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Detection Model for Small-sized Vegetable Pests Based on YOLO — SVP

WANG Chuntao'” XIE Weibin' XIAO Degqin'?
(1. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China
2. Key Laboratory of Smart Agricultural Technology in Tropical South China, Ministry of Agriculture and Rural Affairs,
Guangzhou 510642, China)

Abstract ; Effective pest monitoring is crucial for high-quality vegetable cultivation. While deep learning-
based pest detection methods excelling at detecting large- and medium-sized pests, they face challenges
with small-sized pests. To address the problem, a you only look once ( YOLO )-based small-sized
vegetable pest detection method was presented, named YOLO — SVP. To emphasize crucial small-sized
pest features and improve feature fusion, a dynamic weighting attention ( DWA ) mechanism was
constructed and integrated into the C3k2 block of YOLO 11, yielding a new block denoted C3k2 —DWA.
Additionally, to preserve critical spatial information during downsampling and reduce the loss of small
pest features, a space-to-depth downsampling (SPD — Down) block was proposed. Besides, to alleviate
the severe weakness of bounding box regression in the case of small pests, the normalized Wasserstein
distance (NWD) loss function was introduced. Experimental simulation on a self-built vegetable pest
dataset demonstrated the effectiveness of the proposed YOLO — SVP, which achieved 85.7% F1 score,
89.3% mAP,,, and 54.9% mAP ., outperforming YOLO 11 by 4.5, 3.8, and 4.3 percentages
points, respectively. For the Frankliniella occidentalis ( small-sized pest), the detection performance
improved the F1 score, mAP,;, and mAP, . by 6.3, 8.5, and 5.0 percentages points, respectively.
This research provided a paradigm for adapting deep learning architectures to challenge small-sized object
detection tasks in precision agriculture, which would provide important support for the effective
monitoring of vegetable pests.

Key words: small-sized pest detection; YOLO 11; dynamic weighting attention; space-to-depth down

sampling
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Fig. 1 Image processing procedure
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HxWxC

HxWxC/I2

HxWxC/2

@ :Concatenation

(a) C3R2A5HREZE

HxWxC/2

HxWxC

Lio]ed
HxWxC/2

1x1xC/2

t
——{ cak P ek }-U»{ CAP

HxWxC/I2

HxWxCI2

w

HxWxC/2

HxWxC 1x1xC2

1x1xCr2

OHD-Cotinad

1x1xC/2

HxWxC/I2

@ :Concatenation @ :Sigmoid @ Multiplication

HxWxC/2

(b) C3k2-DW AR HRZ5H4 4]

K4 C3k2 Mgkt s C3k2 -

DWA 45 [ L 44

Fig.4 Comparison of C3k2 block and improved C3k2 — DWA block

JGE T T A T ALE T4 Softmax PREURS 48 1k, I10%
S R B 5 ok oy AR 1 328 O 2R 3, e 428 i £ /)
HARKIIN DG X ), e 2, ¥ J5 IR IE P 3 I &
CBS 2t . C3k2 — DWA bk i i 3h 2 AT &
IR H 5 T O B DX I 1) 5 3 , B 3 R THASE B X /)N
HARERIE ) SO AL T VegpestSet B HE 4 3%
ANERBRIIERE . T IR TR (LR
BT ML R C3k2 SOl C3k2 — DWA #idk,
DATERE B FNS0R 2 8] 3 B e 71
2.2.2 SPD — Down it

BRI ML L5 Rk 34t A
R R BRE T RFERAEH S BRIEE B &K,
HAETREE M 25 rh BT SRR S/ B 4w A i
M, AR DX — ] B, $R R R FE BB SPD -
Down,

SPD — Down 53 5% F XU A7 43 =2 4244 S 2142
Bt R oRAE, S5 1 451 A SUNKARA %57 2 1
R EINAY: e S IR U (| 2RI W 2 TN

Bl JE 4% 1 x 1 AR R RGE A 5 2 2 SR
I x1 BREGLKN2 13 x3 BRIATIEL T R
FERRAE . T 43 S 0 AR AR 2058 3 PFEE R A R
FERRAEE, U 5 (1 s scale [HIKE N 2) in, &5[H]
FIREE 2 ARt B 3 DA AR AE B iy A REAIE
EIHZAR TR T scale 53#1 0 A AR - Xk, B F5 4 25
i) 24 P AR T 1) 2 1 44 79 T 5 0T
A, XM RS (S, S, C) By % AFFIE
575 ok (S/scale, S/scale, C x scale®) % B
2, A R4 23 6] 73 PR A [R] i 4 D 4 2 B) 4 5
SRR BRI IE . WA YOLO 11 M4 i
FEG T RGN SPD — Down 3, K i !
FEE G T RFEEOR 2/ H AR FRRE 2 2% 1)
R, A 3k A ) 380 TR B 0 B B AL ek A 1 R
B e R R B /N B br s A B R AL T
AR,
2.2.3 NWD ik pi%L

YOLO 11 ity fir 4 < R ZHENG 4517 42



368 B A1 R = 4

2026 4F

Cxscale?

@
S S/scale
Sl Siscale
S/scale
Space—to-Depth |—>| Conv | BN | SiLU
SPD—Down |= k=1,s=1 @
Conv | BN | SiLU |—>| Conv | BN | SiLU

k=1, =1 k=3, 522
K5 SPD — Down 54544 4]
Fig.5 Structural diagram of SPD — Down block

WY CloU #5128 PR AL, X PREGE 25 A H il A
HE A0 BB X3 P S S R e R e, AR R IR
H Ar R A B (0 2 LT Al . Y S50 HE 55 0 S AE G
LEEDAFIESE & K R, CloU $4k ok A4 1k
A RO BE LA Ak R 2%, 75 /N B AR R I R Ry 58
H—— T A (1 5 % 5 R S 1T RE S BT 3SR IR
A, BN B RS TE 5 Bl 0 A 58 B 55, 51 & A
ML,

HRBEIC R, 51 AL T R4 i B U
TEBE ) NWD 25 s B R CloU 8, 7
YOLO 11 P &% rf 453 2% pR 2L L 32 %5 /iy 2 o7 01 2k
(L) SR (L) MBEERK(L,,) A,

H YOLO 11 542 sRECh ity s i 2R T (L, )
ek NWD 45158 BREL, 1285 48 5 W 1 % /0N B A A
45 BA B E R, SE55ET U /A
L, NWD 45 2R 38 2 30 OHE A Ay e 17 o0 Al 9 5 1A

LR TR Bl o A 25 5, SE B T X /N B AR
AL RRE T2

2.3 KEHRESSHIELE

I 7E B 4 Ubuntu 20. 04. 1 #:/E R 45 10 IRk
%4 b 5g i, S B AL S Intel ® Core™ 19 —
10900K ) kb PR %% K2 NVIDIA GeForce RTX 3080 &
GAbEER . RS 725l CUDA 11.6 K30, #{43F
3% LT Python 3.9 A1 Pytorch 1. 13. 1 HEZ2 | #AYI|
GBHHHIR KON 16, Y145 R N 200, W44
22BN 0.01,
2.4 TEMIBER

S VEAR BT 4 Bk i A A P RE SR
K05 (P) A W (R) VF1 AV 540K 2 ¥ {E
(mAP) JF A58 5 (FLOPs) AU S0 e PE A
BRI HERR P N A% B . FEVPAS mAP B mAP, fif
FHAZ LG (ToU) BB M 0. 5 BEFTIHE, X BT A 28 5
(1) AP HICF, mAPg o0 T ToU BIfEM 0. 5
0.95 L0 0.05 AL KATERNBCFAIE, 7 ais
PR A A % B A SRR R A A rh ]
GBHN REE R TRRL K NN AR KR

3 HBERSSH

3.1 YOLO - SVP ## Byt AE

YAE YOLO — SVP B8 A7 vk, FIH 1.2
WYY VegpestSet B S 2. 3 4545 1 )56 1%
BT R R AR e X b 25 R an gk 3
o HHZE 3 AH, YOLO — SVP #5775 K o %
(87.7% ) AR (83.7% ) .F1 {H(85.7% ) .mAP,
(89.3% ) Al mAPy, o5 (54. 9% ) Zedighr LI T e
i YOLO 11, 5 YOLO 11 ik, YOLO — SVP #t
TIRPRS IR AN B3R B 52T 4.0 4.8 N 70 A,
F1HE 4.5 AN E S35, mAP Fl mAP o /3 B4 T+
3.8 4.3 NE A, Bon e R T

%3 YOLO 11 #1 YOLO - SVP XftbiX IR 45 SR

Tab.3 Comparison of experimental results between YOLO 11 and YOLO - SVP %
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Tab.5 Comparative experiment results with small object
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Fig. 6 Performance comparison of YOLO 11 model

and its improved models
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