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A Study on Deep Learning-Based Instance Segmentation and
Feature Extraction of Urban Trees Using 3D LiDAR Data
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Abstract Traditional labor-intensive tree surveys involve substantial time and cost and may produce
inconsistent results due to surveyors subjective judgments. To overcome these limitations, this study
integrates high-resolution 3D mobile LiDAR (Light Detection and Ranging) point cloud data with deep
learning to automate urban object classification, individual tree isolation, and species identification.
The PointNet++ model was applied to learn hierarchical spatial features directly from point cloud data.
Semantic segmentation was first used to distinguish trees from buildings and other artificial structures,
followed by instance segmentation to assign a unique ID to each tree. Cross-sectional data at 1.2-1.3
m above ground were then extracted, and stem points were refined using DBSCAN clustering to
calculate diameter at breast height and tree height automatically. Experiments conducted along a 6 km
corridor in Suwon, Gyeonggi-do, produced a structural attribute database for 1,252 street trees.
Validation against field measurements showed that 64.7% of the classified trees had an error rate below
15%. These findings demonstrate the potential of the proposed method to improve forest inventory

efficiency and support intelligent urban tree resource management.
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(Table 1) Object Separation and Extraction Algorithm

Category Description

Separating tree regions from background

Sesinrgi::tcion elements such as buildings, ground, and vehicles
9 within the entire point 2t0|Ct
Instance Identifying individual tree instances within the
Segmentation segmented tree point clusters and isolating them

as independent objects

Classifying specific tree species (e.g., ginkgo,
Classification pine, and zelkova) by leaming the morphological
features of the isolated tree objects
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Development

Category Detailed Implementation Process
Review of background theories and literature
Preliminary Model survey — Testing — Comparative analysis —
Research Selection
Dataset survey — Structural analysis
Process design for tree classification and feature
System extraction
Design
Overall system architecture design
System

Modular role and functional design

Data
Engineering &
Preprocessing

Training dataset construction planning

Raw data refinement — Data segmentation

Source data processing — Segmentation — Labeling

Annotation data generation

Model
Training &
Validation

Dataset training/tuning — Performance evaluation &
revision

Project development completion

[Fig. 1] Detailed Research Process
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LHSegDataset®] E¥4= #E(Building), A5AKCar),
H=HGround), A& /455(Pole), #E(Shrub), U
H(Tree), HlEF(Unknown)®] 770, =4 ZJIE
ST AAY 77.25%F ZAgtt. LHTreeDataset
2 @ 2AE Bl ERlE +F—LEuF(Zelkova,
2467Y), P4 (Ginkgo, 3677), &AUF(Pinus, 195
), S=FEPdA(Platanus, 20270), S=3(Acer, 93
M & 1071 F8 55 st F 1,251709] 5
A= =T

{Table 2) Dataset Development Process

Dataset

Sizne Description
Data Collection of 6 km LIDAR data in Suwon, Gyeonggi—do
Acquisition | via vehicle-mounted sensors (MMS)

« Sorting, classification, and editing by track, area, and
part

« Data cleaning (removal of noise and unidentifiable
points)

Data Refining

« Segmentation: Differentiating points by specific
classes
« Data structuring for dataset configuration

Data Automated generation via segmentation and manual
Processing text input

« Quality inspection of class attributes and annotations
Test « Test training and performance metric evaluation
* Preprocessing and final annotation data generation
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[Fig. 2] Processing pipeline of the automated tree
feature extraction program

(Table 3> Tree Feature Extraction Algorithm

Extracted -
Category Parameter Description
Spatial Center Central coordinates of each individual
Information | Coordinates | tree object
Calculated based on the vertical
TH distance between the lowest and
highest points of the tree point 2{0|Ct
Calculated based on the stem
DBH cross—section info at 1.3 m above the
Morphological ground level
Attributes
Calculated based on the horizontal
Ccw spatial extent of the tree crown point
2fo|ct

Vertical extent (thickness) of the

Crown Height isolated tree crown region

csv Saving extracted feature values per tree

Dt Siomge in a database-compatible format
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Partitioning the dataset into training and validation

Dataset Splitting sets (e.g., 7:3 ratio) to prevent overfitting

3
Initializing network parameters: learning rate, batch
Hyperparameter - : ) ;
" ) size, total epochs, loss functions, and input point
Configuration
count
1 2

™ Loop Initialization: Selecting mini-batches of
data and feeding them into the network

@ Forward Propagation (Prediction): Processing
LiDAR point data through the network layers to
generate model predictions

® Loss Calculation: Computing training errors by
comparing predictions with ground truth labels
using loss functions and optimizers (e.qg.,
Cross—Entropy, MSE, Adam)

Training Loop
Execution

@ Backpropagation: Calculating gradients based on
the loss and updating network weights to
minimize estimation errors

® Overfitting Prevention: Applying regularization,
dropout, and early stopping criteria to ensure
model generalization

[Fig. 3] Model training and validation process
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(Table 4) Evaluation Metrics and Verification
Methods for Model Performance

Category Verification Details & Methods
« Evaluating model performance periodically using the
Model validation dataset
Validation | + Verifying the model's capability to generalize and
predict unseen (new) data based on leamed features
« Assessing validation results quantitatively using
Performance Precision, Intersection over Union (loU), and Accuracy
Metrics « Measuring how accurately the model classifies target
object classes
« Adjusting hyperparameters based on evaluation
Model feedback
Tuning * Modifying the network architecture if necessary to
optimize and improve overall model performance
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(Table 5) Evaluation Metrics and Quantitative Results

Performanc
e Metric

Metric Description &

Ui Atesuli Measurement Method

Process

A metric evaluating
segmentation performance,
calculated as the ratio of
the predicted area to the
Ground Truth

loU % 96.03%
Semantic
Segmenta

tion

The average of loU values
computed across multiple
object classes

mloU % 86.54%

Overall classification
accuracy, calculated as:
Number of Correct
Predictions/Total Number
of Predictions

Classificati
on

Accuracy % 96.96%

Tree Tol) at Log/sen che th
i eckpotnts] odel_Treelol6.5663.th

[Fig. 5] Tree Classification
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{Table 6) Data Quantity and Classification Accuracy
by Tree Class

Tree Class (Species) | Class Name | Quantity D';S;,:Lb%t,gn Accu'::cill %)
buerg:ﬁa'num Acer % | 743% | 9583%
Chionanthus retusus | Chionanthus | 45 3.60% 100%
Diospyros kaki Diospyros 12 0.96% 37.5%
Ginkgo biloba Ginkgo 367 29.34% 99.24%
Pinus koraiensis Kpine 10 0.80% 75.0%
Acer palmatum Maple 36 2.88% 66.67%
Quercus palustris Palustris 45 3.60% 100.0%
Pinus densiflora Pinus 195 15.59% 100.0%
Platanus occidentalis |  Platanus 202 16.15% 100.0%
Zelkova serrata Zelkova 246 19.66% 91.21%

Learning Curves

— Train Accuracy
— Test Accuracy

0 200 400 600

ig. 6] Training and Test Accuracy Curves

[Fig. 71 Final Class-wise Accuracy

A, A 1072 27 S@gsech AT 37.5%,
EELER 66.67%, HLF. 75.0%) AeH0R e 3

L 5 e fAET ohjet BEW oty
o GRS We Aom WeHEIC), A 9 S50
A ERE 100% ASHEs AR Quish golet
a40] HAE HEOZ I8 TfB IS FHs Aol
Qe web HA HeEeh W S5 HAE B

a SEasig e 0]—7]-“

X Two o=&

3,\—, Precision, Recall, Fl1-score =

B3 WQg7} 9}

5.

uy

=

=

L E}Olq R
ZAEY] 25 A% Apsstetr] 91gt
gald 79 24 HHES AlRbelgirt. 71 E’\H\—%
FARe @ ol o3t A} AL &= T
7F wot AL |9, A8 AIZE AT I & 011*1
SAZE At olof & AolAe e 33 @4
doeg 7|t g 5 ARE s Rty HE

5] §1AH, 1, 82 5 F9 EF ei%§¢
e B4 AAE F=9

A 23k PointNet++ 7|8t g8jyd 2l Eﬂl%
H] Bt RIEZ RS- HlofE|oA] S5
& FE5h= o A8 740l /\)\\:l;'_) ol
ottt PointNet++= Hggt 27|19k 25 711 A+
glo] 14 xia]oP 4 9lom, @——4 7H AL}

mu s38 2

EZale

ii

glol8E &85t

l‘U

o

E
=

r+

=

=2 1

\I
L

==

FokaL

il

=

Jl

|

=2 X
E'_"I

4 a0z ololds A 2
2] oltt gole 2t £A5E
HEZ AT
EG B ATNE EASE BAL 9% oty do]
2 73T, $8 B U 5 2771 s o)
22 vlstoltt. etolch AxElolHE BA, Al
25}, AIwEol4, ehae, ojElold 44 e

m >,

o]

AA S H5d P MBEgon, o) uos
SE ARG A% RS 5 B4 gl ol



194  MEQEHN8=E=EX| HM12¥ M43, 2026

3 Ipge 120 72 AN Bl SR 7u BA
Ao] ZHe AZHA-Q1YH S BT, it A
%7 dolgg AAHOR 75T 4 Ak FsHe B
oft.

o oy

ox
ot ol
rO
m_O'_ll

AN
®
=4
)

iy
)
o
=

FJ o.
=
i
H
z
>
ol

i
i)
<t

W 2ol
A5 ol dEE HA & A At oF £5% olui=

o

=]

ox

< HESHA

T AFore HdRt A9 a5 deR o5
glold sojHe2lE gfistal, 2ol 374 7
olf Fa¥=] AL = Favt Aot k3 AE
5 FH W), o S, 7tEAEE Q' 71
F 52 LS B daEES SRt A s
o] e} @ 2840l o FE & Uk o
ot & AFollM ARt 24 AAE =4 HAEEY
SREY AL B, =AFES] Bs AH ZUETY,
AT HAEH BE, HagF A, 2ASA A
) FHS Ashes Holg 7t A =FE 23
2 5 90Z Aol

Oﬂ.‘,

e
o

e
1z

REFERENCES

[1] LH.Choi, S.K.Nam, S.Y.Kim, and D.G.Lee, "Automatic
Extraction of Tree Information in Forest Areas Using
Local Maxima Based on Aerial LiDAR," Korean Journal
of Remote Sensing, Vol.39, No.5, pp. 1155-1164, 2023.

[2] S.LPark, S.G.Jeong, and H.J.Lee, "Quality Analysis of
Individual Tree Detection in Natural Forest by Forest
Type Based on LiDAR Technology," Journal of the
Korean Society for Geospatial Information Science,
Vol.32, No.2, pp. 31-40, 2024.

[3] B.J.Ko, "Applicability and Application Methods of
LiDAR for Survey,"
Dissertation, Jeonbuk National University Graduate
School, Jeonbuk, Korea, 2021.

Terrestrial Forest Master's

[4] A.Diab, R.Kashef, and A.Shaker, "Deep Learning for
LiDAR Point Classification in Remote Sensing,”
Sensors, Vol.22, No.20, p.7868, 2022.

5]

[10]

[11]

[12]

[13]

[14]

[15]

W.Wu, Z.Qi, and L.Fuxin, "PointConv: Deep Convolutional
Networks on 3D Point 8}°]t}s," in Proceedings of the
IEEE/CVF Conference on Computer Vision and
Pattern Recognition, Long Beach, CA, USA, 2019, pp.
9621-9630.

C.R.Qi, H.Su, K.Mo, and L.J.Guibas, "PointNet: Deep
Learning on Point Sets for 3D Classification and
Segmentation,” in Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition,
Honolulu, HI, USA, 2017, pp. 77-85.

C.R.Qi, L.Yi, H.Su, and L.J.Guibas, "PointNet++: Deep
Hierarchical Feature Learning on Point Sets in a
Metric Space,” in Advances in Neural Information
Processing Systems, Vol.30, pp. 5099-5108, 2017.

M.A.Lefsky, W.B.Cohen, G.G.Parker, and D.J.Harding,
"Lidar Remote Sensing for Ecosystem Studies,"
BioScience, Vol.52, No.1, pp. 19-30, 2002.

7Z.Zhen, L.J.Quackenbush, and L.Zhang, "Trends in
Automatic Individual Tree Crown Detection and
Delineation—FEvolution of LiDAR Data,"
Sensing, Vol.8, No.4, p.333, 2016.

Remote

W.Li, Q.Guo, M.K.Jakubowski, and M.Kelly, "A New
Method for Segmenting Individual Trees from the
Lidar Point 2to|th," Photogrammetric Engineering &
Remote Sensing, Vol.78, No.1, pp. 75-84, 2012.

B.Koch, U.Heyder, and H.Weinacker, "Detection of
Individual Tree Crowns in Airborne Lidar Data,"
Photogrammetric Engineering & Remote Sensing,
Vol.72, No.4, pp.357-363, 2000.

H.Kaartinen, J.Hyyppd, X.Yu, M. Vastaranta, H.Hyypp4,
A.Kukko, M.Holopainen, C.Heipke, M.Hirschmug],
F.Morsdorf, E.Nzesset,  ].Pitkdnen, S.Popescu,
S.Solberg, B.M.Wolf, and J.C.Wu, "An International
Comparison of Individual Detection and
Extraction Using Airborne Laser Scanning," Remote
Sensing, Vol.4, No.4, pp. 950-974, 2012.

Tree

M.Dalponte and D.A.Coomes, "Tree-Centric Mapping
of Forest Carbon Density from Airborne Laser Scanning
and Hyperspectral Data," Methods in Ecology and
Evolution, Vol.7, No.10, pp. 1236-1245, 2016.

B.Xiang, M.Wielgosz, T.Kontogianni, T.Peters, S.Puliti,
R.Astrup, and K.Schindler, "Automated
Inventory: Analysis of High-Density Airborne LiDAR
Point LiDARs with 3D Deep Learning,” Remote
Sensing of Environment, Vol.305, p.114078, 2024.

Forest

S.Krisanski, M.S.Taskhiri, S.G.Aracil, D.Herries, and
P.Turner, "Sensor Agnostic Semantic Segmentation of
Structurally Diverse and Complex Forest Point LiDARs
Using Deep Learning,” Remote Sensing, Vol.13, No.8,
p.1413, 2021.



H21d 7|¥t 3D LiDAR G|O|HE &

HI

-

ok

g
ogt

0%

m

M

re

195

A 2l &l(In-Hye Jung) (K312l
= 20039 8¢ : Fuidigtw Akt
REICL R

=2025d 99 ~ dA : hAgEtw

2HIERHRE 2u4)




