(1 Kl

LASER TECHNOLOGY

I SLAM A = F B K AR 5 B 3R 5
FR, R, EEE, K, WiE T

Automatic recognition of the number of corn plants in farmland using SLAM point cloud

FIHASL:

TR TR, R R A . FIFHSLAM A 2 19 FORARE A shilUil[J]. SOEHAR, 2024, 48(1): 140-144.

WANG Guo, WANG Cheng, WANG Hongtao, et al. Automatic recognition of the number of corn plants in farmland using SLAM point
cloud[]J]. Chinese Journal of Liquid Crystals and Displays, 2024, 48(1): 140-144.

TRV BRI ) HoAh SC

1. BT AL . 2 1 L I 2 1100 0 2%

SUTASC: 0, BRAA R, W, 55 T HLEOE R = 1 i M 421 H 5 TA]. BOEHOR, 2023, 47(1): 80-86.
2. BT OGO T IR B S 8 R 2 3 F

SURASC ERR, BEE, 7, 45, BE T @ ot i ik i 4 2R 3034 (). OtHIR, 2023, 47(5): 708-715.
3. BOLIREE UG 3 B S B E U T RS

FUHASC: R0, X, TS, 4. BOGIREE RS #1 5B ER B EoF ). BOGHOR, 2023, 47(5): 723-728
4. —Fil T AT = A SR

SURARSC: 2R [, X, 255k, &6, —Fhib N800 = H SR FIRED]. WOEHR, 2023, 47(2): 233-240
5. BT I 20 PR i sk

FURASC: W20k, HR 8. fl G B R 200 ER s s 22 BOGHOR, 2023, 47(5): 700-707.


http://www.jgjs.net.cn/
http://www.jgjs.net.cn/
https://doi.org/10.7510/jgjs.issn.1001-3806.2023.01.012
https://doi.org/10.7510/jgjs.issn.1001-3806.2023.05.020
https://doi.org/10.7510/jgjs.issn.1001-3806.2023.05.022
https://doi.org/10.7510/jgjs.issn.1001-3806.2023.02.012
https://doi.org/10.7510/jgjs.issn.1001-3806.2023.05.019

ETECIN RS 14
2024 4F 1 A

Bi A SN
LASER TECHNOLOGY

Vol. 48,No. 1
January ,2024

XEHS: 1001-3806(2024)01-0140- 05

# B SLAM = =8 E X ¥ %8 3hiR 7

T R R IEEERRR BER
(1. TR EAR TR ARE N 451101, Fp [ ;2. IR B TR 45 [ 15 B TR B, FE4F 454000, Fp [ ; 3.
R EREBE 25 K5 BEIHIFR B BCr Bk HE S 500 %, b5 100094, E ;4. db a6 TREGFF A, LA 100190,
)

TE: IR R PR TCA A S AR, B — R () 5 025 P AR A ( SLAM) A5 25 iR T £ 0K
RECA STk, (5B K ES SLAM100 T HEf Hili AT E oK FHH R S80I R A, 7853 FIH SLAM i = vh KRR A 58
JERFIE AN L A P AR AR 0 SE I SOARHAIE , 2EA T FORMRR TR 1 3, 51 A B SRR R T FORAMARR Y IX 7015 PR A
A S, il R T SRS A T80 4 SRR, BT A J5 V6 RE RS S B A KRR AR 09 A gl U5, %) KRR R £ iR
FRIRE 92. 53% , ZBFFAE FKRARR A S50 ARV ™ LR A WP U EAT BRI T AR DL HIA L

KGR WOCHOAR ; RIS E O 5 A 8 2 5 FoRARER A 3l

hESES: P237 XEERETE: A doi: 10. 7510/jgjs. issn. 1001-3806. 2024. 01. 022

Automatic recognition of the number of corn plants in
farmland using SLAM point cloud
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Abstract: In order to realize the rapid and non-destructive automatic recognition of corn plants in farmland, an automatic
recognition method of corn plants using the simultaneous localization and mapping ( SLAM) point cloud was proposed. The
Pegasus SLAM100 hand-held scanner was used to collect the point cloud data of the corn field, making full use of the verticality
characteristics of corn plants in the SLAM point cloud and the prior texture characteristics of plants in the scanning process, the
top of corn plants were automatically extracted, then the density clustering algorithm was used to distinguish corn plants and
automatically identify corn plants. The experimental results show that the method can realize the automatic recognition of corn
plants, and the recognition rate is 92. 53%. The research has good engineering application reference value in the fields of
automatic corn plant identification, crop yield estimation, and intelligent agriculture research.
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Fig. 1 Verticality diagram of corn plant
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Fig.5 Vertical point cloud extraction results of experimental corn field
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Fig.6 Top of corn plant extraction results of experimental corn field
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Fig.7 Top of corn plant segmentation results of experimental corn field
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