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Abstract: This study aimed to use three-dimensional point cloud data (PCD) obtained from Terrestrial Laser Scanning
(TLS) and Mobile Laser Scanning (MLS) to evaluate a deep learning-based species classification model for two tree
species: Pinus koraiensis and Larix kaempferi. Sixteen models were constructed based on the three conditions: LiDAR
platform (TLS and MLS), down-sampling intensity (1024, 2048, 4096, 8192), and deep learning model (PointNet,
PointNet++). According to the classification accuracy evaluation, the highest kappa coefficients were 93.7% for TLS
and 96.9% for MLS when applied to PCD data from the PointNet++ model, with down-sampling intensities of 8192
and 2048, respectively. Furthermore, PointNet++ was consistently more accurate than PointNet in all scenarios sharing
the same platform and down-sampling intensity. Misclassification occurred among individuals of different species with
structurally similar characteristics, among individual trees that exhibited eccentric growth due to their location on slopes
or around trails, and among some individual trees in which the crown was vertically divided during tree segmentation.
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2018; Liu et al., 2022).

2|, PCDE &£573k7] 93 d8d 7lsol B3t A7t
thoFslA| o] Fo]x] 3 QtK(Tao et al., 2015; Zeybek and
Sanliogly, 2019). 7]Z2] PCDE A2|5}7] 93t Yejye
3D RS 2D Hloe|& HEkstA, 3D HA e FEjR
Hetsto] JEdlolgE H55tal F4d53(Convolution
layer)o]] =3} tHWu et al., 2015; Su et al., 2015). ©]&

gt 7129 A Al (Convolution Neural Network,

A2E A2E (2023)

CNN)9 A8 913t tlole ME-2 tlolEof thgt Jr
o} 3744 E7o] £AEY] ujie] 3D A RS 1o
= wkedairlo] g7} Sk wlelA, PCDS] B4 1o
& A8 o =S PCD7F Reof JEo] o] X3
El= PCD gl 2do] 7JatE]okXi et al., 2020). of
2] PCD Y&d EEL2 PointNet¥} PointNet++7} ¢S
W, 5 mEe Bgse] £5L B v A7t
A3P=] 31 Qi et al., 2017a; Qi et al., 2017b; Liu et
al.,, 2021; Briechle et al., 2020; Liu et al., 2022).
wehd, B e alueke] AhARzAte] 2ol

L Ag BHog agith o2 e & A
FollAE SeuE 22 FA5EA shbrel Sasol
= o]

=]

1. APCHEX| = E|
) AT
AT A = &4

AT e sHewel Ardn g

o Zk7} 5o BEAS AHetc). EEA

A ZAKNFD) 3222 Ao whet 7]2 2ARE

11.3 m, & 0] 0.04 ha?l Y3 Ploto. 2 A7%35}o]

S thKorea Forest Service, 2021)(Figure 1). ALt

49 EEAL WE 59T AU, B A

BEgol oF 20° SASHelA of 26°% B

2

H1
N
A
>,
off
2
=)
B
ol
A
=l
A
19
S0

rr U.E
op>
o] _Ii.l ot
2% oM 2
O ot R

o
Ir &
_O|L

| o
>
:
PR

o
2

K
e
R oy -

S S EEA O AT S T 205K,
8630 HEslglon], 59 B FuAAT 4

L
2

D

t Larix kaempferi ] l

Figure 1. The location of study area.
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Table 1. Distribution of diameter at breast height (DBH) and tree height in the study area.

. DBH(cm) Height(m)
Species Age class - -
Min Max Mean STD Min Max Mean STD
Pinus koraiensis A% 12.0 50.3 27.6 73 10.3 27.4 19.0 24
Larix kaempferi A% 16.2 47.5 32.7 7.2 10.2 34.1 26.1 49

Table 2. Specifications and performance of the BLK360 and Hovermap LiDAR.

Parameters

Measurement speed
Range accuracy
Horizontal angle
Vertical angle
Maximum measurement distance
Laser wavelength
Average scanning time per station [mm:ss]

Point density

BLK 360 Hovermap LiDAR
360,000 points/s 300,000 points/s
4mm @ 10m/ 7mm @ 20m +15mm
360° 360°
300° 360°
60 m 100 m
830 nm 905 nm
05:30 -

~300,000 per/mi -

Yo A 27.6 ecme} 19.0 m,
26.1 m% E3E3}FtHTable 1).
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Data acquisition of point cloud data(PCD) using MLS and TLS
-TLS - MLS

PCD data preprocessing and construction of individual trees
- Removing noise - Normalization of ground - Segmentation of tree

Dataset construction for each species according to down-sampling intensity
- Down-sampling intensity (1024, 2048, 4096, 8192) - Train : Validation (7:3)

Training and validation of PCD deep learning model for classification of tree species

- PointNet - PointNet++

Evaluation and misclassification case review of models for classification of tree species

Figure 2. Flowchart of overall research for tree species classification using LiDAR point cloud data and deep learning.
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Figure 3. Data Acquisition and Preprocessing in the tree species dataset.
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T
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PCD &3 7748 LiDAR360 (GreenValley International,
California, USA) & 132 0|83} tiTao et al., 2015).
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Figure 4. Architecture visualization of PCD deep leaming models.
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2| H=X] & 2Ju| 3t} F-score’= PAQ}UA 2] 7}& H o],

I

¢

A2E A2E (2023)

tlol el ehflo] Ewt T o, L H O] A5 A EshA uteldt
T A=Al e FH A= E5 YE S 7IREe = A4t
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st ElolE(1857Neh AETlolE (78 R TRE Ak 3
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Table 3. Evaluation of confusion matrix for tree species classification models.

Validation data

Class
P L > UA(%)
P Npp Npr YPR Npp/SPR x 100%
Classified by L Nip N SLR NL/YLR x 100%
deep learning model D PP SPL N
PA(%) Npp/Y PP x 100% Nu/YPL x 100%
_ PAXUA
F-score = QXW
Npp+ N,
OA = %xwo%

NX(Npp+ Ny, ) —(2PPX 2PR+ SPLX SLR)
N?— (2 PPx Y PR+ XPLX XLR)

kappa =

Note: N is total points, R is test classes, and P is classified class.

X P: Pinus koraiensis, L: Larix kaempferi

Table 4. Distribution of tree species dataset with number of point cloud data.

Number of points(unit: k)

Tree Species Number TLS MLS
Total Train Test Min Max Mean Min Max Mean
Pinus koraiensis 185 130 55 568 10,292 2,832 198 2,915 771
Larix kaempferi 78 55 23 992 9,309 4,156 182 2,264 1,072
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Figure 5.The samples of individual tree point clouds obtained by the farthest point sampling method down-sampling on TLS and MLS data.
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Train Accuracy ~ —Validation Accuracy =~ ——Best Accuracy Train Loss  ---Validation Loss
Down-sampling s 2 $3 S4
intensity
TLS ;:io.‘a 43 gﬂ.d t . 44 §o4 24 §o4 24
MLS
TLS
MLS
b. PointNet++
Figure 6. Accuracy and loss curves of tree species classification using two deeplearning models with
LiDAR platform and down-sampling method.
PointNet=> 7jA|&of thsf A2 ¢ 54 o]-83dto] 4= A] PointNet++7} PointNet .t} T =2 HSte 2 A% 9l
T =oAL, PointNet++= 3F50] 3Y=HA 7HA| o whebA, Aol Y Eo] B e PointNet++0]
mol 42 & Uehf 4922 B4 o g AW AoR Bag
o] EFH Ao| YO ghehHch. ofof ufek, HW 5 3, PoiniNett+2 o] 83 HEL 7]EO 2 T} AET
e mefstel FAFASEe) WES Ahskstn HHel o] hE AFHEES] Mshs TLS MLSS] sfglo]
wElg 7557 YelAE HA5 Gaol StaEo ot Abolsialrh. TLSE thesEgo] SIoA S22 F7ke v
sfolwstetaly #HAst A¢le] Wasickm werErk  AFASEsL gastoL ol Feli F7istel s4d o
(Soydaner, 2019). AF AT wpew, 5% Bie] glo]  @EYTE Y Bteh SHARL MLSE A3 wfE
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o 52 A5S Btk £ AeAe F 2 1he) A FEET) =00t o]ef Zol| HAH ] TR HMET Ao
L Zpol7} oF %R FEAEsIch o= i A *"Ol w2 Yoo AL % £ BdS 155 &4l
27X = e Atoll sl 5 T 2] wiE et gebd 4= Qlok PointNet++= Z1E S| 77t 57}
2 IdEcK(Liu et al, 2022; Xi et al., 2020; Brlechle et B 123 A=A AAEE 18 Y9 ZolE 74
al., 2020; Shin et al., 2022; Chen et al., 2021). o] Folx|= EAJo] it} o]of whel, glo|g 7} A UsHA
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S4, PointNet++g ©]-83F 2dlo| 7fu} Al4=7} 93.7%E 7t Folx| 7] ¢k Ao & TFETH(Chen et al., 2021). HH,
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Table 6. Comparison of classification accuracy by PCD deep learning models. Unit: %
Down-sampling F-Score
Model Platform . . OA Kappa
Intensity Pinus koraiensis Larix kaempferi
1024 94.9 87.3 96.4 90.9
2048 89.7 74.0 93.0 81.0
TLS
4096 89.7 74.0 93.0 81.0
. 8192 96.2 90.6 97.3 93.3
PointNet
1024 87.2 66.6 91.4 75.0
2048 87.2 67.5 91.2 76.2
MLS
4096 83.3 583 88.5 69.8
8192 92.3 81.5 94.5 87.0
1024 96.2 90.6 97.3 93.3
2048 93.6 85.1 95.3 89.8
TLS
4096 94.9 87.7 96.4 91.3
8192 97.4 93.7 98.2 95.5
PointNet++
1024 96.2 90.6 97.3 93.3
2048 98.7 96.9 99.1 97.8
MLS
4096 92.3 81.5 94.5 87.0
8192 93.6 84.0 95.6 88.4

Table 7. Time required to down-sampling and training and validation for PointNet and PointNet++.

Unit: minute

Training and validation

Content of analysis Down-sampling by FPS - -
PointNet PointNet++
Down-sampling intensity ~ SI S2 S3 S4 S1 S2 S3 S4 S1 S2 S3 S4
TLS 83 159 312 617 42 43 44 49 59 61 60 69
MLS 21 41 81 161 42 42 44 49 60 61 61 69
TF T BAIE Y 28 A el ET dAClA glolg o] 5ol tit A=7t Basty, ot ME
Hat of 1842, e 3k5 9 A5 DAllA Bt of 83& F7IHe] A8 9 HrE S A 48 o
O thRAEY HAE Bt oF 220 v L 2 HS e t(Table 7).
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EQIE et mule] 72 Hojo] mre} shirAlzt
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Table 8. Comparative t-test analysis of DBH and tree height for true and false classifications in Pinus koraiensis and Larix kaempferi

Categories Observations Mean Variance t-value  p-value(two-tail)
True 40 19.0 6.6
DBH 0.10 0.92
False 15 18.9 11.8
Pinus koraiensis
True 40 26.9 459
Tree Height -1.59 0.13
False 15 31.0 78.9
True 6 25.5 10.2
DBH 0.65 0.53
False 17 24.1 52.3
Larix kaempferi
) True 6 30.6 37.7
Tree Height 0.33 0.75
False 17 29.5 64.3
Downsampling intensity O 1024(S1) X 2048(S2) O 4096(S3) A 8192(S4)
Model PointNet PointNet++
Platform TLS MLS TLS MLS
35 35 35 35
30 30 30 30
:E/ZS 25 25 * 25 °
Pinus E"l” ey » an® g D » xog ” °o
koraiensis £ 1s 1s 1s
10 10 10 10 A
’ 0 10 20 30 40 50 60 ! 0 10 20 30 40 60 ’ ] 10 20 30 40 50 60 ’ ] 10 20 30 40 50 60
DBH(cm)
40 40 40 40
35 o 35 35 35
30 . L R 30 e :‘Enx 30 R 30 a -
gzs . 25 25 25 .
Larix E’lzo ® . 20 L] . 20 o a 20
kaempferi & . s ® 1s o 13 a
10 10 o 10 10
0 0 20 40 60 ! 0 10 20 30 40 60 ’ 0 10 20 30 40 50 60 ! 0 10 20 30 40 50 60
DBH(cm) DBH(cm) DBH(cm)

DBH(cm)

Figure 7. The distribution of DBH and Tree height in misclassified tree species.
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Type A

Platform TLS MLS TLS

MLS TLS MLS

Pinus
koraiensis

Larix
kaempferi
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