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Identification Method of Major Rice Pests Based on
YOLO v5 and Multi-source Datasets
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Abstract. Accurate prediction of rice pest plays a very important role in ensuring high yield of rice and
reducing economic losses. Manual rice pest survey methods in paddy fields are time-consuming. With the
developments in computer vision technology and theory, machine learning and deep learning have been
applied in automatic identification of agricultural pests, which have greatly improved image classification
accuracy of rice pest. Target detection algorithm YOLO v5 was introduced to identify and count
Cnaphalocrocis medinalis and Chilo suppressalis on monitoring equipment and traps. Based on the
biological habits of C. medinalis and C. suppressalis, a multi-source rice pest images dataset was
constructed from the images of adults of C. medinalis and C. suppressalis, which were captured by a self-
developed rice pest trap and photo device, triangular traps and light traps. The number of images in the
dataset were increased by flipping the image left to right, increasing the image contrast, and flipping the
image up and down. The detection performance of different training models on rice pest images captured
by triangle traps and monitoring device was compared, and the effects of different training sample sizes on
the identification results were compared. Precision, recall, F1 score and average precision were used to
evaluate the difference of each model. The models were tested on the rice pest images captured by

triangle traps and monitoring device. The results showed that the precision and recall of C. medinalis were

WoRS H YT 2022 —02 — 11 & [ {191 2022 — 04 — 15

E£TWB: A4 HAR A 4T H (2020J011376) AR A48 4l = i ik & e Uh 5] 6 3 TR 3 2 (XTCXGC2021015) AR 44 4 Bk BH
BT AT AT H (CXTD2021013 — 1) Fil i 2 44 R B B 4 6 AR ™ b & R BIF 5T 5 H (AA2018 - 9)

EHE®E N BT (1986—) , 53, K, =2 N IFAEY A AR DS, E-mail; 278017592@ qq. com

BEEE: BE(1973—) B F5 5, it FENFARAE B LAF5 , E-mail: zhaojian@ faas. cn



%73

BB . HT YOLO v5 0 22 JRECHE 4 i) K A 32 B2 3 dUR 510 05 1% 251

91.67% and 98.30% , respectively, and the F1 score was 94.87% . The precision and recall of
C. suppressalis were 93.39% and 98.48% , respectively, and the F1 score was 95.87% . Multi-source

rice pest images dataset constructed by different sampling background and equipment can improve the

accuracy of rice pest by identification model. The rice pest identification and counting model developed

based on YOLO v5 algorithm can achieve high identification accuracy and it can be used to monitor

population of C. medinalis and C. suppressalis in the field.

Key words: rice; Cnaphalocrocis medinalis; Chilo suppressalis; deep learning; YOLO v5; automatic
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Fig.3 Flow chart of rice pest counting

4t 4 Ubuntu 18. 04, Y| Zx A HE SR 4 Pytorch, ik 55
S E A < Intel Xeon CPU E5—2665 0 @ 2.40 GHz
REFRES 32 GB iz TN FE, 11 GB GeForce RTX2080Ti
A, i ] CUDA 10.2 Rt A< - 47 i1 5 HE B2 i &
CUDNN 8. 2 MuAs i TR B fih 28 X 2% i 72 5 g 22 422
FT(APL) . i A RZ R SF I 8 640 {32 R x 640 12
R OE KN E RN 64, 2525 H0h 500, % ) F Ry
0.01,3h it K 0. 937, R FHBEALAS B F R (SGD) i
b, AUE S 0. 000 5,
2.2 HIEKEET

AT H KR E R N IRIERE AR 2 A
PE,CHE T W3 & = MIE G & B I AT
3MERIE T IR TR irEHIN, BT
TR BB i 22 [ 24 5 AR (10 1 5 5 2 K 1) IRTAGOR 2 R
ROBARAE , Sy 1 B v K R H bs 3 RS IS AR Y Ak
RE 7 R0 A ) I it G A Y Sk 4005, I AR AT
TREE SR . SRS B S EEO R L BT
B 1 0y SO 2 AR BEAT 78, A [A] Ak 3y X7 3
RN S s o B R AR 1Y it d R A 30 458 1 [
FEAE 800 1R &K, I — AR 48 I by MG RT i 47 R 4,

PRHEAT IO R AE AR TE o A SO RE AR b 1 B TF

Label Tool , 5 7 f% 9\ & - 45 | — fb 05 H Fx 11 FEAE
o AL 4 101 FAE A bR S B G A B, DL ot SCARH
K AT

R 4l 145 08 T A IRIAG T 2500) 8 B 4 4k
6 25,k 2 Fron . BUEE Al + A2 Bl + B2 435
W5 25 . = AT 5 4 4 IO i i TR B AL HE 57
43 ) 1 U 4 % 100 8 21 56 3F 42 Ak 4, A
P15 800 Wi, HHE L A3 B3 435 N E N AR
F14) 85 4 I L Ak ML g 145 v B AL 356 B 1 000 i
KIG . B4 A1 + A2 + A3 S AR 4E AT + A2
BEHLZE HL 500 I B4, 15 B 5 A3 ik B 500 iR
FUE  BEPLHES . BHE 45 B1 + B2 + B3 Sy PB4l 4
B1 + B2 Bl HL3E HL 500 1 B 1%, 7 4 48 B3
Bifi L35 B 500 M8 4%, BEALHES . I R4 VTR 4R |
MR ER B 82101,

N EART 5T A 0 RO I A AS R 1 25
BARR S GEMER 3 Pin, HEEENAEMN
5 828 I AF P A i I I s Pl 453 o LR 9T 5 31 6 000
i, BEDLHES G, I UG S B L ) 122234328
R 4E A3_1000 ,A3_2000 F1 A3_3000, $#idE A3_
4000 py HCHE £ A3_1000 F1 A3 _3000 41 % , %5 4 48
A3_5000 Hi%#E4E A3_2000 F1 A3_3000 41 %, B4
££ A3_6000 [ %044 A3_1000 F1 A3_5000 41 A% .
IR IR XA AR L) 821+ 1,

2.3 BRI FOE A

R T ik — A B UE R R (A Rk T A A R AL
B 25 0 T A T B335 I 808, AR 5T LAAS IR R AR 53¢
AN T 15 2 R B G A 3 114 22 U5 4504l 4R TN R A 46 i i
YIEE = o il 28 i . i T PFM A B ST 4 Hh i K
T TG A Y (9 5 A5 | % B ORG B R (Precision,

!
20x20x255 |
|

4 YOLO v5s B pZ5H
Fig.4 Structure of YOLO v5s algorithm



254 | 1 R A= S 20224

WAL By

FeAv LT

(b) Ak iE
BS KR & o TR R a0E g i sk SR

Fig.5 Data augmentation of rice pest images

x2 AEHBEEHK P) . B & (Recall,R) .F1 {H (F1 score) F1F 45 &
Tab.2 Composition of dataset (Average precision ,AP) /f/lzj‘jlilz,fﬁ*ﬁbd:/_ﬁ‘o
& b 1 HE
ik BE ERKHE Zﬁ;;j ;‘fﬁ 3 BEEESH
A3 BAFMHIT 1000 3198 3.1 AEISGERNABERGIANESR
e M2 4;;;; LY 1 T e W R BN KRR U B
WAL 500 XoF 175 e A R 0 1 A% R AR Y R R AT B bR R
R . T W ALY T 6 ARG, Hd 3 A
B3 MRS 1000 1612 A A 3 A T ARIE R RY 43 5 R B TR N E
- W e 45 74 s o0d 75 5 L 4 ) YOLO v5s_A3 1 YOLO v5s_B3 &
—en S T i 25 0 W 000 5% 46 IR 19 YOLO vSs_AT + A2
B epy O BLEER 00 2349 M YOLO v5s_B1 + B2, 3 F = N AT 5 5 o%

B4k B3 500

W %% £ B2 46 79 YOLO v5s_Al + A2 + A3 Al

3 ENERETETHENBEASHIEREESH
Tab.3 Dataset distribution of C. medinalis photographed by indoor whiteboard

B3| A3_1000 A3_2000 A3_3000 A3_4000 A3_5000 A3_6000
) ) ) ) A3_1000 A3_2000 A3_1000
[ 15k 8 LR RIE TS SR T T SR I T
A3_3000 A3_3000 A3_5000
% =/ iR 1 000 2000 3000 4000 5000 6 000
bR O AE S8 A 3591 6 675 10 021 13 612 16 696 20 287

YOLO v5s_B1 + B2 + B3, 20 Bl 05 i il & 45 4 A1 + e 4 Fros, K R W E 6. Ak 52 BRI
A2 1 B1 + B2 gEATAG IS0, K0 R A PR FL{H YOLO v5s_A3 A58 B4 ot B S Wi i) s 45 A1 = #f JE 375 41l

x4 AEEBRIAFNERITEE

Tab.4 Comparison of identification results by different models

LA WIZRAE URENES HE 3R/ % H Il 5/ % F1 {5/% TR B/ %
YOLO v5s_A3 A3 55.59 83.26 66. 67 87.13
YOLO v5s_Al + A2 Al + A2 Al + A2 96. 43 92.31 94.32 99.97
YOLO v5s_Al + A2 + A3 Al +A2 + A3 91.67 98.30 94.87 99. 83
YOLO v5s_B3 B3 81.43 75.53 78.37 93.52
YOLO v5s_B1 + B2 BI + B2 BI + B2 93.39 98. 48 95.87 99. 74

YOLO v5s_BI + B2 + B3 Bl +B2 + B3 91.50 97.29 94.31 99. 94




%7

BB . HT YOLO v5 0 22 JRECHE 4 i) K A 32 B2 3 dUR 510 05 1% 255

YOLO v5s_A3

YOLO v5s_B3

(a) 4ﬁ:ﬂ?/l
YOLO v3s_/

YOLO v5s_A3

YOLO v5s_B3

YOLO v5s_A1+A2

YOLO v5s_B1+B2

YOLO v5s_B1+B2

YOLO v5s_A1+A2+A3

YOLO v5s_B1+B2+B3

YOLO v5s_A1+A2+A3

YOLO v5s_B1+B2+B3

(b) Waimii & Aidsk
6 N [RIAR AL [ A 0 &5 R

Fig.6  Detection results for different models
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C. suppressalis in different models
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