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Semantic Segmentation of Individual Tree Point Clouds Based on Multi-scale

Geometric Features

CAO Rong-zhen, LIU Hao-ran, LIN Wen-shu"

(College of Mechanical and Electrical Engineering s Northeast Forestry University s Harbin 150040, Heilongjiang China)

Abstract ; It is difficult to accurately separate limb and leaf points from terrestrial laser scanning (TLS) tree
point clouds. To solve the problem a method of semantic segmentation of individual tree point clouds based
on multi-scale geometry features was proposed. First, the point cloud data of trees in the sample plots of
Fraxinus mandshurica and Pinus sylvestris were segmented into individual trees,and the eigenvalues of
the multi-scale point cloud covariance matrix were calculated, then the feature classifier was selected,and
the optimal eigenvalues were selected according to the importance of the eigenvalues,and finally the limb
and leaf points of tree were divided. By comparing the training time and accuracy of support vector machine
(SVM) ,extreme gradient boosting (XGBoost) and random forest (RF) classifiers, the XGBoost was se-
lected as the final classifier,and six optimal features were selected according to the importance of eigenval-
ues. The results showed that the segmentation accuracy of limb and leaf in the two plots was more than
0. 88,and F1-Score and IOU (intersection over union) were also above 0. 8. The method proposed in this
study can effectively segment limb and leaf points of F. mandshurica and P. sylvestris,and has a high i-
dentification accuracy. The research results provide conditions for the subsequent three-dimensional model
construction and biomass estimation of individual tree.
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Fig. 3 Geometric features of limb and leaf points at different scales
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Table 1 Geometric features of point clouds
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Table 2 Segmentation accuracy of three kinds of classifiers
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Fig.5 Relation between the number of input features and

segmentation accuracy
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Table 3 Segmentation time before and after feature selection

Y ZRAs[E] /s W )
LR
Data_1 Data_2 Data_1 Data_2
11X4 56 47 42. 85 40,42
6 X4 32 28

3.2 REPDEERASW

As Co O, Py S, FIDA AE R i A 5060 it
SEIEAT o] R 4 R 5 g T oy AR AEFRAE
TR S 7K I AR b AR TR A M A T I A = A
FARG FBE TF 5 ORGP AME AR R (R L TR G H
% (P).F1 {H™ fl TIOU (Intersection over U-
nion) 5 AN AT, A (D — K ) FroR . HER
FRROFEHM EH W E =B E b, Hop
R WA BT 1 R S BUWAS B A I G0 )R

Wi 1 IE B 0 ] B S PR s O L B
i1 RN IER 7> I AR G 8K P RoR Rk
B 5 O IE B 2 HI R L], POl T 1 ROR
LRI KL AT IR T E R LE /N s F LR 25
A% ARG RN B FL T 1 £ ik
FIRORBE  TOU 4852 Fr i = B S RE 2l o &
2 MRS IFEZIL,

R=n/N (D
r=Tp/(Tp+F (2)
p=Tp/(Tp+Fp) (3)
F=2rp/(r+p) (4)

~n(IN
IOU_nUN (5)

A N Ry i OB S PR e SR
14 Pt i BROAS ABCE 5 T 0 7 I 43 1 9 I R A
B F oy Ik i S soR i g s  F e R i
A4 Pt i BROAS  AE

K 6 FIE 7 A Data_1 Hl Data_2 Y53 #45
Xt Data_1 1 Data_2 (AT FE 4> 8145 58 &
U RRIE SRR ST 2 HORE Mo % v B % RS B R L TRl
M FLEEA W B, 7E Data_1 1, 2T 44 4 %¢
AEAB AT 24 AN FEAE A T AT 0 %1 0K B 232 8 T4
A EERAL TR LG R BT FLE R TR,
£ Data_2 ™, BT 44 ADNRHIE(E AT 24 ADRFAE(E T B
o3 A ORS00 % L RO FLO(E AR T AT, 4
G 2B R AT LUA Y, 2 SR s A T 19 43 )
AU B LR I 18 43 28R T R T R R A AR e
FH 0 4 ke TR R 2 O A AR 1 T R BT R S
T A (R 55 K0 o0 B 2 3 B s Ik s 2D LAl 4
MW, 25 5 SR DX G T i 2= 86 BE AR HL T LAef
TEARAS ] 8L 4 )02 5 /IR 52 1 i 45 ) e R
Gy El IEEARSR T, K i MR A 1 o B 5 L R -
RE A 1 B o3 L 3l X LR R 6 L 7 AT & L R T
PAR ST A0 i B S 2 W D, R R B2 it R 2
Bl R b TR S B
3.3 B—REESRETHEBESN

AN RUEE T B0 55 2 0 JUAT R AE A [R] , 43 1 245
WAE] . AERTE REE R 53 #0145 5 1 52 e, A0t 55 1 1
2 PEHLRFAE S BR S5 A AR AR 4 W JLAE 4 Fh s — RUBE N
Z R T A s 5 BIORG FE A T 20 b, a5 Rk
6 IR, H#R 6 AT AL IEMZRER N 0.1 m F10.75 m
PIRCEE T it 7 B RS B 22 fE M RE R N
0.25 m 1 0. 50 m MY REETN B 431 00kG B &R 88 i
T 0.8, ULEH R AR 1 /N KA I 05 = o BIAICR
AN R, 22 ROBE TS R 55 2 14 43 BOR EE # e
T 0. 88, VAW 2 RUEE MR s = X A3 P e df o



552 W BRI T 2 R U R IE R S = 138 L4 H) 33
F4 KHMUETFHAZHEBEIEE
Table 4 Segmentation accuracy evaluation of limb and leaf points of F. mandshurica
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Table 5 Segmentation accuracy evaluation of limb and leaf points of P. sylvestris
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Fig. 6 Segmentation results of limb and leaf points of F.manchuria
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Fig. 7 Segmentation results of limb and leaf points of P. sylvestris
*6 RF—REESRETHEBESH
Table 6 Segmentation accuracy analysis on single scale and multi-scale
Z3 ) R ZRE 0.1m 0.25 m 0.50 m 0.75 m
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