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Corn field weed detection method
based on improved YOLOV5s
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2. Yantai Agricultural Technology Extension Center, Yantai 264001, China)

Abstract To address the challenges of insufficient real-time performance, complex model structures, low
detection accuracy, and difficulties in mobile deployment for seedling and weed detection in maize fields, this
study proposes an improved YOLOv5s-based weed detection method. A lightweight GhostNetV3 module was
embedded to reduce computational cost and parameter size to accelerate inference speed and meet mobile
deployment requirements. A coordinate attention (CA) mechanism was introduced into the backbone feature
extraction network to enhance the representation of effective features by strengthening spatial information while
suppressing irrelevant interference, thus improving detection accuracy. Furthermore, the efficient intersection
over union (EloU) loss was adopted to replace the traditional generalized intersection over union (GloU) loss,
improving bounding box regression precision, convergence efficiency, and localization accuracy. Data

augmentation techniques were also applied to increase the diversity of training samples, effectively alleviating
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the problems of insufficient data and complex background interference, and enhancing model robustness.

Experimental results demonstrate that the proposed method significantly improves the performance in maize field

weed detection. Compared with the baseline YOLOv5s model, the precision, recall, and mean average precision
of the proposed method increased by 3. 7%, 7. 7%, and 3. 4%, and reached 95.9%, 85.8%, and 88.6%,

respectively. lIts floating-point operations, parameter size, and model size were reduced by 54. 3%, 53. 9%,

and 50%. These results indicate that the proposed method achieves both lightweight and high efficiency while

maintaining detection accuracy.

Keywords weed detection; lightweight; attention mechanism; loss function; image recognition
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Fig. 1 Different data augmentation methods for cornfield weed images
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Conv is the convolution operation; BN is batch normalization; Sil.u is the activation function; concat is the dimension concatenation operation;

MaxPool is the max pooling operation; slice is the slicing operation; SPP is the spatial pyramid pooling module.
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Fig. 3 Feature generation principle of Ghost module
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C is the channel dimension; H is the spatial height; W is the spatial
width. Residual is the residual connection; X Avg Pool is average pooling
along the X-direction; Y Avg Pool is average pooling along the
Y-direction; Conv2d is two-dimensional convolution; BatchNorm is batch
normalization; Non-linear is the non-linear activation function; Re-weight
is reweighting.
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Xt YOLOVS (1 31 FHE 5 H 5 e i A7 ik . EToU i
9 BREUAE GloU Ry JE Rk I, 32F — 254 3 S AE 1] 15 44
RYFff M E SR oD SR B R 5 9 Rk 3
Wy HMAFE AR N

(ba, by
EkﬂJzﬂoUAfﬁl—%—ng
¢
pz( ‘ZLV_\;‘LUH> B {02(/1_\9,/111,) (8)
uv(‘ hz
(b, by
Lossgy=1—ToU + '0(742?) +
c
102<w1-\;w13) + {OZ(hAZJLB) (9)
we hé

2 0% (b, b)) R BIMAE HprCs 45 6, 5 FSCHE ot o5
by 19 R G B B 19 7 T 5 ¢ oA A 0 A R EC S AE (1)
e /NAME R TE 6 K 5 0" (o, w ) A I AE
B w5 ELSTHE T8 B wy, 220 09°F 7 swe 94 Tl
A T L S AE 7 i /N A0 B2 Y A B8 TR T 1) Y
THEES 5 e Ry A5 10000 AE A0 B S AE 1) J5e /N MR TE
e 55 B 1) b KR

T [R] B 2 R S R Pl T R
JE LSS R AAE R T N ACRE
EloU #5i 2% bR B0H 2 %) 1 B RO {5 B AL 29 3,
il B AU A TG RUBEE 252 S KW HAR iR R 22 5
R KT, BE TR o b 1m0 S H BR A E S R,
K56 Ho B L TR, ] ek 4K ZEFF 2 R St 2
FOX R K TE 2 7 0 B bR A R 2% L iF— 2D 4R
Th & 00K B o #F EToU 1 2K bR £k 4 i 2= YOLOVS
Jo  BERLAE K I3 A i 2 25 5 L HAR RO
B4 AR I RS R v R T, N R S T A 2
FORGHEPUNR B T AT SR R T R
2.2 EfEIEER

FETTH ML E 1Y H s A 5T, B 7Y ) 1 R
TEAR 6 b A 2R 5 B0 550K i R [l R OSF SRS B
BRI 7% B A A% O R B o

1 56 2 (Precision, P) FH 1 7 545 Y 3000 2% 3R 1)
AT B, H S SO B Sy I 2 P B AR B S OE 2 T
07 B BE S R WA AL HERR T 2 TR RE . A
[l 32 (Recall, R) W H F P74 A5 20 14 2 4= i g, B 7
BT B2 JEREAS P W IE B RS B e B . B AR T
RN

TP

P=———-X100Y 10
TP+ FP 7 (10)
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LT
TP+ FN
A TP (True positive) S AR 8 7k 1F 19 1 A
7 ; FN (False negaive) i # #5 A 150k 1E A 7 #F
A s FP(False positive) Jy A B F50 oy £ (1 IEFEAS .
V- 218G B (Average precision, AP) & XA K i
- Il AR T T AR B RS HSAR L 1%46 b i ot 3
A R O3 8 AR R I A S HIOR A R AT O B
KAt HEAEE™# R ELEL0, 11X 8], AP(E &
T T 1 IRF AR AR R XS A4 S 2 Sl B4 0 G e ) ks . B
WA
AP(:J:P(R)dR X 100% (12)

BN AN T

H58 Y 5 2% B2 3 AR R R A A B R T o
18 25 [i) RUASE , HG o UL %) 32 VP A 8 bR A 4 L B 2
Bl 77 s A RN Hop B S
Bk 2 n B Al I 25 2 B0 R, RO R 45 4
(52 R FR I, — RO 7, 2 i R, A 114 3 A fiE
Ty ni , A 2 R A L B 5 R s B e

X 100% (11)

TR AR B rp SR BT IR B R A, e
i T OAL O AR AE 3 E E )  EAR A  BR RN R OR
H5E AU 1 3% A A v o B 2 TA) RLE B4 O 3R B A
ATE i A 8h Gt B 6 F Ry a8 a4 .
2.3 BHBROW

FAERE ARG YOLOVSs B4 i o BE A 34, A
ARG — g S5 0 T #EA7 7XF eI .
TR 6 2 A A ) B R S 5% I 25 2 BORD 56 TE B0 HE 42
R, o O 0 25 R EL A AT L v DT A &80 E B
P e Ty R P RE AR T RCR .
2.3.1 FRZFHATG HTIL

YOLOvS5s 75 & 2 4< 1 37 5t b OB AT 800 (1 1
D RE L AH AR RRAE RAE A B 5 BRIUARAE
B REOHE R S EOELE K, BRI T AR
IR Z B % £ Jetson Nano & H) & 8GH & o N i D
2 IR) 8, AR W5 43 i A YOLOvVSs HE 42 5] A
MobileNetV 3, shuffleNetV2 F1 GhostNetV3 iXx 3 ff
a AR M X A A IR RO A R AR OR
W T B R R 4 SR I PR AR Y 5 e, ik g 45 R
WK1,

F1 AEAREAFENILIKE

Table 1 Comparison experiment of different lightweight method
" FHREM/% T RETR/10 BRI/
o Wy Ty LG T RIS SR L0T BRI gy
.. Average Floating point ~ Number of )
Model Precision Recall .. . Model size
precision operations parameters
YOLOvV5s 92.2 78.1 85.2 15.8 7.0 14.4
YOLOv5s-MobileNetV3 85.5 74.2 79.4 10.5 5.2 10.3
YOLOv5s-ShuffleNetV2 87.6 74.5 80.5 8.4 4.1 8.6
YOLOv5s-GhostNetv3 88.9 76.7 82.6 7.2 3.2 7.0

I 45 AR W] R R 4% B AR R m 7R AR 5
S B R R R R T 3 AR R .
YOLOvV5s-M 43 51 9 /> 33.4% .25.7% H128.5%,
YOLOvV5s-S 43 % ik 2> 46.8% . 41.2% F1 40.3%,
YOLOv5s-G 43 ) W8 /b 54.4% . 54.3% F151.4% .
YOLOV5s-G 7E 5% 5t 4k J7 11 28 90 5 4, 0 45+ 55 L
530 38 R 45 5| K 1) I 4% 2 9048 I 4 R B )
FREAE A AE 1 554k, 5 SO ARSI 48 b1 2 R 40
PE 9, RS i % L ]S R B BE# A BT T B
X R0 B AT v B G U TRk A2 BT A ek 5 22 RUBE KRR AR
fill A e iR Ak 7E R AT S 5T AR R B
FE U sh AR HAnlmkz 2 Lt SMAF ,YOLOvVS5s-G

TE A6 0 K 2R A Ak PR R 2 R) S BT AR RO
AR L AP (B AH B B ME R R RS AT B (ELA)) B AR
T A 2 Fp 2 i A S50, BAE S BB R i e
JE 5 R WP e R, A B O R ATk R
YOLOvV5s-G 1E Ry 2 it A LRl 42 4, OF 46 0 JE iy -
R | N CIRS TR - R R e =W LN RS E SN X 5
EFil A A H , DUTE DR 15 52 i AL A0 3 1 [ B, i — 20
P& TH B R AE B 4% K OK B 3 S R R RS RN
P
2.3.2 REEEHHH AL

Ry 55 UE 4 AV ) LT e R AE B sk
AT 55 v (9 A 80TE 7 58 1 T I 2% 25 1 A Ak 1
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fith EASEE L YOLOVSs-G Ay 3t 7R 28 44 1) i 12E A4 4G )
AL, A LA A A i AT 3 A R TR R AL
HI AL SE.CBAM F1 CA, 7 Bl 28 F >k W 24 55 H #p

RS AT 55, 36F A [RI AL ) £ 52 B 1 A ) 28 i 2 Bk
17 RGN KK o 20 S HLH B L5 45
W# 2.

R2 FREFEEANST LK%

Table 2 Comparison experiment of different attention mechanisms

, SERIRE AL /Y RGBS /107 B HGR/10°
ey Wi/ % B B2 T s 5 i BUR /B
. Average Floating point Number of .
Model Precision Recall L . Model size
precision operations parameters
YOLOv5s-G 88.9 76.7 82.6 7.2 3.2 7.0
YOLOv5s-G+SE 92.3 81.6 85.6 7.25 3.32 7.4
YOLOv5s-G+CBAM 93.1 80.8 86. 3 7.27 3. 39 8.1
YOLOv5s-G+CA 94.6 82.9 86.9 7.22 3.23 7.2
W LR, 5l AEE LS K L F B 2.3.3 RREH K AT

T4 TR AR AL K I B R R AL X R B Y 5
FEEEAFAE 225 o Hop 3T CA W= 1 WL 2 1
YOLOv5s-G 5% 71 3¢ 3 fie oy 58 1 . 76 B 2 5008
T MR RN LR E LT %
B R RS A R 4R R T 5. 7%, AR ST
6.2% PR B4R T 4.3% , W& T HAh i
= HHLH . 5 SE M CBAM AH I, CA HL i 3 5
UNELY e R TR R R IR N =R - RE WA i ki
A, [ BB S 7E S 44 H [R) IR 85 v A AR Ml A R
Z% R 5 R OK R R B 4l T2 S, U AR /N H bR A
ML P RME MR E M S, 25 F,CAE
BB A O R AR SR Y Y[R ), 3 R T
TSRS B RIS B S B M R R R YOLOVSs-
G B R A 9 R 37 BRSSO B Y B AR
.

TE B ARKL AT 55 Hh , 90145 04453 2% pR B0 7 el it
HE [] U483 2 | A 000 958 2% N 2R 48 2 35 4
I Ry N I AN R [ RS AU R S NS
33 SR RT3 458 2 2 A A 0 Bk A O T
LV BB L5 ) Y00 A 5 B S HE AR LA AL B A 4
BRCR . PPN AS R R pR B R AR RCR AR ST
g — g A& T, 2 5k H GIoU, DIoU, CloU,
EloU F1 SioU 5 Fr 4t 2wk £ #E 47 XF beial 56, 285 SR W
223, BT HEMER) GloU #4145 pR %k, 4 280k 7 1 451 2k
PR B A 1 mLE 2R . Horb, R H EToU bR
BRr B R 3R R A Ry 2 L G AR R DK B R AR T 2
95.9%, Il % 1 K 3] 85.8% , - 4 4 FF {H ik 3
88. 6 %0, [F s 145 2 RS A4 A6 B2 T i i A e HUAth Uy v
AR T AR AR v 23 55 1k B RS e RS R T
T B ARG AR R Y U SRR S RS E

R3 FEIRK RPN G

Table 3 Comparison experiment of different loss functions %

o i % TR
Model Precision Recall Average precision
GIoU 94.6 82.9 86.9

DIoU 94.9 83.5 87.5

CloU 95.3 84.6 87.9

EloU 95.9 85.8 88.6

SToU 95.6 85.1 88.1

2.3.4 RE) AL B A0 0l akiX
A B AIE BT R P E R A YOLOvSs fESE H )

A% K U EIVE R, AR WF 5 3 35 7 R T I flR,
5, i B AR B EA R YOLOvVSs g A



2 3]

T4 Tk YOLOvSs (19 T K F ) 2% 25 46 0 77

201

GhostNetV3 B (CA 1 Z 1 HLH 5 EloU #i K R
B, IR IR 5 2 BT AR AL RURE B A 5 P Ak DL
ZHEBEA AR BOR , DL A AS [a) B B o A R 4
Ak FIRS I RS BE Y DTk o T Rl 0 5 R DL 3R 4
GhostNetV 3 B AR 52 8 4 )5 T R B8 3%, A AL T
i YOLOV5s, Z 40 f FLOPs ¥ i T B, 1 £ )
K B AN B2 000k 2 03X 3 W1 85 B e 08 A 4k 1k
AE 1Y [F] B A R I 5 2 AR B AR A S B TR
U532 BR %% shm Fih Zoit B st . CAER L
il 76 JL-F- R B S O R T, B
PETFE T AR B R AR FR A R 7 R H AR IORS BE U H:
TER 4 oM E B R FRURE . EloU it

2 oA S DA SRE [l AR L 3R T TR TR H

T 5 A7 TR 2, A DB 7 /N A R D AT 55 v 4 B
o [RlA, AR b ak B i SRR B, — 25 g T
SRR AE R A, OO B 2 A g 52 B
K5 R R PR T = BA 51 AR ECR
oo R . MR R B e LB R AR £ R AR R 1
(R TR B, 0 O T RTINS B . 5 R IR YOLOVSs
AL, S B0 MK 53. 9%, FLOPs I /b 54. 3% ;5 f
RT3, 7%, B MR F 7. 7%, F ¥k 2 2 T
34500 T Rl 5 A LS I T 25 B He 1 ik ST A AR
M4 7R T AR B A R FH B B ) 38 25 AR L
SRUEWT T B AL O O R A B S B, R
YOLOVSs 785 Z4 4 44 B A5 0 i iy 5 4 4k i FH 4
HPET IR SIS

x4 TRAYHBRREEAGHHEMKEER

Table 4 Results of ablation experiments for different modules and their combinations

V- 35 R BEAE /Y FEE /100 SHE/10°
ey Wi/ R L R 0T B REAT g e
Model Precision Recall . g g'p Model size
precision operations parameters

YOLOvVSs 92.2 78.1 85.2 15. 80 7.00 14.4
YOLOv5s+GhostNetv3 88.9 76.7 82.6 7.20 3.20 7.0
YOLOv5s+CA 93.6 81.2 86.8 15. 90 7.20 14. 8
YOLOv5s+EIoU 93.2 80.7 87.0 15.85 7.10 14.6

=
YOLOvSs+ 94.3 82.9 86.9 7.22 3.23 7.2
GhostNetV3+CA
YOLOv5s+

. 2.2 . .2 .21 .1
GhostNetV3+EIoU 93.1 8 86.3 7.26 5 !
YOLOv5s+CA+EIoU 94.6 84.5 88.1 15.92 7.26 14.9
YOLOv5s+
GhostNetV3-+ 95.9 85.8 88.6 7.22 3.23 7.2
CA+EIoU
2.3.5 RF B AR AL A 3 L TR T —E N R s B RN T7.22G,%

FA TG TEALIE Y OLOVSs R Y2 S PERE ¥
H 5 Z A4 5 YOLO & 5 8 B ik 47 % ik %,
£ 4% YOLOV5S, YOLOvV7, YOLOv8s, YOLOv11s,
YOLOv12s % YOLOv13s, Xt Fbgh B a5, i ah
EE L N @R SR AT S T s N iR
R FEAINNAS B2 7 1, e B ORE R A3 [RR SF-35
K FEAE A 5K T 95. 9% .85. 8% 1 88. 6%, HoKiHf
SR [ 335 50 A XoF AR v 1) e s L, P 2 RS (B
IR TFRIEMNH YOLOV13s, BEL TR YOLOV5s
LSRR A [ 2R AR hRAS . A R AR e et Ak

Bl 3. 23 M, B AAR R £ 7.2 MB, ¥ T
YOLOv7, YOLOv8s, YOLOvlls, YOLOv12s #i
YOLOvV13s, 5544 YOLOvVSs M L, s gk 78 17 45
i B SR R A RN b 43 i BE AR 54.3%
53.9% F50%0 , L8 T AR R 45 . 38 A X Lk
IR S5 R AR E X YOLOvVSs 59 B
LR 2 S B AR 4 7 0 Rk sk R 3 7R A
Rt A T 04 [ B, B 24 T 28 i /KO ) 4 7
H AR ARG I 5 UG 28 D03 nT LA 2 S B it i 45 1Y)
SEBRHARE N TR K o
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Table 5 Comparative experiments of different object detection models
" I ) 7 s B /10 SR /10° e
o Wisi /% RER/% TR/ e At KO K/ /MB
. .. Floating point Number of .
Model Precision Recall Average precision ) Model size
operations parameters
YOLOv5s 92.2 78.1 85.2 15.8 7.0 14.4
YOLOv7 92.6 79.8 86.3 104.7 37.4 72.35
YOLOvVS8s 94.5 82.2 88.1 11.3 5.1 10. 2
aYOLOvl1ls 93.3 80.5 87.7 8.6 3.8 7.6
YOLOv12s 94.7 81.8 88.0 12.1 5.5 11.0
YOLOv13s 95.2 83.5 89.0 10. 8 4.9 9.8
YOLOv5s-G
fOLOVs-G+ 95.9 85.8 88.6 7.22 3.23 7.2
CA-+EIoU

2.3.6 Jetson Orin Nano super 5 | 1 4% 3 4E

B AESCHE Y OLOv5s B RS 7E Al 06 B B2
7 52 bR ) S v ) 3 A A AR B 5 TR B SR R
Y A 2URE R 9% i 3% Jetson Orin Nano super
(8 GB RO M- 5, HAE/F B B R . CPU
6 ¥ ARM Cortex-A78AE, GPU J 1 024 #
NVIDIA Ampere 2249, N 475 8 GB LPDDRS, /7 iff
4 32 GB Emmc. 3 ¥ 58 b #2: 4F & 48 Ubuntu
22.04 LTS, # # JetPack 6.0 (CUDA 12.2,
TensorRT 8.6. 1), % Al ¥ ¥ % A TensorRTFP16

=6

AN . A AR ok B 3 4 R 100 5K ROk
] 2 BE A%, R 4 096 B K X3 07218 %, 5
PR R HERE— B MR bR 5 07k - e H
J3 75 T, BA 5K R4 2 HE R 100 YR, 38 3% SRR I3
OSP34 R ] 0 3 R A B A vk =8 i 9 B 5
JE BB B 5 3 5t e i S IS IR ARG I A S PR
K s PNAE S 5 1, 38 3 nvidia-smi T W 35 4 B 5
P GPU I NG S A, # i free -h ¥ RHE N AF
(RAMD W AE (5 FH L B3 YIRS 25 {8 . S0 2 BE X
AT e

A [E# B 7E Jetson orin nano super B ST 14 B8 X3 Eb

Table 6 Comparison of measured performance of different models on Jetson orin nano super

b e e 2

BB HE 3 RE / (ot /s )

5 Al - X ) itk =8) /(i /s) GPU IE{i N 4F/MB £ 45 RAM &1l /MB
Single-image inference . . .
Model Batch inference speed GPU peak memory  System RAM peak
speed
(batch=28)
YOLOV5s 31.3 38.8 1240 1 560
YOLOv7 24.5 39.2 2 860 2150
YOLOVSs 37.5 46.6 956 1280
aYOLOvlls 38.2 48.1 892 1150
YOLOv12s 36.8 45.5 988 1320
YOLOvV13s 39.1 49.7 1023 1410
YOLOv5s-G
LOvIs-GH 43.6 54.2 682 924

CA+EIoU

S5 B9 YOLOvVSs 15 R 7E e A U A 44 |- i B
o E R B R ke g R T
i ik 43. 6, b B HEF (LR =8) 3 5 F i R g —

T 54, 2, 308 5 T IO B 5 SRR L ) fR AR T
SR AT AR T JR) Y 3% LA I SR s N AE S H B, GPU
VAR N AE 5 ALl 682 MB, & 48 A7 (RAMD 5 1



2 3]

T4 Tk YOLOvSs (19 T K F ) 2% 25 46 0 77 203

924 MB, 43 5 5 IR YOLOVSS £ ik 45.0% .
40. 8% , H ok 1 B Y AE A5 B ol B N AF 4 B S B
o M SF-A , FE PR R v G DUORG A ] B o B R R
DU 5 R T A R B3O ok R BIL 45 1 B A 42 o 2 it
TREAHRENEETE,

3.5

A B 5 [ 2% oK FH (] 2 20 8 e A0 ) 6 LS
BFPE SR AT R P2 it T —FP BT i YOLOVS
s BRI A J7 v o Ik AR I g 25 A 3 B T AL
R A5 2% vR ECSE T THD B R L T R SR B TR R A
RACPE 5 R M, 7R S5 56 2 R L SR BR A v 3 O
TRIFRM., FELRLWNT .

D& BAT 2% 7R A B i K S EOT AR
[ 18] 8, 7£ YOLOv5s £ 1 M 45 5] A GhostNetV 3 £
P G 3R T R S OB R iz B i (] i fR 7
5 YRR $ BURE 7, oy W IR A2 PR A% 1 9 2 A A1
TEAT IS

2) R fifk P B2 i Ak 32 T M 4% 5| R R FRAIE R AL fE
1554 B R R R ARG T 7L, R T AL A v B T AL
SR AL 2 4 R AR AR T o AL E o 8] D g s
() A bR 55 38 18 4 FE 18] (9 SC TRV, {01 1) 2% 78 4 47 11 55
RORMRTSE T, B R T B bR Ak E 5 ARz 4k
PERE . I A5 A3 B i ol Ty B8 AE PR A B
B4 R) B, ol S S5 4G KGR A5 B 4R T U AE R 4
5 A S DR S TP e A

3) K H EloU B AR 1% G5 1 A HE [0 13 J7 %, il i
FIAJUT )35 ol S B R AL ], %7 & B3
PET T B brE A A HERR A R TR I 2Rl
S, Uk e Y 40 2R pR BGE o B 2 R K 5E AT
WA G T 22 RO B b A I i 22 ] 8, it
ER 275 S M/N B bR 5T R R &1
AL T AN 8 TR B A S PR R AT 55 o
R, ST R WA 5 A R ASOCR B B[R B2 L i
e TR Y A e Ak T TGS T R R A2 R
i1 %% 3 % 1% £ Jetson Orin Nano super # & , iili /&2 T
XoF R 0 5 R A T AR K
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