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(b)
TABLE 4
Comparison With the Object Segmentation Algorithms
Method Average  man-made natural high low buildings  hard scanning cars (d)
ground ground vegetation vegetation scape artifacts
SnapNet_ 0.591 0.820 0.773 0.797 0.229 0.911 0.184 0.373 0.644
SEGCloud 0.613 0.839 0.660 0.860 0.405 0.911 0.309 0.275 0.643
SPGraph 0.732 0.974 0.926 0.879 0.440 0.932 0.310 0.635 0.762
shellnet_v2 0.693 0.963 0.904 0.839 0.410 0.942 0.347 0.439 0.702
RGNet 0.747 0.975 0.930 0.881 0.481 0.946 0.362 0.720 0.680
KP-FCNN 0.746 0.909 0.822 0.842 0.479 0.949 0.400 0.773 0.797
OctreeNet CRF 0.591 0.907 0.820 0.824 0.393 0.900 0.109 0.312 0.460
GAC 0.708 0.864 0.777 0.885 0.606 0.942 0.373 0.435 0.778
Ours 0.754 0.985 0.965 0.821 0.442 0.905 0.245 N/A 0.914

(@




bR RIARRIA

INANJINGIEORESTRY{UNIVERSI}Y;

Z B AL = ) 9 %4 R (IEEE GRSL, 2022)

/i 1582, B— T

Sz, TR IEE 51

=+ /

Accuracy Vgl =R
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Point-based classification i Cylinder detection Tracking branches
(SVM) (RANSAC) (least-cost path model)

E.g. planarity, linearity Combination and weighting

Input forest scene Geometric & topological features Optimized dimension Different regions Individual trees Wood & foliage

v ERE— AR TIRIMETN S T 9 X8 % --
(a) (b)
Method  Target Evaluation p r J . -

[34] Wood  Point-based 94.56 66.83 (.78 o) (f)

[35] Wood  Point-based 81.42 86.67 0.84

[15] Wood  Point-based 82.18 89.14 0.86
Ours Wood Point-based 91.25 90.34 0.91 (i) Q) (k) | (1)

[36] Wood  Point-based 91.87 84.27 0.88
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Results
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1.Candidate points . o . - 4.Path refinement
Input data ‘ . “ 2.Dynamic path optimization ‘ ‘ 3.Points interpolation : Output data
p extraction y P P i ‘ & smoothness P

VIRE— ISR BRI
WEE HREERERH
$7klm1j]D1|:|/L:\

Table 1. Data information of skeleton extraction.

ID H (m) S P Our_ P AD_P AD_Ratio Our_Ratio

a 7.80 1 22,520 1566 25,930 1.151 0.070

b 8.42 1 71,220 1982 79,783 1.120 0.028

C 7.62 1 127,868 1620 133,979 1.048 0.013

d 9.43 2 413,249 2763 37,841 0.092 0.007

e 9.56 2 945,333 2648 35,585 0.038 0.003

5 8.20 2 632,514 1891 28,243 0.045 0.003

g 7.75 2 789,197 2796 34,505 0.044 0.004

h 7.41 2 614,486 2168 35,970 0.059 0.004

i 18.58 3 31977 6311 27,701 0.866 0.197

j 21.49 3 424,618 10,639 45,431 0.107 0.025

k 21.01 3 1,175,513 8485 34,928 0.030 0.007

1 21.09 3 1,531,635 9122 38,248 0.025 0.006

m 23.15 3 1,528,382 10,722 40,953 0.027 0.007

n 24.68 3 16,407 7381 21,818 1.330 0.450

0 25.42 3 95,923 9609 40,107 0.418 0.100 : W
P 23.61 3 1,316,136 11,414 43,361 0.033 0.009 ¥ ¥ :
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TABLE II. QUANTITATIVE RESULTS FOR GINKGO, PRUNUS AND PLATANUS TREES

\/ j:/:EE II:I:I] - /I\E% '/fé i&_ E;':: %’: 5% ’ Xﬂ- % /I\ D Points CT Cones Tree TreeQSM Ours Increase
: 97.28%

o < :[:_Ji \#/_'le'f,t =3'7l‘+'_ : a 945333 92.39% 97.69%  +0.41%
a == :
JnﬁnB X I 1T FIR : b 632514 al 9206%  99.52%  +7.21%
' ¢ 1972532 93.04% 81.19% 97.64.% +2.6%
d 2046869 93.97% 90.77% 99.67% +5.7%
E— : e 93768 64.02% 39.43% 92.53%  +2851%
Radius Estimation :
; f 95923 e 53.64% 97.92%  +4.96%

(a) Branch Tracing

Candidate Skeleton

The Input Data Points Extraction .
Path Interpolation

and Optimization

Branch Modeling

(b) Radius Estimation
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