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A lightweight YOLOVSS crop pest target detection model

GUO Xiaoyan, YU Shuaiqing

(College of Information Science and Technology ,Gansu Agricultural University , Lanzhou 730070, China)

Abstract ;[ Objectives ] A light weight YOLOVSS crop pest target detection model was proposed to solve the problem of identifying
crop pests,when the sample quantity was insufficient. [ Methods ] Two Ghost Bottle Block linear feature extraction modules were
encapsulated into one GB module using Ghost technology, replacing the first seven CBL, CSP and SPP nonlinear feature extraction
modules in YOLOv5S, which reduced the parameters and the volume of YOLOvSS. [ Results ] The network’s dependence on
computing hardware and training samples was reduced while ensuring the effectiveness of pest detection. In order to verify the
effectiveness of the model, 12 types of pests were identified and located for 5 crops,including rice,corn, cotton, potatoes and alfalfa.
The multi category mean average precision(mAP ) was 91.31% ,which was 2.5 percentage points higher than the YOLOv5S model.
[ Conclusions ] By comparing with SSD, Faster RCNN and YOLOVSS, it was found that the model proposed in this paper had
advantages in mAP ,F1 score, precision and recall evaluation indicators, especially in the detection of small targets,dense targets and
targets similar to the background.
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Fig.1 Data set of crop pest
a. W Leafhopper;b. F154E4: 8 White star flower golden turtle;c. 7KJ ! H Blister beetle; 4 Fl Weevil ;d. #f Ht i #L Aphid adults;

e. &% 1 Golden needle worm;f. B 175 Ht Aphids( nymphs) ;. #% Mole cricket;h. % Miridae ;i. %5748 Grubs;j. "IH! Percussion;k. %

T Weevil ;1. ZRJ7 M Pieris orientalis.
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BEALHEAG MR PFE S DA TR G o, 18] 2 6 4 SRIEMRRS R 1 aRIELDR NIRRT >0 A 7]
et Ry Z2 H bR )i
1.1.2 AERBERHEE 05 AR A FROE B I 2% | AR P A A AR 1 1) FL{E 31 FHAE (ground truth
bounding box ) % i k-means'*' "> B 1k [ 38 I AR B IGAAE T IN B R B0 . BAR Mk JE k10
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Fig.2 Data enhancement of crop pest
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Fig. 3 Generating adaptive anchor box
1.2 FHix

1.2.1 YOLOvSS 2! YOLOv5S 3 H Ap Al A5 B A0 F5 4 A Bl b B FFAE 42 B ( Backbone ) F#AIEfill &
(Neck) T H 25 5 ( Prediction ) 4 543, WA 4 BT

1.2.2 ETF YOLOvSS HIRIEY REFIRFMER 1) BIAILZEH Ghost Net'™ 14 135 W 7 FH 5L 50 = 7
CVPR2020( IEEE Conference on Computer Vision and Pattern Recognition, Bl IEEE [E BRI B AL S5 0H
S g SR FHZ A AR ( A3 BB ) B A URAE SR U A A AR e B AR (L B B AR b — 1k
ReLU) #8445 , I TTHBR M 28 FRIE SR IBUZ AR TOA , WTTFEARZS AL, 4 2 4> Ghost I 1 4> Ghost
Bottle Block (GB) , Jf- FHH A4t YOLOvVSS Hi 7 M8 | WAL AR 14k 7 L AL R 2%, ani&l 5 B,

— I 608x608x3 Y% A FIR 2L FRAE SR I 45 AR Rl & 405 L ST R 2% | A iRAERE Oy 54 RSH oy
JIH 19x19 38x38.76x76 11 3 FVHIEAE , 43 S A R K/ N ARAVEY 3 B s, Hor 54 AR EAFHE
A 3 A 18 AERGTUIAE , 4nf&l 6 Pran, Rl HARA 13 28 (12 AUEE 1 R 5E) , Ja RHL
JEM AR IP I ( non-maximum suppression, NMS) #E47 )5 Ab B K B 5 FEFN ToU K T4 BIE 10 TOMIAE &5 57, A4
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Fig. 4 YOLOVSS model
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Fig.5 YOLOVSS crop pest identification model
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Fig. 6 Output vector
XY ARSRBAE bt s A b s W H A TEIAE (4 58 B 01155 BE 5 € 3873 TUIUAE B 57 A0 D) A 140 815 B8 5 2 1) R/ 7R 1B TUAE rp A
BFrAUATHE T, B T H—F L FE AR . X, Y represent the center point coordinates of the prediction box; W, H are the width and height of

the prediction box ; C represents the confidence level of the detection target contained in the prediction box; Category represents the conditional
probability of belonging to a certain pest,assuming there is a target in the predicted box.
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Ixm 5 (s=1) xm MR, 5508 BR S5 RS0 ( Concat) , T H N mxkxkxnxh'xw'+(s—1) Xmxh'xw'x
dxd , o d MBI R SE, B mx1+(s=1) xm=n, Bl m=s/n, Ghost #5533 £ L) 18 JE 45 H
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Fig. 7 CNN nonlinear module( a)and Ghost module(b)
a. K/NR WxHxe IIER 250 5 8 AR LS BUE L H < W xn IR . W H 3 5RERE AR SE R B < W o iR B RS
PR SERIES 5 ¢ on 3 I ARRE BURT S EMIR AYEE 4
a. The image with a size of W X H X ¢ is subjected to ordinary nonlinear convolution to generate an image of H'XW'xn. W and H represent the
width and height of the input image , respectively ; H'X W' represent the width and height of the convolved image, respectively;c,n represent the

number of channels in the image before and after convolution.

B k=d,ﬂ s$c,)r1'J:
ste—=1 1
p= ~— (2)

sXc s

A :s>1,

143512 T YOLOVSS 45528 S 45 AN [RIASLER 1) o 26 2850t , Hod YOLOVSS 4 2.65% 107, 48 3C
W2k 5.38%10°, P51 5 2 A~ X 26 AH RIS B () Bl A, D) 2 A4S I 45 19 2 850 o0 9l R 8.78 %107 5
6.66x107, LIPS HURAA R 0.75,

®1 MESHEIML

Table 1 Comparison of network parameters number

e N YOLOvS AR Network in this paper
e A Module  Z%t&: Number of parameters FE Y Module Z 0 hE Number of parameters

1 Focus 8 800 Focus 8 800
2 CBL 115 520 Ghost model 27 960
3 CSP 309 120 Ghost model 65 120
4 CBL 461 440 Ghost model 100 720
5 CSP 3 285 760 Ghost model 697 920
6 CBL 1 844 480 Ghost model 380 640
7 CSp 13 125 120 Ghost model 2 624 640
8 CBL 7 375 360 Ghost model 1 478 080
At Total 2.65x107 5.38x10°
IR 45 #2505k Same structural parameters number 6.13%107 6.13x107
B HUE Total number of parameters 8.78x107 6.66x107

2 ZREHSM

2.1 KIEIME

T 2R 52 M B NVIDIA Ge Force GTX 1080Ti & KA GPU EI& T AEM ; F 4437455~ Ubantu18.04
YEZR S PyTorch VR 2% THEZR LI Python 15 7, BEIYI LR AR K 207 =X, REAILES 2 T R 5 ik f Ak
TN LEAERY . EEBIILIZE ST 120 4> epoch, HEHEH 3 W S ZAS  ( adaptive moment estimation ) YE ML
fein , B E S Ko 0.93 A0 A 0.000 1,22 258 0.1,
22 AR

MIRVEHE (B 8) A BUASCIM 48 PR I RUR 847, Horb 11 B A6 4 Wt DL R I i 1R 32 2k 100% , i
W H RS, 3 95% F1 94% W BB AR R AR, R 78% , ik S REAR & DL AU H
PRI RN B EETR A & 12 2 E R E N 91% .,

H AR AT E DA 25 R an & 9 Fa , B 9—a Ry 12 ZRAEY) HUE (1) B AR KRN nT A28 5 1 9-b
I % s R £ A 4 R A A T I R A AG I SR SR AR ity T A AR A B AR AR 1 1
J AR SO 2 HA B RS ) S e
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Fig. 8 Confusion matrix
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Fig. 9 Visual recognition( a)and rotation test(b) results
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2.3.1 RBIFFEE A 2 TLIAE I R HARZHER (SSD) B S5 fie /N, O 4.7x10° SR L LK [E] R
AEFREFIR] N 5 490 s, FIIE K 5 Pk [X I 45 A1 M 25 ( Faster-RCNN ) #E8 /Nl 15x 10 R BIEHE] Ky 145 s
YOLOvSS BRI e %, Jy 66x10°, 1 HAR B E 5 Faster-RCNN F1 SSD AH H A 48 = 5 A% SC 0 2% S
£ YOLOVSS JEfilh b A7 29, BB S8 49.5%10°, PRI ) e, 4 19 ms,

232 BRI Ch TP PERE, 735k mAP  Precision  Fl-score E N PEANHEHR , 4 Faster-
RCNN . SSD'>) YOLOvSS 7EAR RS0 FREE T 5 ASCM 457 xF e, W3 3, MSFI4KEE (AP) KB 4 Fh
J5 %6 52 B R H R TR DA A SR AR AR P 0 T SIS 0 ok 6, X T B S LR AR B T L T
P BARI RN BRI B AR B EFL A . Faster-RCNN . SSD 1 YOLOVSS 192225 F-21K5 B (mAP) 43 ]
4 80.83% .76.31% £l 88.75% , Mi A SCRI £ d5c 155, 9 91.31% , X Bl i3 Ghost 278 YOLOvVSS R4% )5 , ik
INT SECE R S T M R A, IR B T RS RN AR VR B R IR
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Table 2 Model comparison

PR BUNERG %/ % RS PR IE B L/ ms
Identification model Identification accuracy Model parameter number Single image recognition time
Faster-RCNN 80.83 15x10° 145
SSD 76.31 4.7%10° 5 490
YOLOvS 88.75 66x10° 34
A M 4% Network of this paper 91.3 49.5%10° 19
®3 RBETHEHREERI
Table 3 Comparison of average precision( AP ) results of model %
2 AN [%%) £
AR Ak 23 Faster-RCNN SSD YOLOvS ZUCHT%
Crop category Pest Category Network of this paper
-1 Leafhopper 93.45 87.22 97.16 97.41
JKFH Rice H L4 6 White star flower golden turtle 83.23 82.23 90.05 93.43
K4t H 1L Blister beetle 74.16 71.12 85.12 85.49
ugf L Aphid adults 68.16 62.35 87.12 95.46
FEK Comn 4% H Golden needle worm 83.17 74.33 91.03 93.44
ief 1 25 1 Aphids nymphs 62.36 58.22 81.18 82.35
. BEI6 Mole cricket 93.15 91.19 98.01 100
K34t Cotton e
H % Miridae 79.16 77.12 86.12 85.44
I Crubs 95.32 91.13 96.03 96.39
LA B Potato P b
A Percussion 72.23 66.15 83.03 85.39
I L H Weevil 73.45 67.35 77.02 82.47
H 15 Alfalfa ey L .
TR Pieris orientalis 92.16 87.25 93.12 98.39
ZHFIRE mAP 80.83 76.31 88.75 91.31

MIEL 10 7T 1 AR SCII 25 (143 [T 564 0.62 I, ASERUAE B 5/ 1N B I8 5 224 9 ] SAS DRI 348 o, s R 3
AARFFE R, UE WA SO A [8]53R ORG80R 2 AT 16 bn A e R B i — 80hE , OF B A B 9 BUE
HHEL SSD A5, 4 MR AR = i KB R 2R AR Ak XU 2 AN PR P AR A SSD BEA FRARXEEAS . YOLOVSS
W2 B 43 [ S AR AL, BRARKS B R A — e R A 3, LA [0 ORGH% 2 S At R B e i) —
bk, A SO R L AE PAANEARIO R I B A —E 221, Faster-RCNN U i £ [ R 76— 5 10 Bl A8 fL )
KB A F W A5, 24 Score BIEEL 0.5 B, BB KT % 17251k, F1-Score JEALERFIE E , I AR FF
IR AIUE . SR, YOLOVSS SSD | Faster-RCNN 4145 S [l #2 B 4 % 3, 11 BH 76 B A B PR AG I B0 R 3 24
2y W 25 1] AFRFHRBIBOR

Score_threhold=0.5

L o s g . 1.0 i
g 007 T & 08
.2 &
2 08
g S 06 o
&~ 0.7F -~ ssp; 2 F e~
BN - Faster-RCNN;; = oal”
= 061 YOLOVS; | m= 04 — SSD;
= U . 4 L ! ~ Faster-RCNN;
= 05k Network of the paper :; 02 g )KIO)]Z%VQ,%

. i Network of the paper
0.4 | | | | J 0.0 | | | | J
0 02 04 06 08 1.0 0 02 04 06 08 1.0
A FK Recall 7 [A]% Recall

E 10 BX&TEM
Fig. 10 Joint evaluation
M4 N PR (Loss) 5 mAP HUIEACHTZE (8] 11) AT %1, Faster-RCNN 19 Loss £ 7E A0t Fdb H#E
JZLE 8l , SSD 28 A /N Bl 8l , A EL 2T, YOLOVSS 5 UM 4% Loss i1 4% HH XS 4H | 4R 11
YOLOVSS M FEIEA 5 000 )5, Loss MIZEEAMEE | MIASCM L AEIEIR 11 000 5 i — W R F
R, EEAREE AT A ST 28 F1 YOLOVSS AH EL ST — AN B /INAY BB, SSD W 45 114 °F- 57 401 F8 76 16 4%
9 000 I FAREE ML Z T, Faster-RCNN 1) mAP Hi£R BE & A OB B 5 n— B 5 F T $ 78 354%
16 000 KA FAE , YOLOVSS [ mAP [ ZetiAHX Foe , AR SCMZE AE L 4L 10 000 YRHT, mAP [ X} 248
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Fig. 11 Loss function
R T 2 IR R AR U] B AR S T S S AR RS /N HL AR B O AR SORR R
BUNBCER , it /N Hhrial (B 12,38 4) B AR HE 5 R 16 1 SoAR U B bR RF /I AR
e b RS AT FIR G, 35 16 HlF it SSD Al Faster-RCNN 4G 1 7 L H brief de | Hoip 35 SEA A
(95 g DR AR N 4 R Y iRAS . YOLOVSS SRR 13 B Jeae 3 1, X 25 SeArpLef

Faster-RCNN SSD YOLOvVS A% Network of the paper

12 /NERREEFIRAR
Fig. 12 Comparison of small target pest identification

A SC 25 R N 4 16 U R G R *®4 MBEFRREXIEL

100% ., T:E /ﬁ\:ﬁﬁ %% A ;ﬁ‘ N /NE ;]:/]—‘ . 1_3 :%5 % A {u H 1:,]‘; Table 4 Comparison of small target tests

IR AT RAE R (£ 2) . YOLO BERVIA T £ B mAP/% iy

FUE 0 GF PR SEL50, XEF /I FLBR 80K U e Faster- o ot Rumber of et
Faster-RCNN 76.14 15%10°

RCNN S5 HAh AR A U0 5T o 035, I HLA () 2% 452 70 <sDh 26,31 4% 10°

TE YOLOVSS BRI T Ghost A B fdi 15458 70 A 75 5 Jyp1 YOLOVS 79.14 66x10°

R BRI IR LD RO A T it gy 49.5%10°

& A A

3 4ig

HESZ M AAEY) B 7= 5 e R B ARSI B AR R4 TR A R B o T 2R R R EAEA
AT B I TR YN 2R 36 i BB i 2 DI REARER A S SR . b T e e A PRI T IR
H BRAEA S AE T AR B R0 A0 SR [R) 8T, AR SCHE YOLOVSS #8838 At 1K Focus, CBL, CSP , SPP



F5H RN, 4 — iR R 4R YOLOVSS /B du 3 B ARG i 1 1017

FARLMEG B 5 Ghost Bottle Block &4 B HL | 25 fa] N 45 S84, (145 1 4 B ik, XK A |
EK AL T EAE 5 MURAEY) 12 289 W E #7020, JF HX HE YOLOVSS (SSD | Faster-RCNN
SRy salllE i

B H A 28 J2E 3N B GE ) CNN 432377 AR R i TUAR TR L ROTAR AR IX 204
FETEANS 2068 I 245 i S 67 HEL 5 M P S31  E 77 E%e 0 S0 A58 S e g, 7 T 5 i, PR 1 SR e P 5 B O =X
RRABAE G I AR L 12 BV AE T A2 187 I 266 S50, ] LSl Do 2 Sz Ak, M1 203 0 U, 2 TH R 10 4
B BEAR I Z TN AR A B I BEoR X L IRe A 3, 20 J5 1 I 28 AN AXUAS 252 i RO AR, | i BL7E
mAP | F1-score ,Precision ,Recall 4 MEFR F# b A — @ D03, X U BRI FH R BE 27 ] BR AT A AR LR
BT DT B R = REAR /D SER PR 25 S5 [l B R T SO A BRI N R — ik A,
FI3E Y P45 2 R 2 — A Gk . Do A, /AR (1) R B AGIARS AR | Xof TR (14 35 28 5 7= i Ak R R R
—E B R,

S 3L Hk References:

[1] LeCun Y,Bengio Y,Hinton G. Deep learning[ J]. Nature,2015,521(7553) :436-444.

[2] Kamilaris A,Prenafeta-Boldd F X. Deep learning in agriculture:a survey[ J]. Computers and Electronics in Agriculture,2018,147.70-90.

[3] BAtHIs, ERA )40, 45, JET AR B H AR R INE 1 1) o A 22 - RS o3 A [T ] Al WLl A4 ,2022,53(3) :400-411.
Zhao S D,Wang S C,Hao G Z,et al. Mutton multipartite real-time classification and detection based on single-stage object detection algorithm[J].
Transactions of the Chinese Society for Agricultural Machinery,2022,53(3) :400-411(in Chinese with English abstract).

[4] BZ%Ewr, M4, TAE 5. FE TG YOLOV4 (¥ )85 48/ BARRLIN 7 i2: [ 1], ZRALAO R4, 2022,53(5) :69-79.
Yang J Q,Feng Q,Wang S Z, et al. Method for detection of farmland dense small target based on improved YOLOv4[ J]. Journal of Northeast
Agricultural University,2022,53(5) :69-79(in Chinese with English abstract) .

[5] RW¥E, %R, AR RS B ARREE = S PUN BRI R T]. PR ,2023,54(1) :1-19.
Song H B,Shang Y Y, He D J. Review on deep learning technology for fruit target recognition[ J]. Transactions of the Chinese Society for
Agricultural Machinery,2023,54(1) :1-19(in Chinese with English abstract).

(6] XDk, B E AR Seih . T 1 A% 3l i30S i 3 e A b UM BRI [ )] AR0lk TR A4 ,2022,38(6) : 130-139.
Liu B,Jia R C,Zhu X Y, et al. Lightweight identification model for apple leaf diseases and pests based on mobile terminals[ J]. Transactions of
the Chinese Society of Agricultural Engineering,2022,38(6) :130—139(in Chinese with English abstract).

[7] Ren S,He K, Girshick R, et al. Faster R-CNN: towards real-time object detection with region proposal networks[J]. IEEE Transactions on
Pattern Analysis & Machine Intelligence,2017,39(6) :1137-1149.

[8] Redmon J,Farhadi A. YOLO9000: better, faster, stronger[ C]//2017 IEEE Conference on Computer Vision and Pattern Recognition ( CVPR).
Honolulu : IEEE ;2017 :6517-6525.

[9] Redmon J,Divvala S, Girshick R,et al. You only look once: unified, real-time object detection[ C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2016:779-788.

[10] Han X,Chang J, Wang K. Real-time object detection based on YOLO-v2 for tiny vehicle object[ J]. Procedia Computer Science,2021, 183
61-72.

[11] Redmon J,Farhadi A. YOLOv3:an incremental improvement[ EB/OL]. [2023-06-10]. http://arxiv.org/abs/1804.02767.

[12] Bochkovskiy A,Wang C Y,Liao H'Y M. YOLOv4:optimal speed and accuracy of object detection[ EB/OL]. [2023-09-10]. http://arxiv.
org/abs/2004.10934.

[13] Benjumea A,Teeti I,Cuzzolin F,et al. YOLO-Z:improving small object detection in YOLOv5 for autonomous vehicles[ EB/OL]. [2023-08~
20]. http://arxiv.org/abs/2112.11798.

[14] FWFHE, IR, MG R FETBEH Faster RCNN 1935 B3y HARKIN 7 1], THSEHL 2023 ,43 (1) :88-97.
Guo Z H,Dong L. L.,Qu Z J. Arthropod object detection method based on improved Faster RCNN[ J]. Journal of Computer Applications,2023,
43(1):88-97(in Chinese with English abstract).

[15] EERK. BT IRANBEMHEREPIA RGNS D], M hEG R, 2019.
Wang Y (. Research on tea pest control system based on UAV[ D]. Xuzhou ; China University of Mining and Technology,2019(in Chinese with
English abstract).

[16] Bari B S,Islam M N,Rashid M, et al. A real-time approach of diagnosing rice leaf disease using deep learning-based faster R-CNN framework [ J ].
Peer] Computer Science,2021,7;e432.

[17] #% 3604, Wik 5 55 FET U8 s 1 B8 7B A A BB A [ 0] . s bRl R 223 ( FHARBRA ) ,2023,47(3) < 11-18.
Yang K,Fan X J,Bo W H, et al. Plant disease and pest detection based on visiual attention enhancement[ J]. Journal of Nanjing Forestry
University ( Natural Sciences Edition) ,2023,47(3) ;:11-18(in Chinese with English abstract) .



1018 BMoa oKk L K % % HK %415

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

Kasper-Eulaers M,Hahn N,Berger S, et al. Short communication:detecting heavy goods vehicles in rest areas in winter conditions using YOLOv5[J].
Algorithms,2021,14(4) :114.

Wang Z P, Jin L Y, Wang S, et al. Apple stem/calyx real-time recognition using YOLO-v5 algorithm for fruit automatic loading system[ J].
Postharvest Biology and Technology,2022,185:111808.

XUH, £ T YOLO i i s U505k [ )], PR, 2020,33(9) : 18-22,38.

Liu J, Wang X W. Tomato disease and pest detection algorithm based on YOLO convolutional neural network [ J]. China Cucurbits and
Vegetables,2020,33(9) :18-22,38(in Chinese with English abstract) .

ST B/NMA AL W), 5F. K-means 545 RBF 22 [F 28 S0 000 £ P4 FF V2 4R 6 A i oy OB SRaELRE [ ] ARl TR 241, 2021,37(3)
213-222.

Zhang Z Y,Lu X J,Kong L. G, et al. Predicting molten salt temperature at the circuit outlet of linear Fresnel heat collector using K-means
combined with RBF neural network [ J]. Transactions of the Chinese Society of Agricultural Engineering,2021,37(3) :213-222(in Chinese
with English abstract) .

B4 BN BT AL 0% k-means S BRIRAPRETE R [ )], AL TR S ,2023,59(16) :74-81.

Luo X L,He X S, Yang X S. Fast spectral clustering based on anchor point extraction with bisecting k-means[ J]. Computer Engineering and
Applications,2023,59(16) :74-81(in Chinese with English abstract) .

FREER HSCBRE IRINER, 5F. FET Komeans B G RAZARMCR MM TR AR5 (1], s/KAL I 5K FIRHL, 2022,20(5)
876-885.

Kang W,Cao W G,Xu L X, et al. Calculation method of representative groundwater level based on K-means cluster analysis and Thiessen de-
clustering[ J]. South-to-North Water Transfers and Water Science & Technology,2022,20(5) ;:876-885(in Chinese).

Han K,Wang Y H,Tian Q,et al. GhostNet; more features from cheap operations|[ C]//2020 IEEE/CVF Conference on Computer Vision and
Pattern Recognition( CVPR). Seattle : IEEE,2020.1577-1586.

Lu X C,JiJ,Xing Z Q,et al. Attention and feature fusion SSD for remote sensing object detection[ J]. IEEE Transactions on Instrumentation and
Measurement,2021,70:5501309.

Loraksa C, Mongkolsomlit S, Nimsuk N, et al. Development of the osteosarcoma lung nodules detection model based on SSD-VGG16 and
competency comparing with traditional method[ J]. IEEE Access,2022,10:65496—65506.

RIERE: X B K





