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Abstract; In response to the poor adaptability of a single sensor in facing complex field environments, a
maize crop row detection method was proposed based on the fusion of solid-state LiDAR and RGB
camera. Firstly, a joint calibration method for solid-state LIDAR and RGB camera was studied to
simultaneously acquire maize crop row images and point cloud data for data preprocessing. Next, the
preprocessed image data and point cloud data were fused to achieve point cloud “coloring”, and a
clustering algorithm based on point cloud “coloring” for detecting regions of interest was proposed. The

&

clustering was done by using the “colored” point cloud, and the availability of both point cloud and color
information was separately validated based on crop planting agronomic standards ( row spacing) to cluster
the regions of interest effectively. Finally, by dividing the point cloud into horizontal strips, the feature
points of the target point cloud were clustered to identify crop row feature points, and a crop row detection
line was fitted by using the least squares method. By adjusting only the row spacing parameter, the
algorithm can achieve crop row detection throughout the crop lifecycle. The algorithm’s performance was

verified by using data from maize seedling, early, mid, and late stages under normal conditions, with
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average centerline error not more than 1. 781°, accuracy not less than 92. 69% , and average processing

time not more than 102. 7 ms. Furthermore, to test the algorithm’s robustness, crop row detections under

four challenging conditions, including high weed background, missing rows, weed height similar to maize

height, and completely closed rows, were conducted in complex agricultural field backgrounds. The

algorithm showed an average error of not more than 1.935°, accuracy not less than 91.94% , and an

average processing time not more than 108. 3 ms. Discussions highlighted the superiority of using point

cloud “coloring” for extracting crop row centerline, providing a reliable approach for detecting crop row

centerlines.

Key words: maize crop row recognition; LiDAR; RGB camera; joint calibration; point cloud coloring
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3.2 RFEEFRKEEEFER

TR AT A R B T, 3R e VR S AT AR I )
SETE L EAE AT R X BRIy 12 A i B KF5R
i FEAE A AR N E SRR X

HARBRRE R O R W 14a R, S, RoR
i KRS A B AR PR R R
C 37N B AR XS A kU4, 3 1 B 4> K F 261
55 kA RIEX I, i Z B BE T35 00

T, =" (15)

v L) R
S5 i MK a R
MR = B R T BE T8, % X 35
BEFR A B X8, R ] K-means 5875 25 B (5 X 5§
TR RRE S IR I AR C b YEW AT RRAE AR
ReERMAE 14b iR,

D AT A
BRI

IREEREENEEE

(a) B {5 DCIURFE S RO (b) YEYATHAE AL R
P14 o AR AE A5 2R 2 XU

Fig. 14  Determination of clustering area of feature points

3.3 {EMITHOLEUE

MR VE Y17 R AE 45, {8 1] Ceres Solver J72 2 3R fift
LR B, WK R R B A ORS R R
Ceres Solver B iEIE RN

o1
mXIHTZPi( I fi(w,2,) | 2)

<
s. t. l]- ST u.

7

b w o, — AR

Si— A R
p— %R
L., e EE T BRI =

—oo,uj= + oo

kF b, 4% H AR pR L
min% 2 |y, = Ckx, +b) ||2

Py —FF Ry AR
FRAE A« A bR

W CoHRRE S Ly AR BRI AE A B B oR A i
ALK kR b, VEWIAT v O Gk I A5CR dn
B 15 s o B @ o N AR AR 9 AT oo
LSRRI M IED AT R0 2R, 0,.0,.0, .
0, .05 N TAREAEWAT b0 265 SR K U s 1) AR
YT R LRI A

x;

B 1S 5 A TAREMEWAT AT I

Fig. 15 Comparison with manually calibrated crop rows

3.4 1EWAT RO SR T A B R AT

h T VAR BE R BUE W AT PO Y HE R, R
FIA5 AR 0 He i 7 36 o W 15 BioR il i
THR LRI A VE AT o0 2 5 N Tobs E AEIAT
O Z I f 0 PP SRR A . e Lk
6 /NT 5Oy A I AR AT a0 2
4 RWERE5HW

3 TF IR TOL FAEAT IR S R &= T
VEAT g | E W) 306 A 0k Fn g i v . B d
Lb BT 4 353 Intel Core i7 —4800MQ b ¥ #5854
2.70 GHz,64 f#4E RS, Hk LB AT ROS PLER
ANEVERS ,FAH C+ + 5 Python IEFIRA I
4.1 EEITRTE®DITIES

B R AR b AL TR 2R S0 H (117°45712"7E,
31°94'66"N) , $ 4 0 75 £ oK K B AT (1 g i) 0
BT (R0 ) B R | T I RO R AR
510 R, B AR AL S R T 1000 i (K145 F1
K B

FERAR TR T, Ry Ok A A4 1 B0 ml A AR X
TS (R I 3 i AN (] 0V 0 A Bl | o O R A R
ar A DL S B, Horh I R OK R Y 0,42 m,



270 &k L

L

2024 4

1 B 5K T f B8 61°, 1% R4S I B b T
r DA 18 my AT EOK S 0. 93 m, 2 AR
5KV I ffy 1528 38°, A IRk g IS T e B R
BN 23 my R EORIEY S LS m (R S
IR THT I A U O 440 A TR AR T M T e R
2.9 my JE I EOKR R 2.1 m, 28R AS 5K P T
%ﬁli&ﬁj@@",% %ﬁﬂﬁ%i&ﬁmfuﬁjw 5m,

() ST (1) PR A

(p) JEIfEAT

(q) Ja RS
& 16

(m) ] s )

(v) JEHPBTE ]
AN [5] 15 390 1 P 4

16 J&7m 1 FF fil 4 550 12k 52 B 6 K & A I 0
YEWAT 0 3 A S B R . & 16e *ﬂl}ﬂ 16j /R %
KR EATHY B CH W BT R AT U ROR 5B

FE A2 T 1) Az 0 KA P A7 ol 2 l’§] 160 Fl &l 16t

JE R R EAT B B Crh 1 R 1) AR AT RO RCR
B E LGS /T'JFHI* 53%?@&%@% HTHE

KT TOL TR AT IR

(b) B R & (c) E T 3 ) (d) FPRAAE 55 40 (e) FHWEIATINGIRCR
(g) HrHEE L (h) Hi I 2> (i) HrHRRIE AL () BRI AT IR

(n) FHIRAE S L& (o) IR IR AR

(s) JEHIRHIE SIS OF=
px oAl

TR

Fig. 16  Crop row detection at different stages

A I 5 >R 46 1) B 40 6, Hh BE AL IE 4% 100 i £k
PPN GETT RN E 2 o, BRI ey
oS NTAREEDAT P OLFHIREART
L781° K IR Z A /N T 92.69% |, F- P FE I AN
1 102. 7 ms,

®2 EMTHRNBREIT

Tab.2 Statistics of crop row detection effects

it 3 FHRE/(0) PR/ % - FERT /ms
T 0. 848 £0. 31 95.10 +0. 32 96.10 +8.23
T 391 1.126 £0. 35 94.80 £0.32  100.30 +10. 22
i 1.386 +0. 44 93.52 +0.43 97.30 +13. 65
5 1.781 £0.53 92.69 £0.52  102.70 +15.26
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Fig. 17 Comparison between proposed algorithm and image algorithm in complex environments
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Tab.3 Crop row detection results under different

working conditions

Tl PEERE/(°) R 2/ % PP AERT /ms
TH 1 1.935 £0. 54 91.94 £0.52 108.3 +16. 69
TH 2 1.173 £0.42 94.75 +0.43 92.5 +14.82
T3 0.824 0. 32 95.12 £0.32 106.6 £13.79
T 4 0.835 £0.24 95.11 £0.24 104.5 £11.32
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Fig. 18  Comparison between proposed algorithm and image algorithm under background of mltiple weeds
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