARG N AE 2 VA R A8 T HUR R, B R B A B () 0 76 1 . 3 2 RO I 4% 2 K R
REER MR fE . (B 5 FEGT A LS. A CHE ResNet12 1 JE R E X AE B o 47 0 — fL Bk 345, 5
ResNet10 #H b, 25088 A& F &b BRI E] 20 B AR T 2. 19 MO 0. 001 s, {H 9 2% f4 43 F0 V7 5508 35 B s m 1
0. 464G , A R A M LA AY R B] T 93. 2506, Ud WY A SCASE AU 30 2ok ik 20 P9 £ 2 Bt 4 T R I BE L (] B
FEAR A (R RO 0 SRRl b B2 1 e 3 1 TR TR R

x3 BTWMESHIIL

Tab.3 Backbone comparison of parameters

B W 4% 2 (Y IREFERTNER/ € SH FLK R] R kb B ]/ s TEU 1 Aff 2
Conv4 0.865 G 2.836 M 0.011 (78.2040.66) %
ResNet10 1.166 G 7.879 M 0.055 (87.58+0.78)%
ResNet12 3.518 G 12.424 M 0. 089 (88.9340.70) %
A SCE T W 4 1. 630 G 5.689 M 0. 054 (93.25+0.21) %

2.2.3 ZEFHMERBKEHSHT
TE/NBEAR 2 2] v R (1 Pk BE 5 52 B T I 46 4R IR (i 1R 2 5 TR 2 08 SUE B2 I . Yang % AN R LR 2



122 FERITEAFFWCELKF ¥ https://cqnuj. cqnu. edu. cn & 41 %

0 2 114 SR A2 Y A/ | sz T ) o A DX /0 5 U O 2 A AR B A 2 L R v L (HL TR R o BB
A RECR)Z R SCPER AR . HLA 5 = AR IR R A I 2 I . ML 2T TR 2 9 45 $i JBCAY 4 AE 52 O it
JZ B E AL AR R AR FORDRLE A T8 S5 R . IR T2 Y B4 R A sz B 22 [ 8 X A B i S 2 T
TRZ 0 28 B R AL 23 B 3 A L o 40 7 )RR R D 858 o D RS T 0 285 J22 2800 190 246 AL o e 5 ) R e 3l e 4%
RN [) 9% B2 19 R AIE LA 5840 1) FH 4% J2 7 A L 7E PlantVillage ¥4l 5 F 1 B N 2% 05k H] 5-way 5-shot J7 sl 47
L A2 ERRECR . SLRATRILE 4.

R4 BUEZBREHENIZREERNZ M

Tab. 4 Influence of the number of characteristic cascade layers on experimental performance

R SR B2 B 5-way 5-shot FEAE 2R 1 2 B 5-way 5-shot
1 (88.79+0.23)% 3 (93.25+0.2) %
2 (90.424+0.45) % 4 (90.69£0.39) %

i % 4 AL P R R G AR AT R AR SR IR R B AP RE I R T 2 )2 B AR Gk p B A, SR, Bl A PR )2
3G I BBV RE T RIS BIFR SRR T . SRR R 3 )2 4 B2 UK RE % AR AT S A RCR L e I U HE
FIR BN e E . R AR SCEE R 3 )23 45 B2 9Bk iy 7 2Ok it R AE
2.2.4 WS g5 A

h I IE A SO TR IR &t L L 5-way 5-shot 7E PlantVillage 2454 F ool 4k 5 JC 5 iE 00 S 56 45 FAE M T 1,
DL PN AE A S AR, 43 55 5 AR SO RS 55 PN 2 il e S 25 L S 45 S LI 6 Akl 7,

1.00 0.9 r
0.95 087
0.7 t —— RO
0.90 06 -
— BRI o — AR
Foss| Z 05|
@ — AR X 04|
7 0.80
03+
0.75 02+
0.70 0.1 ¢
0 1 000 2000 3000 4 000 5000 6 000 0 1000 2 000 3000 4000 5000 6 000
L1/ LIRN
a EWEML b 35 5 I S5 B 2%
Bl 6 JTilll SRk S th 2 3 L
Fig. 6 Comparison of convergence curves for meta-training
0.95 - 1.2 K
\
/ e k- \
00 A% : Lo F — b
0.85 A .
08| | — AT
¥ 0.80 —— AR = l\
=~ 075 | ;{ — AR = 06t Ual \ [
\
1 W {\\
0.70 04 \//\ A
~N
0.65 r/ o
L L L L L ) 02 L L L L L |
0 1000 2 000 3 000 4000 5000 6 000 0 1 000 2 000 3000 4000 5000 6 000
R B
a EWEML b 35 5 I S5 B 2%

7 TR E Y S 2 X EE

Fig.7 Comparison of convergence curves for meta-validation
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Tab.5 Result of ablation experiment

gl 5-way 1-shot 5-way 5-shot
PN (74.154+0.98) % (87.58+0.78) %
PN+ £ 43 3 5 45 TR 3% 22 Bk (75.7740.33) % (88.7920. 23) %
PN+ £ JZ R IEIH — 1L g1 5k (76.760.52) % (88.6540.43) %
AR SR (79.6840.35) % (93.2540.21) %
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Tab. 6 Performance comparisons of the models on plantvillage dataset

AR BT R 2 2 5-way 1-shot 5-way 5-shot

Convi (73.13£0.73) % (88.910.43) %
- ResNet10 (72.81£0.77) % (87.4440.45) %

;
M ResNetl8 (72.1140.81) % (88.090. 44) %
ResNet34 (72.1540. 8D % (86.554-0.47) %
Convd (73.0140.89 % (85.8240.47) %
- ResNetl10 (65.3240.86) % (83.1520. 54) %

s
o ResNet18 (68.86£0.87) % (82.1240.53) %
ResNet34 (68.7040. 90) % (80.7740.60) %
Conv4 (72.2540.76) % (88.304-0.49) %
. ResNet10 (74.1540.98) % (87.584+0.78) %
a ResNetl2 (75.9440.871) % (88.930.70) %
ResNet18 (72.114+0.8D) % (88.0940.44) %
AR SO ResNeXt12 (79.6840.35) % (93.2540.2D) %
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Tab.7 Performance comparisons of the models on miniimagenet dataset

HEAY BT W 2% 2 A 5-way 1-shot 5-way 5-shot
SNATL™? ResNet12 (55.7140.99) % (68. 8820. 92) %
AdaResNet™" ResNetl2 (56.880.62) % (71.9440.57) %
RN ResNetl2 (57.0240.92) % (71.0720. 69) %
K-tuplet Nets™!! ResNet12 (58.3040.84) % (72.3740.63) %
INNAF ResNet10 (54.9540.30) % (63.044+0.30) %
PNCL™! WRN-28-10 (59.5440.47) % (74.46+0.52) %
PN ResNet10 (54.8340.52) % (70.354-0. 30) %
AR LR ResNeXt12 (56.9740.18) % (72.5940.33)%
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Tab.8 Performance comparisons of the models on tieredimagenet dataset

A BT R 45 261 5-way l-shot 5-way 5-shot
MAMLE Conv4 (51.67+1.81) % (70.3041.75) %
RN Conv4 (54.4840. 93) % (71.3240.78) %
Consine classifier"" ResNetl2 (55.434+0.8D) % (77.184+0.61) %
E'BM" ResNet12 (63.804-0.40) % (80.1040.30) %
CTME ResNet18 (64.78+0.11) % (81.0540.52) %
MetaOptNet"*" ResNet12 (65.990.72) % (81.56+0.53)%
PN ResNet10 (56.3941.00) % (70.1440. 34) %
A A ResNeXt12 (64.7740.42) % (81.4040.41) %
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Tab.9 Performance comparisons of the models on CUB dataset

el BT W 45 2 5-way 1-shot 5-way 5-shot
MN ResNet12 (71.8740.85) % 85.08+0.57)%
Cosine classifier ResNet12 (67.3020. 86) % 84.7540.60) %
TOANP ResNetl2 (67.17£0.81) % (82.0940.56) %
FEAT™ ResNet12 (68.87%+0.22)% (82.9040.15) %
RN ResNet34 (66.20+0.99) % (82.3040.58) %
UDS™ ResNet34 (72.23740.88) % (86.57+0.500 %
PN ResNetl0 (71.9440.45) % (85.0340.51) %
A AR ResNeXt12 (74.0320.16) % (87.3740.16) %
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Multi-Branch Grouping Convolution Feature Cascaded Crop Disease Recognition

LU Jia'*, PENG Gangjian"* , WU Ruoyu'*
(1. School of Computer and Information Science, Chongqging Normal University;
2. Chongqing Digital Agriculture Service Engineering Technology Research Center, Chongqing 401331, China)

Abstract: Aiming at the problems of the high number of crop disease recognition parameters and gradient disappearance of the
network in the existing few-shot learning, a multi-branch grouping convolution feature cascade crop disease recognition model is
proposed. Firstly, the model applies grouped convolution to the residual block, which is used to alleviate the gradient disappearance
problem of the network. Secondly, the input of the network is divided into isomorphic multi-branch embeddings, and more abundant
features are obtained and the number of network parameters is reduced through the feature supplementation between different
branches. Finally, a multi-layer feature cascade backbone network is designed to mine different levels of information in the image.
and more location and detail information in the shallow features and stronger semantic information in the deep features were cascaded
out to improve the generalization ability of the network. On the PlantVillage dataset, the accuracy of the model on the 5-way 1-shot
and 5-way 5-shot tasks reached (79. 68=40.35)% and (93.25+0.21) %, respectively, which were 3. 74% and 4. 32% higher than
the prototype network. The experimental results show that the proposed model can better identify crop diseases, and reduce the
number of network parameters while deepening the depth of the network. alleviating the gradient disappearance and mining different
levels of semantic information, which effectively solves the problem of few-shot learning of crop diseases.

Keywords: crop disease; image recognition;few-shot learning; grouped convolution; feature cascade
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