WA K2R (A RBFE ) 2025, 51(2): 103-112. DOI: 10.13331/j.cnki.jhau.2025.02.013
Journal of Hunan Agricultural University(Natural Sciences)

SIAE:

SRMERE , BrEElk, Bmt. BT YOLOVTRY Rt Ak 3 BRI 7). T £l K24 (A AR 2 ), 2025, E = E
51(2): 103-112.

ZHANGPC, JIAOGE, BIZ. Lightweight farmland pest detection algorithm based on YOLOv7[J]. Journal of
Hunan Agricultural University(Natural Sciences), 2025, 51(2): 103-112.

Fehm Mk http://xb.hunau.edu.cn

ETYOLOVIHRZEX KBEERIEMNE XL

SRMEAR, HrkElk!2, el
(. A E AR, FW 201306 2. FIFENR R G BER ¥R, i 201306)

FEE: AXEBUA A FH I FA AT RS EOR K . AIIDRE BEA IR A, A SO T —Fh 2 FYOLOVTIY
BRI E RGN B . B, KR GhostNet V2 HIPConviBie /3 51 A F2F R 45 S M 45, TERAR M 4%
4 SRR B 4 ] s T A RFAE T U s R, ST ZRTE RAZ R JI LTI (D-LKA), S AL AR R
TERE BFRE B AIHERE S ARG, FESIERIN 452 F RUEE PRI A B ATF I+ RUBE P9 IR ) ()RR E 5 LB
J15 W, FPWEHMER A REMEHMERG B BRI, 5] ACARAFE L RFFE T, DUREBIT A RANEF, HmkE
A B, /DR AR R . A5 SRR il SR AR T A IIDRE BE iR B 1 72.1%; M FYOLOv7,
SRR N FE43.4%, TR T I%37.0% A SCHR H AR ISk 6 SE PR AL RS AL O TR, B2 TR 45 SR HEmR 3
AL B RENLAR TSR IR S5

KEEIR: FHUGI; YOLOVT; Fettfh; TERIIHE; FHEmS

hESES . TP39I RS A NXEHRS: 1007-1032(2025)02-0103-10

Lightweight farmland pest detection algorithm based on YOLOv7
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(1.College of Information Technology, Shanghai Ocean University, Shanghai 201306, China; 2.College of Information
Technology, Shanghai Jian Qiao University, Shanghai 201306, China)

Abstract: Considering that the existing pest detection algorithms face challenges such as large computation and
parameter requirements, as well as low detection accuracy, an improved lightweight agricultural pest detection algorithm
was proposed based on YOLOV7. Firstly, lightweight GhostNetV2 and PConv modules were introduced into the
backbone and neck networks, reducing the network's parameter and computational load while minimizing the channel
redundancy. Secondly, the deformable large kernel attention(D-LKA) mechanism was incorporated to enhance the
model's ability to capture irregularly shaped target information. Additionally, the attention-based intra-scale feature
interaction(AIFI) module was employed in the neck network to improve intra-scale and inter-scale feature interaction.
Finally, to address the issue of feature loss due to feature fusion, the CARAFE upsampling operator was introduced to
increase the model's receptive field, promote the feature information flow and reduce feature loss. The results showed that
compared with YOLOvV7, the improved algorithm achieved a pest detection accuracy of 72.1%, with a 43.4% reduction in
parameter number and a 37.0% decrease in computational load. This proposed detection algorithm not only achieved
model lightweighting but also enhanced detection accuracy, providing valuable reference for research in agricultural

intelligent machinery.
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Fig.1 Improved YOLOvV7 network
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Fig.3 PConv structure
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Table 1 Experimental environment

vy =R P 5N
CPU Intel Xeon Gold 6226R@2.90GHz
GPU Nvidia GeForce RTX 3090 24 GB
Ay 64 GB
PERS Windows 10
Pythonjfi 7 3.10.13
JnEERSE Cuda 11.7
R 2 HELE Pytorch 1.13.1

3.2 BUE&E

AR SCR R EEEE R A TP1025d54E , B l—1
FHF 5 U0 9 DR RIS IR o 254 45 (https://github.
com/xpwu95/IP102)., ZEHEHE AL E 75 0001F &
%, AIE10240-285], Bds 2 AR RS . It
Gh, ZEIEE N9 0000E R GhRE T I AHE, H
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Table 2 Ablation experiment results

LAY GhostNetV2 ELAN-P  AIFI  CARAFE D-LKA  P/% RI% Poar/%  GFLOPs SHU/(x10°1)
YOLOv7 612 74.8 70.5 106.5 37.6
ORI \ 67.2 68.8 68.7 63.5 27.4
AT J J 66.5 65.4 69.4 56.0 23.7
R 3 J J \/ 62.5 70.9 70.5 50.7 17.3
pleiiz ] J J S \/ 67.3 70.7 71.3 50.7 17.1
BG5S J J y y 66.9 72.1 72.1 67.1 21.3

FE N ORI PSSR

MR L AE T M 45 5] A GhostNetV252 51k
B, AT IEAERIRI(YOLOVT), HiPuap FF#1.8
ANE SRS, (BSB0R T I%27.1%, 585 (LIGFLOPs
) FF#40.4%, 1568 GhostNetV2a] Lysi/ MR AT
N (BN 52 (3155w all - G i bk 1 9
245 APConvisi X JRELAN-W A TS, Pumap
A TR R T10. 7 2 5, SBE R T
3.7x10°4~, GFLOPs F[#%7.5, UiBAPConvAETE A
W) 2% 42 2% 11 [) Hs) 2 T DO 4 G o M dE AR Y 3
ATFT# 0. SPPCSPCHEIR G, Papd FF £70.5%, #5
ISR T2 17.3x1099, GFLOPs F[4%50.7,
FHIAIFIAL B B8 38 o B 38 19 = AL & i T4k
PR R IEVGRRAE , DI A I RN R 31 1 )
PERE, [RIBIRD AN DA B H TR AE . bR ARl 45|
ACARAFE FREEHE TG, Puartt T £71.3%, 5
RISHORE FRER17.1x1004 e iRIS5] AD-LKA
J5, BT IR, PoartTH 1.6 EH 400, 1A

SR T [%43.4%, TR N F%37.0%, UiD-LKA
T B AL BE A $ A X6 P45 Hh B S B DU R
A PERE
3.5 FEANFIXEL KL

R T 2RI T B I HLA X R TR 1 5
M, ASCRFICBAMEY | SER2 | SimAM23 | CAR4
D-LKAKSFP s B pLE e I se s . 1125
AR R 28, TEASCEARAR FFTsem, 4521
WF3FTR,

R3 EESWBIRI LS ER

Table 3 Comparative experiment result of attention mechanism

eV WAL Puar/% GFLOPs  Z%it/(10°1Y)
CBAM 68.0 50.6 17.1
SE 70.8 50.6 17.1
SimAM 68.7 50.6 17.0
CA 69.6 50.6 17.0
D-LKA 72.1 67.1 21.3
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SEESEAR R, ARSCR B D-LKABLHI AT
o =R AL A B B, BARSH A
TR /IMRBE ) BT, (R0 BE BB PaarAHAR
FCBAM, SE. SimAM., CAZ5IEH T4 14 EH S
M L3ANE S 34N AT 25N E N
3.6 TRERIEZEMEEXLL

U FYOLOVT A A 3 iibgst T BAY
T 1 (A RIS B IR /N RU S 8, Ol T IREAS
SCEEPEPRCR , TEAFEERET, B H T F0
H bR 6 I 24 2 Faster R-CNN, SSD. YOLOv5s .
YOLOvV6, YOLOv7, YOLOV7-tiny, RT-DETR 54
SCRAVEIA TR LLSEES, S5 RUNFRAPTR

=4 TEIEEMEERLL

Table 4 Performance comparison of different algorithms

Bk Pmar/%  GFLOPs ZUHR/(10%4%)
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Fig.8 Comparison of detection effects before and after improvement of YOLOvV7
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