LA 4R (Jiangsu J.of Agr.Sci.) ,2023,39(8) :1713-1721

http: //jsnyxb.jaas.ac.cn 1713

PRBE, BB, FERH. Rl ResNet 55 SCHRpIl BEMLAK AT Dl il 2 PR A B i B 20 26 [0 ] TRl 2441%, 2023,39(8) 2 1713-1721.
doi ;:10.3969/j..issn.1000-4440.2023.08.011

FME ResNet S HFHEVHNEEEESEBRGMTA

KRB/, Hfgm, el
(LA ELL BB E BAFFEHT, LA 100081 ; 2. FE A BHARE .0, JLET 1000815 3. W VT AR R 2 BE BH 2% B, Wit
i 311800)

TEE .  7ESEE R SER L, SCELVEY R BEmE I VE ol 45 B R R A ol E B A R Ay B 4 T A e
VR 52 AR T AR A T — PRl 5 5% 22 P 265 ( ResNet ) I SZ A5 v H BILASE B 1) 4 el i 2 AR 8 o 88 4020
B AR A el e 2 R B AR AT S Bk ) SR A b RS WS FUZ 00 ResNet #2% ( ResNet-18  ResNet-34
H1 ResNet-50) 2 BRI BRAE 1] B, 45 4 31 41 843 43 A ( NCA ) B8k K A [R] 43 25455 ( Cubic SVM ,RBF SVM | Linear
SVM DT BT Bayes [ KNN \RF) , i i tH 55 0 7 285 el b J2 RIS M R B 2 B A 250 ik o 45 SR 3R L AR 22 AR LB FHUZ
BLRIBEIN AR T B = AL Y 3 2OKG BE ;A 7 el et 2 (RS A 56 B IS B 4 25 5 12 R ResNet-18 | ResNet-34
1 ResNet-50 5 42H1 000FFAE ] 5, i — 25 F I NCA B3L 0% 36 1 1 0004 F B R A REAE 1] 5, IF R Cubic
SVM BERIHEFT 4328, 25 TR AT S B T ASE R s ()R 43 2ok B2 1 P-4 , B B DR M ol 2 TG A% ) R A 1) 2, 45 Ji 1l
YREsFIR] 3R AT A OR GRS T B o3 JORE B . 3% Bk TR ST Y A0 S M B 2R RS A L TR 2R 43 5136 98.32% ,97.41%
98. 73% ., AT F 3 7. 1) 4 4 el e J2 PR v 7 5 8 21 1 R ) Ay SR el A PR 0 T R B AR SR

KIA:  FREME; TAFMEAL; EB T WA RS, R 2k

FESZES: TP391.4;524 XEkFRIREG: A XEHS: 1000-4440(2023)08-1713-09

Leaf coverage classification of vineyard canopy images based on ResNet
and support vector machines

DAI Guo-wei'?, CHEN Jia-yu’, FAN Jing-chao'?
(1. Agricultural Information Institute, Chinese Academy of Agricultural Sciences, Beijing 100081, China; 2.National Agriculture Science Data Center, Bei-
jing 100081, China; 3.Jiyang College, Zhejiang A&F University, Zhuji 311800, China)

Abstract: On the basis of visual perception, the realization of crop intelligent spraying operation management is an
important part of intelligent agriculture. Aiming at the needs of intelligent spraying operations in vineyards, this study con-
structed a vineyard canopy image leaf coverage classification method that combines residual network (ResNet) and support

vector machine model. Based on the data enhancement of the existing vineyard canopy image data set, the ResNet models

with different convolution layers ( ResNet-18, ResNet-34

Y #5 B #5:2022-10-12 and ResNet-50) were used to extract image feature vectors.

HEEWE . FHEHE AU &R E (2021 YFFO704200) ; H E 4L B Combined with the nearest neighbor component analysis
SFBEBE IR B L 55 B 00 H (Y2022L.M20) ; H [ 4Rk (NCA) algorithm and different classification models ( Cu-
Bl B BHE A3 TR H (CAAS-ASTIP-2016-Al1) bic SVM, RBF SVM, Linear SVM, DT, BT, Bayes,

PEF BT ACERE(1997-) , J, FNEEFRN, AL AT 52 2, 2 AR KNN, RF), the optimal vineyard canopy image leaf cover-
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age classification method was screened. The results showed
that the increase of the number of convolution layers of the

residual network model could improve the classification ac-
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curacy of the model. The suitable classification method of leaf coverage in vineyard canopy image was to extract 1 000 fea-

ture vectors by using ResNet-18, ResNet-34 and ResNet-50 respectively, and further use NCA algorithm to screen out

1 000 feature vectors with larger weight values, and use Cubic SVM model for classification. This method could realize a

good balance between model training time and classification accuracy. It could not only greatly reduce redundant feature

vectors, shorten training time, but also ensure the classification accuracy of the model. The classification accuracy, preci-

sion and recall rate of the model under this method were 98.32% , 97.41% and 98.73% respectively. The leaf coverage clas-

sification method of vineyard canopy image established in this study provides effective technical support for intelligent or-

chard management.
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Fig.1 Image of grapevine canopy leaf coverage grading data
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Fig.2 Application effect of data augmentation methods
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Table 1 Design scheme of feature vector generation method

FFEE NCA

SR sEmvEso AR Bk A
() B

T1 ResNet-18 1 000 - Cubic SVM

T2 ResNet-34 1 000 - Cubic SVM

T3 ResNet-50 1 000 - Cubic SVM

T4  ResNet-18 ResNet-34 ResNet-50 3 000 - Cubic SVM

T5 ResNet-18 ResNet-34 ResNet-50 3 000 vV Cubic SVM
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KNN) .\ 4x 5% K 5 148 ( Cosine KNN) £ Fifi 1L £ Ak
(Random forest, RF) , i 17 i %5 [l 76 )2 B4 ik 7
TIOR3 AR 1Y 40 JORE | Ui it Hhy
TEELY S A
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Table 2 Design scheme of ablation verification test

FREm R RMERE NCA Bk

RV E R e i ! Ay wiil
BT pmgon sarch) st TR
X1 - - - ResNet-18
X2 - - - ResNet-34
X3 - - - ResNet-50
X4 ResNet-18 3 000 Vv Cubic SVM
X5 ResNet-34 3 000 vV Cubic SVM
X6 ResNet-50 3000 v Cubic SVM
X7 ResNet-18+ 1 500+ Vv Cubic SVM
ResNet-34 1 500
X8 ResNet-18+ 1 000+ vV Cubic SVM
ResNet-34+ 1 000+
ResNet-50 1 000
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WER RIS T 0.90 A 4P,

J£F ResNet-18 , ResNet-34 , ResNet-50 F5 % 4% 2
B 000 4~RAIE [a] 6, A NCA 5503k i 196 75 21 A 45
FKAYHTT 000 4FAE ] 22, P AN ] 43 2 AU 34T
oy oy REER NG 4 s, R LIE 1, Cubic

SVM # 78 f4) By R Fl Kappa {8543 %1 39 98. 32% Al
0. 932 LT HoAtl 73 248 s YK Oy RBF SVM A5 BY AT
RF 50 A/ 2843 51 K 98. 019% F11 97. 95% , i Linear
SVM A 53 G BRI, ol 97. 45% ., 25 1, FIH
ResNet-18  ResNet-34  ResNet-50 £51F [n] & A AR R 43
SRR 000RFAE ) 1, I H] NCA 53507 161 000
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Table 3 Impact of feature vector generation method on model

training time and test accuracy

Tl 93.52 91.58 92.57 38.42
T2 94.15 95.31 94.69 50.44
T3 96.79 96.54 97.24 63.01
T4 97.42 96.96 97.69 170.91
TS 98.32 97.39 98.98 82.42

I g5 T1.T2 T3 T4 .T5 W3 1,

F4 TESEERBHSEBELE
Table 4 Comparison of classification accuracy of different types of

classifiers

g W KHE HBE Kappa

4 1]

eSS (%) (%) (%) R
YR (DT) 83.48 79.89 83.67 0.778
ZW A LR R 98.32 97.39 98.98 0.932
( Cubic SVM)
R SRR & L 98.01 97.24 97.87 0.921
(RBF SVM)
1 57 DLy (GNB) 88.63 88.96 88.34 0.839
K 5 IT48 (KNN) 96.59 97.21 96.22 0.814
etk LR AL (Line-  97.45 96.17 98.78 0.839
ar SVM)
A5% K f L 4% ( Cosine  95.64 96.17 95.69 0.743
KNN)
AR (BT) 97.75 96.77 98.53 0.875
FEHLARAR (RF) 97.95 96.87 98.58 0.907
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MR 2 IR T R TR, 455
W# 5 ion, AUAIFH ResNet-18 ResNet-34 ResNet-50
Y 3 2 W, 43 2 Wi A % (O 82, 15%  89. 78%
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55 ResNet-34 455 A5 BURFHIE ) 4 J5 Fill 6 NCA B34 AN
Cubic SVM £ U (1) 43 25 e %, {H K T ResNet-18
ResNet-34 Fll ResNet-50 2% & A= iR AiF ) & )5 fill &
NCA 5351 Cubic SVM AU 9 73 S HERG A<, LI #L
/> ResNet-18 #7Yal ResNet-34 #5751 H B A0 FR11E [] 12
ML ResNet-50 #1292 fH ResNet-18 5
ResNet-34 #AU%T ResNet-50 R 71— %2 4 7E4E HH .
BT, ResNet A58 89 47 HUAY 7 AIF 18] 12 25 45 Cubic
SVM HEAUJE , S S R — AR AR 90% LA L, BLEAA
TR 3 FIORFIREE Y ResNet A5 8U $ B 24 el e
JEEUR IR0 2 5575 T AR RE 5 2 4E 8 1y &
PBARHE, B = AR A N5 B, T ResNet-
18 . ResNet-34  ResNet-50 #55 A $L B3 000454 7] 2=
2545 NCA I 000 M B A HRFAIE [ 42t oy
BIEET F IR UL 000/ R AIE 1) &E, 1545 &
Cubic SVM f5RIfY 73 45 M 5 (% 3.3 5) , Ui
P Ko R AR (B 568 FH NCA 5 BEAS B 45 K AR AR AT 1)
T REAE ST U (H AT REZEHG sy 2RI ], )
Ab, ResNet-50 #5 A4 TG 18 J2 B ffi FH 38 2 5 Cubic

Fo6 MWEREIEETHIEENS LR

SVM BERILS 5, BT 345 1 1R RE 2 IR AE 7] 451X 4
M TR IR, X UL ELTR 19 ResNet W25 4514
REAESR U TR = BRFAIE

&5 ResNet B & X HF[EEH ( Cubic SVM) HIIH RER I
Table 5 ResNet fusion support vector machine ( Cubic SVM) for

ablation experiments

R ) HERH (%) (%) AER(%)
X1 82.15 80.72 81.59
X2 89.78 90.24 87.46
X3 91.62 89.98 88.96
X4 94.32 92.18 93.87
X5 94.85 95.69 94.92
X6 97.16 96.92 98.18
X7 96.26 95.98 96.94
X8 98.32 97.39 98.98

RE 5 X1.,X2.X3.X4 X5 .X6.X7 X8 W2,

2.3 HIEELEMRES T

ANFEVEE BT, 560 UF 4 T A0SR an ke 6 i,
AT LU Y I 38 i 00 4 1 ST 3 A R R
98. 32% , LA FH I A H5Hm £ A 42 5 8. 68 N 43 15
SEEREBR 5 F2H mR A4 8. 23 AN H 4R
9. 87 NE ST, BRI RIE 4 250t B S Y
125 7 2= R TR ) M 28 180 AN TR R B 1 4t 1
FO RAE TR R A 4R i A S TE LR 3l A5 T
£y S G BRI EE- & S TR N R E L S Ay Y=o

Table 6 Classification accuracy of validation set under enhanced data set

. A A T
(%) 33% 100% 66% 0%

i A 4 e 98.01 98.36 98.61 98.30 98.32
LIRS 97.46 96.89 97.54 97.74 97.41

A= 98.68 98.53 99.12 98.59 98.73

JEU ik Ho i 5 MR R 88.94 89.86 90.12 89.64 89.64
LIRS 88.72 89.22 89.35 89.44 89.18

PEJ 88.61 88.78 88.98 89.06 88.86

3 % B {RIESRIIERD |, 35T ResNet 45808 NCA 7%

oY SR P AR B AR AW S A K]

Lo SVM BR8N ) A R AR 1) i B O 308 26
AT P A Rl U, 4 G A P R TR
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SRAUHER R A 8.68 AN E 43 i, R IR KR
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