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Research Progress of Technologies and Equipment for Intelligent
and Accurate Target Weeding

Xu Dijuan' Huang Weiliang® Zhang Shuaiyang® Xu Heteng' Guo Hui' Cao Min’gang' Zhang Wenjing'
(1. School of Smart Agricultural Engineering, Beijing Vocational College of Agriculture, Beijing 102442, China
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3. China Assoctation of Agricultural Machinery Industry, Beijing 100083, China)

Abstract ; Traditional large-scale chemical weeding causes pesticide waste and intensifying environmental
pollution, while non-precision mechanical weeding is plagued by defects, including high seedling injury
rate and low operation efficiency. Intelligent precision targeted weeding technologies, represented by
image recognition-based laser weeding, have thus become a critical pathway for realizing green and
sustainable agricultural development. It expounded the * perception — control — actuation” working
mechanism and core modules of relevant technologies, and an in-depth analysis of key technical links
covering weed identification, weed positioning, targeted control and end-effector actuation was
conducted, with reference to the latest domestic and overseas research progress and typical equipment
cases. Research findings indicated that high-precision visual perception and intelligent decision-making
algorithms supported accurate weed identification and positioning; end effectors of laser, mechanical or
spraying types can complete high-efficiency targeted operations. This technical framework can
significantly reduce herbicide reliance, lower accidental crop damage, and enhance the economic and
ecological benefits of farmland. Nevertheless, the technology was still confronted with challenges such as
lagged R&D of dedicated components, deficient anti-interference capacity and insufficient depth of
information fusion, high equipment costs, and singular technical routes, which constrained its large-scale
application. Furthermore, it clarified priority breakthrough directions for future research, including
dedicated component design, system robustness improvement, in-depth multi-technology integration, and
expansion of emerging application scenarios, to drive the industrialization of intelligent precision targeted
weeding.

Key words: intelligent precision; weed identification; weed positioning; target control
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Tab.1 Technical parameters of typical foreign intelligent precision targeted weeding equipment
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Tab.2 Characteristics of typical domestic intelligent precision targeted weeding equipment and technologies
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Tab.3 Comparison of principles, advantages and

disadvantages of common target detection models

Breess iR = (73
BB, 25 MR ARG
CenterNet §
i, TR Iyl L S EHESIRE
/N E bR 2

YOLO v4 FR, 3E 4 45 e

#
— BBt 559
GPU B W P, RS itk
YOLO v5 NEARKCI AR TE, 55, 3h A BN S
B N5
R S A MR A A
YOLO v8 b, E&HARX S R R &SR
fie Sk iD=
—BME Fastor R — CNN K, B85 HE IRk
AR K, SR

2.1.3.2 S SRSy
WS E R — PR RS, R ES
Blebr v b T A B 4 5l X 9 25 ). Kumar
LD LT U — Net sER24 2T (015 5 500745 H
T H ARG (B 6) , #ERFEIk 96.79% . Fu
ST PR A B AT A EIRR DSC — DeepLabv3 + %
B UM DeepLabv3 + F 5% , F oKL (& 7) #ERE
W 42. 89 {/s, mloU ik 85.57% , 1EAR-1IE 43 EI A
ElibES s =S
.’»,';\' TN

X6 U-Net— InceptionReseNetV2 ko
Fig.6 Segmentation result of U — Net — InceptionReseNetV2

model
S 43 Sk e Sy 2 B, BB B S 461 43
BRI T 5 Ak S R DA B T 4 E B Niu 2% 3
T YOLO v8 — seg 43 Bl AR U 7E 55 E5 H 2% # K6 AT 45
HF mAP@O. 5 ik 90. 15% , #EFEFE FE N 63.7 £/s, A
SOV T RS BE 5805 PR B BB S 18] 4 0 A R S 91
“RRME G, e RS AR . xR4T 4 5



N0
7

220 11

R A B BRSO R R EOR S AT 177

&7 DSC— DeeplLabv3 + /345 5%
Fig.7 Segmentation result of DSC — DeepLabv3 + model
T Mask R — CNN 26l 7p BB £ 52 25K BTt mAP
1K 95. 2% , R Rk OK A 5 2% Rl L R R

SR
A A SC S o3 B R HE R B 37 55 T
OPERETEPR WL 4, BRILZAh, PHSEARAUAT 5 £ XF
P VA i IR A bk 2 2 S 2 T 00 P T R 1, LA
D BCRGHEXTHLER RS BRAEL 20K
x4 BEREGSERBRESABRSIIL
Tab.4 Comparison of principles, advantages and

disadvantages of common image segmentation models

B HIZER AR s s
ISy
kg, " SRR
U= Net o 59, #i Bk It
Sy A
S RN

PR A B R, SR,
YRR e
ST EVRE R e, )
Mask R — CNN #5461l 53 %15 i1
I i

DeepLab

W, E

SIS H RS B KM o X R
BlendMask kg N B BAEH AR —

FIbRCR A Bk

2.1.4  FEEIHLG

T T 7 HL ] 3 2 A UL N S e R M T R
P (2 X 2 B A5 3l 245 SR A5 T RS P 1R G B X I
S EHBRRIN | G S H AR £ 28 5 % B Ul 1%
SRR A VE RS AL DL R B AR e i IR 2 A
FEUR L8 IR | A BT R M (A AT
Bt fElp A Ul e T E R 8L 5

K O LEE YOLO vSs #5760 s 7 | A SE T8 7
A S A 5 2% B4 A A SUR G R R AT S
1 BERUDRS %834 96. 1% ,mAP@O. 5 15 98. 4% , &
A[AE I SN CBAM BB £ 37 H 2SI RS
MR AR T ARSI A CBAM B[R] 5 = 8.2 A
I3 R BC— RGB LSRR 13,1 ANE 40 i, B
LREPHE T (Dual — VGG16) #2512 N E 435,
Hasasneh 25/ 52T Vision Transformer ( ViT) [ 1 &
JIxE 9 A BN MERR 2K 96. 9% , B T TES A%
Yt R o KRR X 431

x5 BERFEAMNEIER 20 REREREREXTLE
Tab.5 Comparison of types, core principles and

performance characteristics of common attention

mechanisms
B2 53] TRETR i fife
25K T PR, AT -
SENet, ECA — XE LA 25 (8] 457
RS T B
Net . BHEE
B
T SRR REEM BEr XA RS R
TN o e
il =[5 A A2
BATEL S CBAM. BAM HMEWARAFGivE RGN R A S
s ‘ GaslEs R
R Vision mANEKREL EERES,
- Transformer TR R R SRR

FIATER LS = AR R BN TR 5 A ]
AN G LIRS, SRR 1 1R
REEINE MBS R RE, iz Rz
AA BT i — R
2.1.5 ZRREPUNZAEAR

PR PUINZACBOR B 15 S IR TE BT HLHI S5 R
A HE A A HU 5 T[] A i T R A R ) 5
NIERRE ST, 1% 3 B S I A 2 ORI A
2 REARHAZRIT,

TE DAL E A A R A% i A 22 02 > B Xk
FEAE, AT B 1E S 005 B R A, AR B A
DropBlock 1E Ik BEAL e 8% 22 R AE X (181 8) , T
G- HERR R 2ZIEAR/NE 0.26 DT 2r A, BFM
il 7S

T4

C ol

/I8 DropBlock iE NI H AL

Fig.8 Result of DropBlock regularization technology

TR A% Al AR D) 308 e 0 SR A AN AR, 1 3 1 512
PR Y P E B, B AR S fE DCECA -
Resnet50 — a BRI 5o R AT RS 2 > TR , A Y
XL R] 4 28 2 R e 4 22 96.31% ., 1F
5 Bl 7 1D, Magistri 2607 B 20 BEH 0E SCAr
F Z G0 1 J0 W B B 1y ik, B5 b & D mloU i
72.71% , ¥ V- & & B A 56 B 5t mloU i ) ik
74.44% , 5 AE W) I b [E) 28 5 ¥ B A mloU ik
70. 43% , A2 ARz AL AR PR HE S S HE

A LA FE N 1 F Ay A& — il
Yk Yl e e R R 5, dE— R AR




178 P

b Bl R

2026 4F

BRESR FE AR A
2.1.6 WumAEST THREAE A

F 1.2 O Py A A U A R ORI
95% " AHiZIR bR Z 5L T HA S B 58 0 3h
A H M ABAF AP E e s 78, LI AR B
FE XRS5 R, IR IS A 5
W FRN B R G 7E 2 K A IE TR HEbE 55
FEPE

FFXT B 5 T4 1) 8, Saleh 2517 32 Y FieldNet
2 HESR TR ISTD Bdi4E [ 25/ AHBIME (SSIM) ik
0. 991, AT A3 43 bk HI 0] 52 46 BT B 52 T4, &2
FBRRORILE 9, BF X ) BREE ] /N K i 2
B B A G H R 45 6 et it CNN Bk 7 2 A2
ABHEE F mAP 35 91. 7% , 72 RIIR SRR WL 10,
BRI SR 2 24 5 twhémhﬁﬁTﬂ
FPEEPE T A A BRI 7 58 (8] 11) (i 2 B UG
JEik 98.21% FEIRRIEE 1.79% , E.miisﬁ—;%;
ORI 5. 71% . EEY S 45 B ERLE
(X8, B Ge IR B ik 2 R, EHRE il ad sk
X IR R RAE 22 5, BEIE T X 4> Bk 5454~
e (1B 12)

{ O
9  FieldNet &5 HUF.1%%%
Fig.9 Result of images before and after shadow

removal by FieldNet

K10 2B EIRES R4S

Fig. 10 Night recognition result of multimodal

image fusion

T&lﬂﬁﬂfihjfﬂtm%ﬂﬁﬂil_km U RERAEET X
PETT S, EREAT RO B W S 177 5 2% B RN
. @ﬂiﬁ LT BRI AN S ER G R E
s, PTG — e, BB
P RSN R IR AL T AN R RAE 5 A X4t
WNGRe ] TIARRHE
2.2 EEEMKRA

ZRHE NGO HAR RS AT FoCR A

T A T 45

Post-rain detection result of weight

11
Fig. 11

assignment algorithm

OF IETTES S (b) Sl 25
K12 fEY S EEG FRR R RIGR

Fig. 12 Pixel-level segmentation result of crop and

weed overlapping scenarios

KT 5 2K H A RERR L B AR
2.2.1  HERAKI A E {37

H A 0 U 7 137 4% 00 322 B R ARFE B A A5 7Y
i L 0 2 R A FORE A LSS U MR 2R A A B
() 400 BEEL AL o 1A A T B B

e ZE BRI PR 5, 4 N2 L) Faster R —
CNN HBE70 Sy FLAlh B Ao 453 A0 Ay th O AR ) 5 2 B
FHEH LA AR (P RCR ILIEN 13) %%(ﬂﬂﬁwjﬁi
YIRS I e B R Gk 98.09% | 4k B M AE AR R
93.41% .,

P13 Faster R — CNN Ze SRS Il sE (7 4521
Fig. 13 Result of Faster R — CNN-based accurate

positioning of weeds

TEROCER R, 2526 L YOLO vSs 5
Uy A ZEAA | 3 2 5 A D B AR A R AR
BOE14)  FRL BB A AR R A
1%0 SEBRIMGRZE F | AR R a3 A 2H AR RS



#
(S
&
®

RIMAR 45 B RERS R BR R ROR 5 5 s BES k J 179

Kl 14 ZRRAHEUE NS

Fig. 14 Result of weed meristem localization
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Fig.23 Schematic of intelligent precision targeted

variable rate spraying control
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Tab.6 Structures and performances of inter-row active mechanical weeding components
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characteristics of laser weeding execution components
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