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AR EG T 2019 46 3 A1 7 HEMILE bRk K
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Table 1 Crop information and point cloud acquisition parameters

TERAY KA (8] Kox 5 WREE iTHE i R FrRAUERECE
Crop types Acquisition time  Length X width/cmxcm_Plant space/cm  Row space/cm Number of sites Number of target balls
FEIIMSE Flowering rapeseed 2019-03-23 377x126 35 60 6 4
HHIEK Seedling maize 2019-07-13 517x262 30 30 8 3
TEWINFFE Flowering cotton 2019-07-13 616x367 45 100 7 3

FARO FocusS SeriesS 70 & —Ff 3 A A7 I & 11 =
WO, FERRSHWE 2 Pros. HIAEDRE
PR = BARRETT RWE 1 Fras. B HFL 53585
sty RV A, Rl RUPE AL PR T |35 30em P, Ak
SEME AR T A, B M, R 1. 2. 3 NhREEEk,

% 2 FocusS SeriesS 70 M5
Table 2 Specification parameters of the FocusS SeriesS 70

Z ¥ Parameters $U{H Values
W £ ¥ % Measurement distance/m 0.6~70
W PE %% Range error/mm *1
W £ 4% 2 Measurement accuracy/mm 0.2
FYLEFVE ] Field of vision/(°) 360%300
WL K Laser wavelength/nm 1550
H.

FH, g
High site H,

I3 AL,
Low site L,

Ly st s 10 2 3+ 4 Ab iyl 2.
Note: H,, H,, Hy and H, are the high stations of the test site 1, 2, 3 and 4
respectively; Li, Ly, L3 and L4 are the low stations of the test site 1, 2, 3 and 4

respectively.
Bl FHhHBEREZHIBERETE

Fig.1 Crop population point cloud acquisition scheme
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a. Effects of crop population b. Effects of crop population
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Fig.2 Effects of crop population registration and extraction
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Table 3 Segmentation results of crop point cloud under different distance thresholds
] B 3 ﬁ%ﬂﬁ@ﬂl o EIREEL IR A EIREL 7 Bk e
Crop types Distance threshold/m Number of divided qur_lber of Nu_m_ber of Nurpb;r of correctly Accuracy/%
plants over-divided plants  under-divided plants divided plants

0.04 216 1 142 73 45.06
T 0.06 172 7 78 87 53.70
Rapeseed 0.07 144 9 50 85 52.47
0.08 126 16 38 72 44.44
0.010 73 3 45 25 28.09
BV 0.013 70 5 36 29 32.58
Maize 0.018 68 7 30 31 34.83
0.023 64 11 22 31 34.83
0.035 285 4 279 2 3.85
K1 0.042 215 8 203 4 7.69
Cotton 0.048 156 7 140 9 17.31
0.055 92 8 78 6 11.54

RRIGEE SRR E s R E B TS E. & 3
L AR RN IR 2 IR S S H (R) S BRAE R AN B0 E
tb, MWk 3 AJLLEH, BEEE B RE MG, ooEvk
BORWI %, o BIRR BRI R 7y BIRREOR M AR D, R IE
B EIR B IG5 98>, TEEE RS RIMEA 0.06 B HERGR
B, N 53.70%, TOKIER BB NG AL, 7
FEESHEN 0.018 AT 0.023 B HERZF =, N 34.83%, X
AIEBE 0.018 B LLEIME A 0.023 Wit o EIpk 0D,
ROEREONZ . 256 T Al AL, 24 80 29 B E 15 B BN
HIL T — MERE S BN RN IR, R E
R, B B T B RORET, A ARRE AR 43 B[R — 25,
Ny EII S, SSERATRE, BT RIEY S S
P 52 2 1 DA o AR 5 o Z AR E . RIS,
BIAREF BIUERR A 2145 B . WRAE 70 45 SR IE A R,
SERERR o BIREE>, BT RTE s s e iR %,
FHATRE R BE 25 LU, 7 B4 RO, Joiks 3|
SEREIAMATERR, A RE1F BIRUT I 7 45 R
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NN O A i R NG K P e € e 5104
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Fig.3 Extraction process of stalk data and plant cluster center of the crop population
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*4 TESHTHEKRELDORIER
Table 4 Extraction results of plant cluster centers under different
parameters

BOIAUH R b LR

EYIZEA! Maximum — Number of center .
. . . points after Accuracy/
Crop types iteration points after N o
. eliminating the %
number segmentation -
repeat points
160 144 123 75.93
M= 200 166 133 82.10
Rapeseed 235 196 146 90.12
240 198 142 87.65
90 88 69 77.53
ok 130 119 81 91.01
Maize 160 144 86 96.63
170 154 86 96.63
60 57 43 82.69
oy 70 61 45 86.54
Cotton 80 69 48 92.31
90 73 52 100
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Note: MIN is the maximum number of iterations.
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Fig.4 Clustering center extraction results
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Fig.5 Segmentation results of cylinder space clustering method
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Table 5 Comparison of results of point cloud segmentation methods for different crop populations

P GMEEP e, T2 0] 5 53 )
A LG Euclidean dist: lusteri tati Cylind; lusteri tati
T Artificially . uc i ean distance clustering segmenta 10{1 o }f'm er space clustering segmentation i
Crop types counted number ﬂ:ﬁfﬁ/}nﬂﬂ'@ﬂl Yﬁﬁﬁ$ %‘&ﬁﬁﬂ‘ J-l:ﬁﬁg /}n“‘%é& 7&%% %‘&ﬁﬁﬂ‘
of plants Number of correctly Accuracy/% Algorithm Number of correctly Accuracy/% Algorithm
divided plants time-consuming/s divided plants time-consuming/s
5% Rapeseed 162 87 53.70 882 146 90.12 38
K Maize 89 31 34.83 311 86 96.63 51
F§4E Cotton 52 9 17.31 929 52 100 84
3 i B K WEEAMRAE 3 FEY AR Z R 208, TERAE
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Cylinder space segmentation method for field crop population using 3D
point cloud

Lin Chengda, Han Jing, Xie Liangyi, Hu Fangzheng
(College of Resource and Environment, Huazhong Agricultural University, Wuhan 430070, China)

Abstract: A new phenotype of crop population depends mainly on the internal genetic change of plants with environment,
thereby determining new varieties of crops in farmland. A three-dimensional (3D) laser scanning technology can provide a
rapid acquisition for the accurate phenotypic data of crops, compared with some traditional time-consuming and destructive
measurements. However, field high-throughput phenotypic acquisition is still a major bottleneck limiting crop improvement
and precision agriculture. It is also necessary to automatically acquire phenotypic traits throughout the growth cycle of crops
and further to obtain target parameters with high accuracy. In this study, a cylinder space clustering segmentation was
proposed for a highly efficient extraction on complete phenotypic parameters of a single plant in field crop population using a
3D point cloud. Field experiments were carried out at the Huazhong Agricultural University in Wuhan City, Hubei Province of
China in 2019. Flowering rapeseed, seedling corn, and flowering cotton were selected as the research objects. The
experimental procedure was: 1)A 3D laser scanner(FARO FocusS SeriesS 70) was used to collect high-precision point cloud
data of field corn, rapeseed and cotton. Multiple sites were set around the experimental field for high accuracy information
about the target. The measuring sites of rapeseed field were laid in the four corners and the middle of the long side of a sample
plot. Four corners of a sample plot were selected to measure in corn and cotton field. Two groups of point cloud data were
collected at different heights in the same measuring site. Each position was scanned once, and each scanning took 10 min. At
least 3 target balls were placed in the test area as the registration basis, thereby preparing for the registration of point cloud data
collected by subsequent test stations.2) The crop target was then extracted from the massive point cloud, including registration,
denoising, data extraction, and simplification. The point cloud registration was completed using a target ball. The noise points
were eliminated using dark scan point, outlier, and edge artifact filter. A Hue Saturation Intensity(HSI) color model was
utilized to extract crop group target, according to the difference between crop and soil color. Curvature sampling was selected
to realize point cloud simplification. 3)A pass-through filter was used to extract the stem point clouds at a certain height,
whereas, the leaf point clouds were removed according to the difference of normal vectors. Conditional Euclidian distance was
selected to extract the cluster center point of each plant using stem point cloud. A cylinder spatial model with the center point
was also established to segment the point cloud of each plant. The column radius and height were set according to the row
spacing and growth of specific crops in farmland. The segmentation accuracies of corn, rapeseed, and cotton were 90.12%,
96.63%, and 100%, respectively. The accuracy increased by 36.42, 61.80 and 82.69 percentage points, respectively, while the
running time shortened to to 9.98%, 16.40% and 9.04%, compared with the conventional clustering segmentation. As such,
better applicability, feasibility, and universality were achieved to effectively segment and extract all three types of individual
plants from crops in dense fields, compared with previous region growth. Therefore, the segmentation and recognition of a
single plant in crop population can provide a promising technical approach for the accurate, rapid, and non-destructive
measurement of phenotypic information of individual crop in the field.

Keywords: crops; laser; three dimensional point cloud; cylinder space model; segmentation



