
Scalable Deep Learning for Individual Tree Species

Classification from Cross-Platform LiDAR Point

Clouds

by

Lanying Wang

A thesis
presented to the University of Waterloo

in fulfillment of the
thesis requirement for the degree of

Doctor of Philosophy
in

Geography

Waterloo, Ontario, Canada, 2026

© Lanying Wang 2026



Examining Committee Membership

The following served on the Examining Committee for this thesis. The decision of the
Examining Committee is by majority vote.

External Examiner: Dr. Nicholas Coops, Professor
Dept. of Forest Resources Management
University of British Columbia

Supervisor(s): Dr. Jonathan Li, Emeritus Professor
Adjunct Professor
Dept. of Geography & Environmental Management
University of Waterloo

Internal-External Member: Dr. Lincoln L. Xu, Assistant Professor
Dept. of Geomatics Engineering
University of Calgary
Adjunct Professor
Dept. of Systems Design Engineering
University of Waterloo

Internal Member: Dr. Derek T. Robinson, Associate Professor
Dept. of Geography & Environmental Management
University of Waterloo

Internal Member: Dr. Michael A. Chapman, Professor
Dept. of Civil Engineering
Toronto Metropolitan University
Adjunct Professor
Dept. of Geography & Environmental Management
University of Waterloo

ii



Author’s Declaration

This thesis consists of material all of which I authored or co-authored: see Statement
of Contributions included in the thesis. This is a true copy of the thesis, including any
required final revisions, as accepted by my examiners.

I understand that my thesis may be made electronically available to the public.

iii



Statement of Contributions

This doctoral thesis has been structured in accordance with the manuscript option. It
consists of three manuscripts, which form the main body of Chapters 3, 4 and 5 of this
thesis. These manuscripts contain material from three multi-authored papers, with minor
formatting changes to ensure consistency. As the lead author of these three papers, I was
responsible for conceptualization, data curation, methodology, code writing, validation ex-
periments, investigation, writing, and visualization. All coauthors have given their consent
to include their collaborative work, and the candidate’s primary intellectual contribution
is clearly indicated throughout.

Chapter 3 was submitted as:

Lanying Wang, Wentao Sun, Dening Lu, Linlin Xu, Haiyan Guan, and Jonathan Li.
An interactive deep learning approach for individual tree segmentation from 3D forest point
clouds. ISPRS Journal of Photogrammetry and Remote Sensing. PHOTO-D-25-01173

Lanying Wang led the research effort, including conceptualization, formal analysis, in-
vestigation, data curation, methodology design, software development, and validation. She
also prepared the original draft and contributed substantially to the manuscript revisions.
Wentao Sun supported software development and participated in manuscript editing. Prof.
Haiyan Guan partially provided the funding and contributed to the review and editing of
the manuscript. Prof. Linlin Xu and Dr. Dening Lu contributed to the review and editing
of the manuscript. Prof. Jonathan Li supervised the research and provided critical input
during the writing and revision process.

Chapter 4 was published as:

Lanying Wang, Dening Lu, Linlin Xu, Derek T. Robinson, Weikai Tan, Qian Xie,
Haiyan Guan, Michael A. Chapman, and Jonathan Li. Individual tree species classifica-
tion using low-density airborne multispectral LiDAR data via attribute-aware cross-branch
transformer. Remote Sensing of Environment, 315:114456, 2024.

Lanying Wang led the research, including conceptualization, formal analysis, investiga-
tion, data curation, methodology design, software development, validation, and preparation
of the original draft. She also contributed extensively to manuscript revision. Dr. Dening
Lu contributed to the fieldwork, methodology, software implementation, and manuscript
editing. Dr. Weikai Tan assisted with field work and participated in the review and editing
process. Qian Xie contributed to the conceptual development of the study. Prof. Linlin
Xu, Prof. Haiyan Guan, Prof. Derek T. Robinson, and Prof. Michael A. Chapman were
involved in reviewing and editing the manuscript. Prof. Jonathan Li supervised the project
and contributed to manuscript refinement. Prof. Haiyan Guan provided partial funding
support.

iv



Chapter 5 was published as:

Lanying Wang, Dening Lu, Haiyan Guan, Dedong Zhang, and Jonathan Li. Exploring
Transfer Learning for Individual Tree Species Classification by Cross-Platform Point Cloud.
International Journal of Applied Earth Observation and Geoinformation. JAG-D-25-04889.
Accepted

Lanying Wang led the research effort, including conceptualization, formal analysis, in-
vestigation, data curation, methodology design, software development, and validation. She
also prepared the original draft and contributed substantially to the manuscript revisions.
Dr. Dening Lu contributed to the review and editing of the manuscript. Prof. Haiyan
Guan supported data curation and contributed to the manuscript review and editing. Dr.
Dedong Zhang contributed to the review and editing of the manuscript. Prof. Jonathan Li
supervised the research and provided critical input during the writing and revision process.

In addition, my other publications have also provided a solid foundation and valuable
experimental experience for this research topic. These works have not only contributed to
the development of essential methodologies and insights but have also served as important
references for understanding the background and related work, enriching the contextual
framework of this thesis. The references are provided below:

Lanying Wang, Dening Lu, Weikai Tan, Yiping Chen, and Jonathan Li. Tree species
classification using deep learning based 3D point cloud Transformer on Airborne LiDAR
data. In IEEE International Geoscience and Remote Sensing Symposium (IGARSS), pages
974-977, 2023, doi: 10.1109/IGARSS52108.2023.10282813.

Li, Xiaofan, Lanying Wang, Haiyan Guan, Ke Chen, Yufu Zang, and Yongtao Yu.
Urban tree species classification using UAV-based multispectral images and LiDAR point
clouds. Journal of Geovisualization and Spatial Analysis, 8:5, 2024.

v



Abstract

Accurate individual tree species classification from point cloud data is an essential task
with significant implications for forest inventory, biomass estimation, and carbon monitor-
ing. Recent advancements in Light Detection and Ranging (LiDAR) technologies, such as
airborne LiDAR, Unmanned Aerial Vehicle (UAV)-based LiDAR, and handheld mobile Li-
DAR, provide rich data sources for these applications. Additionally, the rapid rise of deep
learning techniques has demonstrated considerable potential for enhancing the accuracy
and efficiency of data interpretation tasks. However, effectively leveraging deep learning to
utilize diverse LiDAR datasets for individual tree segmentation and species classification
remains challenging. Moreover, deep learning methods typically require extensive anno-
tated data, posing a critical challenge in forestry applications, where labelling individual
trees in point clouds is particularly difficult, unlike the abundant large-scale datasets avail-
able in image-based domains. This issue leads to three primary research questions: Firstly,
how can individual tree segmentation be achieved more efficiently and reliably in complex
forest environments characterized by crown overlap, occlusion, and varying point cloud
densities? Secondly, can deep learning models effectively classify individual tree species
using low-density LiDAR point clouds? Lastly, how can we enhance cross-platform gen-
eralization and enable efficient adaptation to newly introduced tree species with limited
labelled samples?

To address these questions, this thesis presents three main contributions. First, it
develops an interactive deep learning pipeline for individual tree segmentation from cross
platform laser-scanning data. By integrating user-guided prompts, such as bounding boxes
or point clicks, with point cloud-based instance segmentation, the pipeline produces ac-
curate and flexible tree delineations while reducing manual delineation time, thereby sup-
porting the efficient preparation of tree-level training samples. Second, it proposes the
Attribute-Aware Cross-Branch Transformer, tailored for tree species classification from
low-density LiDAR data. The model jointly exploits geometric and radiometric attributes
and is designed to learn discriminative, species-specific features under sparse, and uneven
point cloud conditions. Third, it investigates a transfer learning framework to enhance the
generalization of tree species classification models across heterogeneous LiDAR platforms
and to support rapid fine tuning for unseen species. By pretraining on multi platform
datasets and adapting to new domains with limited labels, the framework improves scal-
ability and data efficiency. These contributions provide a unified and scalable framework
that integrates interactive segmentation, tree species classification, and transfer learning
for forestry LiDAR applications, enabling automated, data-efficient forest monitoring in
support of operational inventory and carbon-related assessment.

vi



Acknowledgements

I would like to express my sincere gratitude to all those who have supported me through-
out my doctoral studies and contributed to the completion of this thesis.

First and foremost, I would like to extend my deepest appreciation to my supervisor,
Dr. Jonathan Li, for his continuous guidance, encouragement, and patience. Throughout
my doctoral journey, he has not only provided invaluable academic mentorship but also
cared deeply about my well-being and personal growth. His support extended far beyond
research discussions; he consistently checked on my physical and mental health, offered
reassurance during difficult periods, and provided thoughtful advice on my long-term career
development. His kindness, integrity, and dedication made him not only an exceptional
advisor but also a mentor whose guidance felt truly familial. I am profoundly grateful for
his trust and for the many opportunities he has given me to grow as a researcher and an
individual.

I am also grateful to the members of my examining committee for their valuable time,
constructive suggestions, and thoughtful feedback. I would like to thank my External
Examiner, Dr. Nicholas Coops, Canada Research Chair in Remote Sensing and Fellow of
the Royal Society of Canada, for his careful review and valuable comments, which helped
improve the clarity and rigour of this thesis. My sincere appreciation extends to Dr.
Lincoln L. Xu for serving as the Internal-External Member, and to Dr. Derek T. Robinson
and Dr. Michael A. Chapman for their insightful comments and contributions during the
research and examination process.

I would like to express special gratitude to Dr. Haiyan Guan for her continued support
during my PhD. Her encouragement, collaborative opportunities, and belief in my potential
were especially meaningful at times when I felt uncertain or overwhelmed. Her guidance
has had a lasting impact on both my research and my confidence.

My heartfelt appreciation goes to all my colleagues in the Geospatial Intelligence and
Mapping Lab for creating a supportive, collaborative, and inspiring research environment.
Their willingness to help, share ideas, and provide encouragement made my research jour-
ney both productive and enjoyable. I am especially grateful to Dr. Dening Lu, Wentao
Sun, Dr. Hongjie He, Dr. Weikai Tan, Dr. Lingfei Ma, Dr. Yongtao Yu and many others
for their academic discussions, technical assistance, and friendship. I would like to give
particular thanks to Dr. Liangzhi Li and Jirui Hu for their support during fieldwork, which
contributed significantly to data collection and the overall progress of this research.

Finally, I would like to thank my friends and family for their unwavering encouragement,
understanding, and emotional support. Their belief in me has been an enduring source of
strength throughout this journey.

vii



Dedication

To God and to my Lord Jesus Christ,
whose grace, strength, and guidance

have sustained me throughout this journey.

viii



Table of Contents

Examining Committee ii

Author's Declaration iii

Statement of Contributions iv

Abstract vi

Acknowledgements vii

Dedication viii

List of Figures xiii

List of Tables xv

List of Abbreviations xvii

1 Introduction 1

1.1 Background and Motivations . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Structure of This Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 Literature Review 6

2.1 Training Data Preparation for Individual
Tree Species Classi�cation . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

ix



2.1.1 Automatic tree instance segmentation . . . . . . . . . . . . . . . . . 6
2.1.2 Interactive segmentation . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2 Deep Learning in Tree Species Classi�cation from Point Clouds . . . . . . 10
2.2.1 Overview of deep learning methods for tree species classi�cation . . 10
2.2.2 3D Transformer architectures for feature learning in sparse point

clouds . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.3 Generalization Issues in Tree Species Classi�cation from Point Clouds . . . 14

2.3.1 Dataset imbalance . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.3.2 Cross platform variability . . . . . . . . . . . . . . . . . . . . . . . 15
2.3.3 Transfer learning techniques . . . . . . . . . . . . . . . . . . . . . . 16

2.4 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3 Interactively Preparing Individual Tree-level Training Samples 19
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.2 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.3.1 Data preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
3.3.2 Segmentation network . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.3.3 Post-processing re�nement . . . . . . . . . . . . . . . . . . . . . . . 25
3.3.4 Experimental details . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.3.5 Evaluation metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.4.1 Accuracy on seen dataset . . . . . . . . . . . . . . . . . . . . . . . . 29
3.4.2 Accuracy on unseen cross-platform datasets . . . . . . . . . . . . . 30
3.4.3 Benchmark comparison . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.4.4 E�ectiveness and impact of user interactions on the segmentation

accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.4.5 E�ciency of the proposed framework . . . . . . . . . . . . . . . . . 39

3.5 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4 Individual Tree Species Classi�cation on Low-density Point Clouds 42
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
4.2 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

x



4.2.1 Study area . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.2.2 Airborne multispectral LiDAR data . . . . . . . . . . . . . . . . . 43

4.2.3 Field survey data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.3.1 Data preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.3.2 Attribute-Aware Cross-Branch Transformer . . . . . . . . . . . . . 52

4.3.3 Experimental details . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.3.4 Evaluation metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.4.1 Classi�cation results and comparison study . . . . . . . . . . . . . . 60

4.4.2 Channel merging selection . . . . . . . . . . . . . . . . . . . . . . . 66

4.4.3 Point sampling and sample set strategies . . . . . . . . . . . . . . . 67

4.4.4 Role of AML data attributes . . . . . . . . . . . . . . . . . . . . . . 70

4.5 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5 Transfer Learning for Individual Tree Species Classi�cation 73

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.2 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.2.1 Pretrain dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.2.2 Unseen dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

5.2.3 Data split . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

5.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.3.1 Data preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.3.2 Pretrain base model training . . . . . . . . . . . . . . . . . . . . . . 81

5.3.3 Transfer learning process . . . . . . . . . . . . . . . . . . . . . . . . 83

5.3.4 Experiment design and evaluation . . . . . . . . . . . . . . . . . . 86

5.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

5.4.1 Pretrain base model performance . . . . . . . . . . . . . . . . . . . 87

5.4.2 Transfer learning to match accuracy . . . . . . . . . . . . . . . . . 89

5.4.3 Training with fewer data . . . . . . . . . . . . . . . . . . . . . . . . 92

5.4.4 E�ectiveness of data preprocessing . . . . . . . . . . . . . . . . . . 95

5.5 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

xi



6 Conclusions and Recommendations 99

6.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

6.2 Recommendations for Future Studies . . . . . . . . . . . . . . . . . . . . . 101

References 103

xii



List of Figures

3.1 Illustration of the proposed work
ow. Blue points: target tree instance; Red
points: background points. . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.2 Segmentation network used in this study. . . . . . . . . . . . . . . . . . . . 26

3.3 Plot-level example of post-processing auto re�nement: (a) Before the auto
re�nement; (b) After the auto re�nement. Red: unclassi�ed points; Grey:
non-tree points. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.4 Examples of visualization comparison between ground truth (Column 1),
predicted results by this method (Column 2), and errors (Column 3). Grey:
background points; Green: correctly predicted points; Red: wrongly pre-
dicted points. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.5 An example of visualization comparison between ground truth (Column 1),
predicted results by this method (Column 2), and errors (Column 3) from
the top view. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.6 A tree instance with di�erent BBox margins. . . . . . . . . . . . . . . . . . 37

3.7 E�ect of bounding box margin size on segmentation accuracy across all
datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.8 E�ect of number of interactive clicks on segmentation accuracy and inference
e�ciency across all datasets. The plots show the average model performance
(left) and inference time (right) across all test datasets, computed at the plot
level. The mIoU values include both tree instance points and background
points to re
ect overall segmentation quality. . . . . . . . . . . . . . . . . . 39

3.9 Comparison of training and inference time across di�erent methods and
datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.1 Map of York Regional Forest North Tract. Squares: 50 m by 50 m �eld plots. 44

xiii



4.2 Illustration of each plot including the orthophoto, DSM rendering based on
AML point cloud, and the �nal manually labelled tree instance (each tree
instance was rendered in a random colour). . . . . . . . . . . . . . . . . . . 46

4.3 Example of a tree map created during the �eld work with AML data, ren-
dered by elevation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.4 The overview work
ow of this study. . . . . . . . . . . . . . . . . . . . . . 49
4.5 Illustration of individual tree samples of (a)Populus tremuloides, (b) Larix

laricina, (c) Acer saccharum, (d) Picea abies, (e) Pinus resinosa, and (f)
Pinus strobus. Point clouds are rendered by normalized height information
(with colours ranging from blue to red to indicate low to high heights), and
grey points represent the ground that is not included in the tree sample. . 51

4.6 The architecture of the proposed dual-branch Transformer network. N, C,
and D represent the number of points, the number of channels input into
the network, and the output dimensions of each process, respectively. . . . 54

4.7 Proposed Cross-Branch Attention mechanism. . . . . . . . . . . . . . . . . 55
4.8 The illustration of the mean decrease of impurity calculated by RF. . . . . 59
4.9 The point density distribution of intensity value by channel and return num-

ber of upper-layered and under-layeredAcer saccharum. . . . . . . . . . . . 63
4.10 The box plot of 10-fold cross-validation results of DL-based methods. . . . 66
4.11 Overall accuracies achieved by using di�erent point sampling strategies and

sample groups. The histogram in the background shows the distribution of
the number of samples by the number of points each sample contains. . . . 68

5.1 Illustration of all species used in this chapter. Green: samples from pretrain
dataset; Blue: samples from the unseen dataset. . . . . . . . . . . . . . . . 75

5.2 Overview of the proposed transfer learning framework and evaluation pro-
tocol for cross-platform individual tree species classi�cation. . . . . . . . . 79

5.3 Illustration of the pretrain base model architecture. . . . . . . . . . . . . . 82
5.4 Illustration of the transfer learning process. . . . . . . . . . . . . . . . . . . 84
5.5 Comparison of training and validation loss and accuracy between the base-

line and transfer-learned models. . . . . . . . . . . . . . . . . . . . . . . . 91
5.6 Comparison of baseline and transfer-learned model performance under train-

ing with less samples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
5.7 Training e�ciency comparison between the baseline and transfer-learned

models under di�erent training data settings. . . . . . . . . . . . . . . . . . 94

xiv



List of Tables

2.1 Summary of representative studies on individual Tree Species Classi�cation
(TSC) using LiDAR point clouds. . . . . . . . . . . . . . . . . . . . . . . . 13

3.1 Summary of the datasets used in this study . . . . . . . . . . . . . . . . . 21

3.2 Evaluation results on FOR-instance dataset . . . . . . . . . . . . . . . . . 32

3.3 Evaluation results on NIBIO MLS dataset . . . . . . . . . . . . . . . . . . 33

3.4 Evaluation results on LAUTx dataset . . . . . . . . . . . . . . . . . . . . . 33

3.5 Benchmark comparison on FOR-instance dataset with TreeisoNetand ForAINet 35

3.6 Benchmark comparison on NIBIO MLS and LAUTx datasets with Point2Tree 36

4.1 AML data acquiring parameters . . . . . . . . . . . . . . . . . . . . . . . . 44

4.2 Surveying details of the trees, including genus and species information, leaf
type, sample size (N), and summary statistics for tree height and DBH. . . 48

4.3 Sample size statistics by species and point threshold group. . . . . . . . . . 51

4.4 Details of datasets under di�erent point sampling strategies. . . . . . . . . 53

4.5 Description of the features used in classic ML-based methods. . . . . . . . 58

4.6 Classi�cation results of tree species using AACB Transformer network. . . 60

4.7 Classi�cation results of tree genera using AACB Transformer network. . . . 61

4.8 Classi�cation results of tree foliage types using AACB Transformer network. 61

4.9 Evaluation metrics (%) for benchmark methods comparison. . . . . . . . . 65

4.10 TSC results using di�erent channel merging methods. . . . . . . . . . . . . 67

4.11 Ablation study of di�erent input attributes. . . . . . . . . . . . . . . . . . 70

5.1 Tree species details for the pretraining and unseen datasets. . . . . . . . . 76

5.2 Dataset split details of Pretrain Dataset. . . . . . . . . . . . . . . . . . . . 77

xv



5.3 Dataset split details of Unseen Dataset. . . . . . . . . . . . . . . . . . . . . 78

5.4 Per-species classi�cation performance on validation and testing sets of base
model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

5.5 The performance of the baseline and transfer-learned models on validation
and testing sets with 100% training samples. . . . . . . . . . . . . . . . . . 90

5.6 Ablation study on the e�ectiveness of feature preprocessing across primary
and secondary input branches. . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.7 Sample statistics of the eight species selected from the pretraining dataset
that are available across all three sensor domains (TLS, ULS, MLS). The
last column reports the per-species minimum count across sensors, which is
used for sensor-balanced sampling. . . . . . . . . . . . . . . . . . . . . . . 96

5.8 Cross-domain nearest-neighbour retrieval for evaluating cross-sensor seman-
tic alignment. Queries from one sensor retrieve candidates from another
sensor; Top-k reports the same-species hit rate. . . . . . . . . . . . . . . . 97

5.9 Radius sensitivity analysis for density descriptors. . . . . . . . . . . . . . . 98

xvi



List of Abbreviations

2D two-dimensional
3D three-dimensional

AACB Attribute-Aware Cross-Branch
ALS Airborne Laser Scanning
AML Airborne Multispectral LiDAR

BBox Bounding Box

CBA Cross-Branch Attention
CHM Canopy Height Model
CNN Convolutional Neural Network

DL Deep Learning
DNN Deep Neural Network

FPS Farthest Point Sampling

GFL Global Feature Learning
GPU Graphic Processing Unit
GT Ground Truth

IoU Intersection-over-Union
IS Interactive Segmentation
ITD Individual Tree Detection

KNN K-Nearest Neighbourhood

LFA Local Feature Aggregation
LiDAR Light Detection and Ranging

xvii



mIoU Mean Intersection over Union
ML Machine Learning
MLP Multilayer perceptron
MLS Mobile Laser Scanning
MSG Multi-scale Group

NN Nearest Neighbouring

OA Overall Accuracy

PCT Point Cloud Transformer
PT Point Transformer
PTv3 Point Transformer V3

RF Random Forest

SM Simple Merging
SPN Spherical Neighbouring
SVM Support Vector Machine

TIS Tree Instance Segmentation
TL Transfer Learning
TLS Terrestrial Laser Scanning
TSC Tree Species Classi�cation

UAV Unmanned Aerial Vehicle
ULS UAV-borne Laser Scanning

YRF York Regional Forest

xviii



Chapter 1

Introduction

1.1 Background and Motivations

Forests are among the most critical components of the global carbon cycle, serving as
major terrestrial carbon sinks that support climate regulation, biodiversity conservation,
and ecosystem productivity (Pan et al., 2011; Xu et al., 2016, 2018). Reliable monitoring
of forest conditions requires accurate information at the individual-tree level, including
species, height, crown dimensions, diameter at breast height, and stem volume. Accurate
identi�cation of individual tree species is pivotal for sustainable forest management, bio-
diversity monitoring, and carbon stock estimation (Xi et al., 2024). At the individual-tree
level, species information supports the quanti�cation of structural and functional diversity,
enabling re�ned assessments of ecosystem dynamics and productivity. Species composition
strongly in
uences forest resilience, growth rates, timber quality, and ecological functions,
making species-level information indispensable for long-term resource management and
conservation planning. These considerations highlight the need for reliable, scalable ap-
proaches to acquire species information at the level of individual trees.

Traditional �eld-based inventory approaches remain highly accurate but are constrained
by labour intensity and limited spatial coverage, making them di�cult to scale to large
or remote forest regions (NIF, 2021). Remote sensing technologies have therefore become
essential tools for modern forest inventory. Multispectral and hyperspectral imagery has
been widely used in Tree Species Classi�cation (TSC) at plot, stand, and landscape scales
(Hartling et al., 2019; Ku�zelka et al., 2020; Li et al., 2021). However, the complex horizontal
and vertical structure of forest canopies often leads to occlusion and spectral confusion,
which can reduce the reliability of species identi�cation derived solely from passive imagery,
as noted by Iglhaut et al. (2019). Consequently, manual interpretation is still necessary to
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ensure high-quality results in many applications (NIF, 2021).

Light Detection and Ranging (LiDAR) provides an alternative source of information
by capturing precise three-dimensional (3D) structural details of individual trees. Systems
such as Terrestrial Laser Scanning (TLS), Airborne Laser Scanning (ALS), Mobile Laser
Scanning (MLS), and UAV-borne Laser Scanning (ULS) enable the accurate measurement
of canopy morphology, stem geometry, and tree height over a wide range of spatial scales
(Calders et al., 2020; Micha lowska and Rapi�nski, 2021). ALS is particularly e�ective for
regional or national coverage and has been shown to produce reliable individual-tree at-
tributes even at relatively sparse point densities below 50 points m� 2 (Hyypp•a et al., 2018;
Xu et al., 2021). TSC can bene�t from fusing LiDAR with multispectral or hyperspectral
imagery, which combines geometric and radiometric information to enhance species dis-
crimination (Budei et al., 2018; Kukkonen et al., 2019a; Lindberg et al., 2021; Qin et al.,
2022). However, acquiring high-resolution multispectral or hyperspectral data requires ad-
ditional sensors, distinct 
ight missions, and challenging calibration procedures, resulting
in higher costs and increased operational complexity (M•ayr•a et al., 2021; Pereira Martins-
Neto et al., 2023; Balestra et al., 2024). As a result, LiDAR-only approaches remain highly
desirable for large-scale and cost-e�ective forest monitoring.

The rapid advancement of Deep Learning (DL) has created new opportunities for auto-
mated LiDAR interpretation. Deep neural networks can model complex geometric patterns
directly from raw point clouds and have demonstrated encouraging results in individual
tree segmentation and species classi�cation (Puliti et al., 2023b; Zhang et al., 2023; Li et al.,
2023b). Nevertheless, several critical limitations still hinder the operational deployment of
DL for TSC.

The �rst limitation concerns the di�culty of producing high-quality training data.
Segmenting individual trees from raw point clouds is challenging in forests with overlapping
crowns, occlusions, and irregular point densities. Manual delineation remains expensive
and time consuming, and most existing datasets contain fewer than 2,000 annotated trees
(Windrim and Bryson, 2020; Zhang et al., 2023; Puliti et al., 2023b). This challenge
motivates the �rst research question: how can individual tree segmentation be achieved
more e�ciently and reliably in complex forest environments?

The second limitation arises from the characteristics of sparse ALS point clouds. Many
existing DL architectures are optimized for dense TLS or ULS point clouds, where detailed
structural information is abundant (Xi et al., 2020; Liu et al., 2022c). Sparse ALS data
contain fewer points per tree, uneven spatial distributions, and incomplete canopy repre-
sentation, reduce classi�cation accuracy. This issue leads to the second research question:
can DL models e�ectively classify individual tree species using low-density LiDAR point
clouds?
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The third limitation involves the lack of generalization across LiDAR platforms. Point
clouds from ALS, TLS, MLS, and ULS di�er substantially in point density, scanning ge-
ometry, radiometric characteristics, and noise distribution. These variations introduce
signi�cant domain gaps that limit a single model's ability to perform well across multiple
sensors. Even large combined datasets such as FOR-species20K (Puliti et al., 2025) remain
limited to a �xed set of species and do not address how models can recognize species unseen
during training. This motivates the third research question: how can Transfer Learning
(TL) strategies enhance cross-platform generalization and enable e�cient adaptation to
newly introduced species with limited labelled samples.

Together, these challenges underscore the need for methods that can (1) e�ciently
generate high-quality training samples for large-scale analysis, (2) extract discriminative
species information from sparse point clouds, and (3) generalize across heterogeneous Li-
DAR platforms and novel species. Addressing these limitations forms the core motivation
of this thesis.

1.2 Research Objectives

The overarching objective of this thesis is to develop an integrated DL framework for accu-
rate, e�cient, and generalizable individual tree analysis from multi-platform LiDAR point
clouds. Despite recent progress, existing methods for tree-level segmentation and species
classi�cation face several critical challenges. First, automated individual tree segmentation
in complex forest environments remains di�cult due to occlusion, overlapping crowns, and
variations in point density across acquisition platforms. Second, current species classi�ca-
tion networks are often designed for dense point clouds, which lack scalability for sparse
point clouds. Finally, cross-platform generalization remains a major bottleneck, as models
trained on one LiDAR system (e.g., ALS, TLS, Unmanned Aerial Vehicle (UAV), or MLS)
often fail to adapt to others due to di�erences in point density, intensity, and noise char-
acteristics. Meanwhile, a TSC model trained on certain tree species cannot handle with
unseen species classi�cation.

To address the major limitations in current forestry point cloud research, three speci�c
objectives are de�ned as follows:

Objective 1: Development of an interactive DL pipeline to e�ectively and
accurately prepare individual tree-level training samples for tree species clas-
si�cation. This objective focuses on designing and validating an interactive instance
segmentation framework capable of e�ciently delineating individual trees in complex for-
est environments. By integrating user-guided inputs, such as bounding boxes or interactive
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clicks, with DL{based 3D point cloud segmentation, the system aims to achieve accurate
and 
exible tree delineation without extensive manual annotation. The resulting high-
quality individual tree samples provide reliable training data for subsequent classi�cation
and biomass estimation tasks.

Objective 2: Design of a transformer-based model for low-density LiDAR
point cloud of tree species classi�cation. This objective aims to develop a transformer-
based DL architecture that e�ectively captures both global contextual and local geometric
information from sparse multispectral point clouds. The model will jointly leverage ge-
ometric and radiometric features to enhance the discrimination of subtle species-speci�c
patterns, addressing challenges such as uneven point density and incomplete canopy rep-
resentation in airborne LiDAR data. The goal is to improve the robustness and accuracy
of TSC under diverse and low-density data conditions.

Objective 3: Exploration of transfer learning strategies for cross-platform
and unseen species generalization of point clouds. The �nal objective investigates
how TL can improve the adaptability of DL models across heterogeneous LiDAR platforms
and unseen species. By pretraining models on multi-platform datasets and �ne-tuning
them on limited labelled samples from new domains, this study seeks to enhance gener-
alization, scalability, and data e�ciency. The objective is to enable the rapid adaptation
of TSC models to new sensors, forest types, or species compositions, facilitating broader
operational applications.

Among segmentation, classi�cation, and domain adaptation in forestry LiDAR applica-
tions, the proposed approaches collectively advance automated, data-e�cient, and gener-
alizable forest monitoring systems that support sustainable forest management and carbon
assessment initiatives.

1.3 Structure of This Thesis

This thesis is organized into six chapters and collectively addresses three research objectives
in individual tree-level point cloud analysis using DL technology.

Chapter 1 introduces the background and motivation of the research. when applying
DL approaches to individual tree segmentation and species classi�cation of point clouds
are presented, and research objectives are proposed accordingly.

Chapter 2 provides a comprehensive review of the literature related to individual tree
segmentation and TSC using LiDAR point clouds. It highlights three critical research gaps
that motivate this thesis: the challenge of e�ciently preparing tree-level training samples,
the limited suitability of existing DL architectures for sparse point clouds, and the absence
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of models capable of performing reliably across multiple LiDAR platforms, and reviews
potential DL{based solutions that may address these issues.

Chapter 3 addresses Objective 1 by presenting an interactive DL pipeline for individual
tree segmentation. This chapter describes the proposed segmentation framework, its data
preprocessing strategies, and the integration of user-guided interaction to improve segmen-
tation accuracy. Experimental results demonstrate its e�ectiveness in producing reliable
individual tree samples for downstream applications.

Chapter 4 addresses Objective 2 by designing of a transformer-based model tailored for
TSC from low-density airborne multispectral LiDAR data. This chapter introduces the
Attribute-Aware Cross-Branch (AACB), detailing its dual-branch architecture for captur-
ing both global contextual and local geometric features, and evaluating its performance
under sparse data conditions.

Chapter 5 addresses Objective 3 by exploring TL strategies to improve cross-platform
generalization in individual TSCs. It presents a uni�ed preprocessing pipeline and a multi-
phase �ne-tuning approach that enables models pretrained on multi-platform datasets to
adapt e�ciently to unseen environments and new species, signi�cantly reducing the need
for extensive labelled data.

Chapter 6 concludes the thesis by summarizing the major �ndings and outlining future
research directions for scalable, generalizable 3D forest analysis.
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Chapter 2

Literature Review

This chapter reviews the existing literature on deep learning-based individual tree species
classi�cation (TSC) from point cloud data in relation to the three main objectives of this
thesis. It �rst examines how individual tree samples are prepared under data scarcity
and motivates the use of interactive segmentation. It then discusses the current status
and limitations of deep learning architectures for TSC, which motivate three-dimensional
Transformer-based networks. Finally, it reviews issues related to dataset imbalance, cross-
platform variability, and limited species coverage, and introduces transfer learning tech-
niques to address these issues and improve model generalization.

2.1 Training Data Preparation for Individual
Tree Species Classi�cation

2.1.1 Automatic tree instance segmentation

Accurate Tree Instance Segmentation (TIS) from LiDAR point clouds is a fundamental
prerequisite for generating large-scale training samples in deep learning-based individual
TSC. E�ective TIS enables reliable extraction of tree-level attributes such as species, height,
crown diameter, and diameter at breast height. Conventionally, TIS is conducted in two
main steps: Individual Tree Detection (ITD) and segmentation. This method usually
requires detecting the treetops or trunk locations �rst, then applying clustering algorithms
to segment each tree instance. Traditional TIS methods are limited by data dependency
and parameter-tuning requirements, are designed for speci�c types of LiDAR data, and
have limited cross-platform adaptability.
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Models with numerous parameters, such as treeseg (Burt et al., 2019) with over 14 and
Treeiso (Xi and Hopkinson, 2022) with 9, o�er 
exibility but require complex tuning across
di�erent scenarios. Besides, most of them require removing ground points or normalizing
the point cloud �rst (Xi and Hopkinson, 2022; Huo et al., 2022; Wang, 2020). Methods
developed from TLS data typically �rst detect tree trunk locations and then segment in-
dividual trees using algorithms such as region growing or graph cuts (Xi and Hopkinson,
2022; Fu et al., 2022; Burt et al., 2019). However, LiDAR data, acquired from platforms
such as �xed-wing aircraft or UAVs often lack complete point clouds for tree trunks, mak-
ing these methods unsuitable for individual tree extraction from airborne datasets. On the
other hand, segmentation methods based on the Canopy Height Model (CHM) (Huo et al.,
2022) primarily rely on canopy point cloud heights to identify individual trees. TLS data
often exhibit missing information in higher canopy layers, leading to increased detection
errors. Therefore, traditional methods struggle to adapt e�ectively to data collected across
di�erent platforms. Moreover, traditional TIS performance in metrics such as detection
rates has improved only marginally over the past two decades, especially in complex forest
scenarios, where high omission error rates and biased volume or biomass estimates persist
(Wielgosz et al., 2024). Consequently, traditional TIS methods not only require complex
parameter tuning and consume signi�cant computational resources but also produce out-
puts that still demand extensive manual editing, limiting their practical applicability.

In recent years, as deep learning algorithms have advanced, more and more research
has begun using DL techniques to solve the TIS problem. Based on the CHM, Chang et al.
(2022) applied YOLOv3 network to detect each tree crown boundary in two-dimensional
(2D) spaces, and then several clustering operations were used to re�ne the tree instance
segmentation in 3D spaces. Straker et al. (2023) adopted the YOLOv5 model for tree
crown segmentation and demonstrated that it outperformed the traditional TIS method
33.0% in detection rate on the FOR-instance dataset (Puliti et al., 2023b). Windrim and
Bryson (2020) proposed a method that uses the Faster Region-based Convolutional Neural
Network (CNN) to detect individual trees from projected bird's-eye-view images, followed
by tree stem segmentation and model �tting to acquire the tree instance. However, the de-
tection rate in this work varies signi�cantly across di�erent datasets (Windrim and Bryson,
2020). Similarly, Zhang et al. (2023) used Point Transformer network to acquire treetop
�rst and then utilized mean shift clustering and post-processing strategies to extract tree
instance from the point cloud, which achieved 89.0% of F1-score. Xiang et al. (2024) used
a shared 3D CNN as the feature-extraction backbone and ensemble three parallel predic-
tion heads to achieve TIS, achieving an F1-score of 85.1%. The benchmark experiments
of TreeisoNet indicated the superiority of DL-based model, which achieved a consistently
higher Mean Intersection over Union (mIoU) of 0.85 across all plots, substantially outper-
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forming the watershed-based (68:0%) and shortest-path- based (79:0%) methods (Xi and
Degenhardt, 2025). These studies have demonstrated that deep learning methods signif-
icantly outperform traditional algorithms in individual tree segmentation. Still, the �nal
performance of TIS is highly dependent on the individual tree detection results.

Although deep learning models have shown promising performance in TIS tasks, their
e�ectiveness is limited by the di�culty of obtaining su�cient training data, as producing
reliable, and accurate samples is both costly and time-consuming. Currently, most studies
on extracting individual-tree information from LiDAR point cloud data in forestry typically
use fewer than 2,000 samples for deep learning model training, which is insu�cient. Win-
drim and Bryson (2020) used 1,527 trees and Zhang et al. (2023) used 1,558 trees to train
their models, whereas the total dataset size in Wang et al. (2023b)'s study is 1,133 trees.
Some studies, such as Xiang et al. (2024), attempted to enhance training datasets by incor-
porating data augmentation strategies which randomly removed tree instances in a target
plot and added augmented trees from other plots. Unfortunately, these e�orts resulted
in only slight improvements in performance (Xiang et al., 2024). Therefore, TIS results
extracted by current deep learning models often lack robustness and precision (Wielgosz
et al., 2023; Windrim and Bryson, 2020; Xiang et al., 2024; Henrich et al., 2024a; Wang
et al., 2023b), which constraints the practical application of these models in real-world
forestry operations, where diverse and complex data scenarios are common.

Additionally, data acquired from di�erent sensor platforms, such as TLS, ULS, MLS,
and ALS, exhibit unique characteristics, including scanning patterns, point cloud density,
and distribution, which make it challenging for deep learning models to achieve high gen-
eralization. Most models cannot handle other types of LiDAR point clouds or even same
type of point clouds in other locations. For instance, TLS2Trees was initially trained on
tropical lowland dipterocarp forest and disturbed complex notophyll vine forest, but when
applied to a temperate broadleaved, coniferous, and mixed forest dataset, its performance
was poor (Wielgosz et al., 2023; Wilkes et al., 2023). Xi and Degenhardt (2025) proposed
a TreeisoNet, a method that achieves individual tree segmentation through a series of sep-
arate DL modules. It leverages both stem semantic information and point cloud clustering
features to extract individual tree instances. However, the models need to be trained sep-
arately for point cloud data acquired by di�erent sensing methods (Xi and Degenhardt,
2025). Recently, some studies have attempted to train a generalized individual tree seg-
mentation model, for example, SegmentAnyTree (Wielgosz et al., 2024), using extensive
types of LiDAR data and applying data augmentation techniques. Despite achieving im-
provements of up to 20% in detection rates compared to current state-of-the-art methods,
the �nal performance in evaluation metrics such as detection rate and F1-score still exhibits
limitations (Wielgosz et al., 2024). Across all tested datasets, the mean detection rate and
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mean F1-score were 76.9% and 84.9%, respectively (Wielgosz et al., 2024). When these
results are used as inputs to downstream tasks, such as TSC, they may introduce addi-
tional uncertainty and bias, potentially a�ecting the accuracy and reliability of those tasks.
Due to the randomness and uncertainty of errors, these kinds of results often introduces
obstacles and complexity for manual correction and editing.

Taken together, existing work shows that both traditional and deep learning-based TIS
approaches face data scarcity, cross-platform variability, and limited robustness, which
motivates the exploration of more e�cient ways to generate high-quality training data.

2.1.2 Interactive segmentation

To e�ciently and rapidly acquire high-quality individual tree samples while reducing the
cost associated with manual delineation and correction, it is essential to obtain model
outputs of the highest possible accuracy. This would allow more e�ective and streamlined
manual editing processes. Given these considerations, Interactive Segmentation (IS) which
leverages user input to guide the segmentation process is a potential solution. Unlike
fully automated methods that rely solely on pre-trained models, interactive segmentation
integrates user interaction information to extract the target objects from the background
(Ramadan et al., 2020). Based on the nature of user-provided prompts, IS methods can
be categorized as seed-based, in which the user provides points, line segments, or strokes,
and region-of-interest-based, in which the user provides Bounding Box (BBox), polygons,
or closed contours (Ramadan et al., 2020). By incorporating these provided prompts, IS
can substantially improve segmentation accuracy and e�ciency, yielding results that are
more suitable for downstream tasks (Ramadan et al., 2020; Sun et al., 2023).

Recent advances in interactive image segmentation further demonstrate that user-
guided prompts can signi�cantly enhance segmentation robustness in di�cult scenarios.
Methods such as InterFormer (Huang et al., 2023) and SimpleClick (Liu et al., 2023) show
that transformer-based architectures coupled with prompt encoding can achieve highly ac-
curate boundary re�nement with minimal user input, even under occlusion and ambiguous
object boundaries. According to So�iuk et al. (2022), click-based interactive image seg-
mentation show that high-quality results can be achieved with simple feedforward models,
without costly inference-time optimization, demonstrating that e�cient user-guided re�ne-
ment can substantially improve segmentation accuracy while remaining computationally
lightweight. Although primarily developed for 2D imagery, these advances illustrate how
interactive cues help correct model uncertainty and improve segmentation consistency.

Sun et al. (2023) provided early evidence that interactive segmentation can be e�ec-
tively extended to 3D point clouds. Their method was evaluated on a diverse set of major
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general-purpose point cloud datasets, including KITTI, Roadmarking, Scannet, and Se-
manticKITTI datasets that contain indoor or large-scale outdoor driving scenes with com-
plex object distributions (Sun et al., 2023). These results demonstrated that interactive
mechanisms can successfully re�ne 3D segmentation in real-world point cloud environ-
ments. However, despite these advances, no existing work has yet validated IS in forestry
LiDAR scenarios, where tree crowns exhibit extreme variability in shape, occlusion, and
point density. This gap highlights a signi�cant opportunity for applying interactive segmen-
tation to generate high-quality individual-tree samples from complex forest point clouds
e�ciently.

2.2 Deep Learning in Tree Species Classi�cation from
Point Clouds

2.2.1 Overview of deep learning methods for tree species classi-
�cation

In recent years, the rapid advancement of DL has opened new opportunities for automated
interpretation of LiDAR data. Deep Neural Network (DNN), capable of learning com-
plex spatial and structural patterns directly from raw data, has demonstrated remarkable
success in various tasks in forest environments (Puliti et al., 2023a; Wielgosz et al., 2024;
Zhang et al., 2023; Li et al., 2023b). Applying these techniques to individual TSC has
been tested to move beyond handcrafted features, achieving more generalizable and robust
performance across diverse forest environments (Liu et al., 2022b; Fan et al., 2023; Wang
et al., 2024; Puliti et al., 2025). Current approaches can be broadly categorized into two
main paradigms based on data representation: (1) 2D projection-based methods and (2)
3D point-based methods, as listed in Table 2.1.

The �rst paradigm projects LiDAR point clouds into 2D raster or image-like repre-
sentations, such as CHMs, intensity maps, or multi-view depth images. These 2D forms
can be e�ciently processed by CNNs originally designed for image recognition tasks. For
example, Hamraz et al. (2019) classi�ed two leaf types from ALS data using a CNN with
an Overall Accuracy (OA) of 87:0%, while Allen et al. (2023a) applied a multiview CNN
to TLS data in Mediterranean forests, achieving 81:0% OA. Although these methods ef-
fectively leverage mature 2D architectures and pretraining resources, they inherently lose
�ne-grained 3D structural information during projection.

The second paradigm directly utilizes raw 3D point cloud data, enabling models to
preserve spatial geometry and tree morphology. Point-based architectures such as PointNet
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(Qi et al., 2017a), PointNet++ (Qi et al., 2017b), PointCNN (Hell et al., 2022), and their
variants have demonstrated promising results in various forest types and scanning platforms
(Briechle et al., 2019; Hell et al., 2022; Fan et al., 2023). For instance, Fan et al. (2023)
achieved 92:0% OA using PointNet++ on ALS data in subtropical mixed forests, and
Liu et al. (2022b) reported over 95:0% OA with a backpack LiDAR system across boreal,
temperate, and subtropical forests. Compared with 2D approaches, 3D methods can better
capture detailed crown structure, branch distribution, and volumetric cues that are closely
related to species traits, and their outputs are inherently compatible with other 3D forest
metrics, such as crown volume estimation or canopy height derivation.

However, directly processing irregular and unordered 3D point clouds presents greater
technical challenges. Unlike 2D raster data with �xed spatial topology, point clouds re-
quire models with strong geometric reasoning and permutation-invariant learning capa-
bilities to capture both local and global spatial dependencies e�ectively. Recently, the
release of the FOR-species20K benchmark (Puliti et al., 2025) provided a uni�ed eval-
uation of seven leading DL models for individual TSC, covering both 3D point-based
including PointNet++, MinkNet, MLP-Mixer, and DGCNN, and 2D-based approaches in-
cluding SimpleView, DetailView, and YOLOv5. 2D image-based models achieved slightly
higher mean accuracy (77:0%) than 3D point-based ones (72:0%), suggesting that mature
2D architectures still retain advantages in feature extraction and training stability (Puliti
et al., 2025). In contrast, 3D deep learning frameworks are generally more computation-
ally demanding and data-hungry (Guo et al., 2020), with performance highly dependent on
carefully designed sampling, normalization, and augmentation strategies to ensure robust
generalization across forest types and scanning conditions. Nonetheless, 3D methods re-
main more interpretable and transferable to downstream structural analyses, underscoring
the complementary strengths of these two paradigms.

A variety of DL-model models have substantially improved the point cloud classi�ca-
tion accuracies (e.g., PointNet++, and PointCNN) (Hell et al., 2022; Liu et al., 2022c;
Briechle et al., 2020; Li et al., 2023b; Guan et al., 2019), they are not speci�cally de-
signed for addressing sparse point clouds and have only been tested on dense point clouds
(� 50 points m� 2) from terrestrial scanning (e.g., Xi et al. (2020)), UAV (e.g., Liu et al.
(2022c)), and ALS (e.g., Briechle et al. (2020)) acquisition platforms. So, tailor-designing
cutting-edge sparse point cloud processing approaches is critical considering that most for-
est inventory projects typically utilize LiDAR point cloud data acquired by ALS with an
average density of 30 points m� 2 or less (Gobakken and N�sset, 2008; Rana et al., 2022;
Wulder et al., 2012). For sparse point cloud processing, one key issue is how to design
new DL architectures that can e�ciently extract the subtle signature features to separate
di�erent tree species. Studies had shown reduced classi�cation accuracies when the point
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cloud is sparse (e.g., Briechle et al. (2019, 2020); Liu et al. (2022c); Li et al. (2023b)).
These models often struggle to maintain accuracy when applied to sparse ALS data, where
point density is typically below 30 points m� 2, resulting in incomplete canopy representa-
tion and reduced feature �delity. Consequently, there is a pressing need to develop novel
deep learning architectures with strong feature learning and generalization capabilities that
can e�ectively handle the sparsity and heterogeneity of ALS data. Addressing this gap is
critical for enabling large-scale, accurate, and e�cient individual TSC, thereby bridging
the divide between the scienti�c development of LiDAR-based methods and their practical
application in operational forestry.

2.2.2 3D Transformer architectures for feature learning in sparse
point clouds

While deep learning has become the standard approach for point cloud classi�cation and
segmentation, these methods still face notable limitations. Projection-based methods (e.g.
DetailsView (Puliti et al., 2025) and MVCNN (Su et al., 2015)) rely on transforming 3D
data into 2D representations, which often results in incomplete spatial modelling. Volume-
based methods such as VoxNet and OctNet incur high computational costs and lose �ne-
grained geometric information due to voxelization (Lu, 2025). Point-based methods (e.g.,
PointNet (Qi et al., 2017a), PointNet++ (Qi et al., 2017b), and DGCNN (Wang et al.,
2019b)) directly processing raw point clouds, are typically constrained by locality bias and
a limited ability to capture global contextual relationships. In contrast, Transformer-based
models have emerged as a powerful alternative, o�ering a self-attention mechanism capable
of modelling both local and long-range dependencies within irregular point clouds. This
ability to integrate �ne-scale geometric details with global structural context has led to
signi�cant improvements in classi�cation and segmentation tasks. Recent studies, such as
Point Cloud Transformer (PCT) (Guo et al., 2021) and Point Transformer (PT) (Zhao
et al., 2021a), demonstrate the e�ectiveness of this paradigm, making Transformer-based
architectures a compelling choice for complex tasks like individual TSC.

Given the need to capture both �ne-scale structural traits and broader spatial con-
text in individual TSCs, 3DGTN's (Lu et al., 2024) can jointly learn local and global
features through the GLocal module, making them particularly well-suited for this task.
The 3DGTN model is designed with a hierarchical encoder-decoder architecture. The
encoder takes the original point cloud as input and begins with a stem Multilayer per-
ceptron (MLP) block, which projects the raw 3D coordinates into a higher-dimensional
feature space, thereby enriching the initial feature representation (Lu et al., 2024). These
projected features are subsequently passed through a series of GLocal modules, each con-
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sisting of a Local Feature Aggregation (LFA) block and a Global Feature Learning (GFL)
block (Lu et al., 2024). These modules can be stacked hierarchically to progressively cap-
ture multi-scale structural and contextual information from the point clouds. The LFA
block, adapted from multi-scale graph convolutional networks (Wang et al., 2019b), ag-
gregates �ne-grained local features across multiple receptive �elds using a combination of
Farthest Point Sampling (FPS) and ball query strategies. The GFL block incorporates two
types of self-attention mechanisms: Point-wise Self-Attention for spatial context modelling
and Channel-wise Self-Attention for inter-channel correlation modelling. Together, these
mechanisms enable the extraction of high-level global features from multiple perspectives,
enhancing the network's capacity to model complex structural dependencies.

Taken together, these design choices show that 3D Transformer architectures such as
3DGTN can capture both local structural cues and broad contextual patterns in complex
point cloud scenes. This capacity is particularly relevant for individual TSC from sparse
point clouds, where subtle geometric di�erences between crowns must be distinguished
under varying sampling density and viewing geometry. Therefore, this thesis adopts 3D
Transformer architecture as a reference architecture and further adapts its to develop a
network tailored to the joint exploitation of structural and spectral information for tree
species classi�cation.

2.3 Generalization Issues in Tree Species Classi�ca-
tion from Point Clouds

2.3.1 Dataset imbalance

Despite continuous progress in deep learning{based classi�cation, model performance re-
mains heavily dependent on the quality, quantity, and diversity of training data. Existing
studies, as listed in Table 2.1, typically rely on site-speci�c datasets collected within limited
spatial or ecological extents, often representing only a few dominant species. For example,
most existing ALS- or TLS-based studies include only a handful of species, typically 2-10
classes (Hamraz et al., 2019; Hell et al., 2022; Liu et al., 2022b; Fan et al., 2023). The man-
ual delineation of individual trees are labour-intensive and time-consuming, particularly
for large-scale point clouds, making it di�cult to establish balanced and representative
datasets. Moreover, the number of training samples per class is often imbalanced (Li
et al., 2023b; Puliti et al., 2023a; Weiser et al., 2022), and sample augmentation remains
limited compared with those in large-scale vision datasets such as ImageNet. As a result,
models trained on a single forest or platform often exhibit strong site dependency and weak
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generalization when applied to unseen environments or new species.

Although arti�cial intelligence and deep learning have shown strong potential toward
automation, progress has been constrained by the lack of large, diverse, and openly avail-
able single-tree point cloud datasets. To address these limitations, the FOR-species20K
benchmark (Puliti et al., 2025) was compiled from proximally sensed laser-scanning data
from terrestrial, mobile, and UAV systems. The dataset, collaboratively collected from
forests across Europe and supplemented with samples from other continents, comprises
over 20,000 individual trees of 33 species spanning Mediterranean, temperate, and boreal
biogeographic regions (Puliti et al., 2025). By providing an unprecedented scale and di-
versity of labelled single-tree point clouds, FOR-species20K has become an important step
toward standardized evaluation of species classi�cation models. Nevertheless, even this
large-scale benchmark remains limited to a �xed set of species, and its e�ectiveness in rec-
ognizing previously unseen species remains largely unexplored. This challenge highlights a
broader issue in 3D forest understanding tasks: a lack of model generalization beyond the
training domain.

2.3.2 Cross platform variability

In addition to data scarcity, cross-platform variability poses another major obstacle to
model generalization. LiDAR data acquired from di�erent systems|such as ALS, TLS,
MLS, and ULS platforms|exhibit substantial di�erences in spatial resolution, point den-
sity, viewing geometry, and return characteristics (Hyypp•a et al., 2018). In particular, the
point density of TLS and MLS data is typically several orders of magnitude higher than
that of ALS or ULS, leading to strong variations in structural detail and feature scale across
platforms (Wang et al., 2024). Meanwhile, the intensity values are highly sensor-dependent
and a�ected by factors such as weather, wavelength, and incidence angle, making cross-
sensor calibration almost impossible (Kaasalainen et al., 2011). Furthermore, attributes
such as return number, number of returns, and beam divergence are not consistently avail-
able across platforms, limiting the direct comparability of their point features. Due to
these inconsistencies, cross-platform integration is often restricted to the geometric do-
main, where only the spatial coordinates can be reliably utilized across sensors. While
this ensures basic structural consistency, it also greatly reduces the amount of discrim-
inative information available to learning models, making it more di�cult to distinguish
species with similar morphological traits. Consequently, these variations cause a domain
gap in feature distributions and often lead to a signi�cant drop in classi�cation accuracy
when a model trained on one platform is applied to another. As a result, most existing
methods remain constrained to single-sensor conditions, and the potential of integrating
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multi-platform LiDAR data for more generalizable TSC has yet to be fully explored.

2.3.3 Transfer learning techniques

Transfer learning (TL) has long been as an e�ective strategy in computer vision, where
pretrained deep neural networks can be adapted to new tasks with limited annotated
data, substantially improving accuracy and reducing labelling requirements (Zhuang et al.,
2020; Yosinski et al., 2014; He et al., 2019). Individual TSC across ALS, TLS, MLS, and
ULS platforms represents a heterogeneous TL problem, due to substantial di�erences in
point density, geometry, radiometry, and acquisition con�guration (Hyypp•a et al., 2018;
Wang et al., 2024). Conversely, transferring knowledge across forests scanned by the same
platform constitutes a homogeneous TL setting, where domain gaps are relatively smaller
but still non-negligible.

In vegetation-related applications, TL has already demonstrated substantial bene�ts.
Shi et al. (2021) demonstrated that �ne-tuning pretrained CNNs on multisensor hyperspec-
tral{LiDAR data signi�cantly enhances TSC under limited sample availability. Pacheco-
Prado et al. (2023) adapted a pretrained ResNet-101 to smartphone imagery, enabling
robust species recognition despite large variability in illumination, viewpoints, and image
quality. These studies illustrate that pretrained models can can extract discriminative
species-level features even from heterogeneous or limited datasets.

TL is also e�ective in homogeneous settings, where both source and target data share
similar characteristics. In such cases, transferring knowledge increases the e�ective number
of training samples and improves shared representation learning (Nowakowski et al., 2025).
Khaki et al. (2021) demonstrated this using dual-branch network for crop yield prediction,
in which knowledge was mutually transferred between the corn and soybean branches.
Their results show that TL can also reduce model parameters and improve accuracy when
both datasets are acquired under similar conditions.

Transfer learning has recently gained attention in 3D point cloud analysis as well. Hui
et al. (2021) demonstrated that pretrained classi�ers improve individual tree extraction
performance across diverse forest plots by reducing the need for extensive labelled tree
samples. Chattoraj et al. (2022) further showed that a graph neural network pretrained on
synthetic botanical structures can be e�ectively adapted to a small tropical tree dataset,
substantially improving accuracy over models trained from scratch. In the airborne LiDAR
domain, Yuan et al. (2025) proposed a multi-source ALS TL pipeline combining pretrain-
ing, domain adaptation, and incremental learning. Their framework achieved competitive
segmentation accuracy using only 10% labelled samples, underscoring the potential of TL
to reduce annotation costs while enhancing robustness across di�erent LiDAR acquisition
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systems.

From a methodological perspective, TL for point cloud tasks generally falls into three
categories: domain aggregation, semi-supervised domain adaptation, and unsupervised
domain adaptation (Xiao et al., 2022). Domain aggregation combines multiple labelled
datasets to improve resilience to geometric and radiometric variations (Nowakowski et al.,
2025). Semi-supervised domain adaptation leverages a mixture of labelled and unlabelled
target samples, while unsupervised domain adaptation aligns source and target feature
distributions without requiring target labels (Xiao et al., 2022). Prior studies have shown
that these strategies can e�ectively narrow domain gaps in 3D learning tasks, improving
model generalization across sensors, forest types, and acquisition environments.

Taken together, evidence from both 2D and 3D domains shows that TL o�ers a prac-
tical and e�ective solution for overcoming data scarcity, heterogeneity, and cross-platform
inconsistencies. These insights directly motivate the TL-based framework proposed in
this thesis, which aims to enable scalable, generalizable, and data-e�cient individual TSC
across diverse LiDAR platforms.

2.4 Chapter Summary

This chapter reviewed current research on individual tree segmentation and TSC from Li-
DAR point clouds. Traditional segmentation methods still face challenges in complex forest
environments due to occlusion, crown overlap, and variations in point density. Although
deep learning has improved segmentation performance, preparing reliable, large-scale train-
ing samples remains di�cult and time-consuming, limiting the e�ectiveness of these models
in practice.

For TSC, most studies have focused on projection-based deep learning models that
convert 3D point clouds into 2D images. While these methods are computationally e�cient,
they are not suitable for sparse LiDAR data, where detailed structural information is often
lost. In contrast, only a few DNN architectures have been speci�cally designed for sparse
3D point clouds, and their performance remains inconsistent across di�erent data sources.

Moreover, no existing model can perform well across multiple LiDAR platforms. Dif-
ferences in point density, scanning geometry, and intensity between systems such as ALS,
TLS, UAV, and MLS make cross-platform generalization particularly challenging.

These three issues, di�culty in preparing high-quality training samples, the lack of
models tailored for sparse point clouds, and the absence of generalizable cross-platform
solutions, together form the core motivation of this thesis. The following chapters aim
to address these challenges by developing interactive segmentation methods, transformer-
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based classi�cation models, and transfer learning strategies to achieve accurate, e�cient,
and generalizable individual tree analysis across diverse LiDAR datasets.
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Chapter 3

Interactively Preparing Individual
Tree-level Training Samples

3.1 Introduction

The primary objective of this chapter is to validate the feasibility of an interactive pipeline
for accurate and e�cient individual tree segmentation from forest scenes by leveraging deep
learning-based semantic segmentation of 3D point clouds. In the proposed approach, users
de�ne regions of interest either by manually drawing BBox or by interactively selecting
viewports (e.g., zooming into target areas). Based on these inputs, the system simulates
positive and/or negative clicks to guide instance-level predictions using a general deep
learning model. Trained on ULS point clouds, the model demonstrates strong adaptability
and generalization across datasets captured by di�erent sensors, including both UAV and
MLS platforms. The high-quality individual tree annotations provide valuable training
data for downstream tasks, such as tree species classi�cation and biomass estimation,
thereby enhancing the performance and applicability of forest analysis models.

3.2 Datasets

In this study, three annotated benchmark datasets were used, collected from diverse plat-
forms and forest environments, to train and evaluate the tree instance segmentation (TIS)
model. The FOR-instance dataset served as the primary source for training, validation, and
testing. To assess the model's generalization ability across acquisition methods and forest
types, this work further conducted cross-dataset evaluations using two independent MLS
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datasets: NIBIO MLS and LAUTx. These datasets di�er in sensor con�gurations, geo-
graphic locations, and forest composition, o�ering a comprehensive basis for benchmarking
model robustness. Details of each dataset are provided in Table 3.1.

FOR-instance dataset : The FOR-instance dataset (https://zenodo.org/records
/8287792) was used to train and test the model performance on tree instance annotations.
FOR-instance dataset was collected by UAV laser scanner cross �ve countries, as listed in
Table 1. The majority of trees (60%) were coniferous and located in productive forest areas
(Puliti et al., 2023b). Main tree species arePicea abies(L.) H. Karst., Pinus sylvestris
L., Pinus radiata D. Don, Betula pendulaRoth., Fraxinus excelsior L., and Eucalyptus
pulchella Desf. In terms of canopy structure, around 89% of the trees had at least a
portion of their crowns visible above the canopy, while the remaining 11% were understory
trees with crowns fully obscured from above (Puliti et al., 2023b). The average tree density
of test set is 451 trees ha� 1. In the original dataset, approximately 70% of the annotated
area was selected for development and 30% for testing. In this study, the development
subset was further split into training and validation sets at a 2:1 ratio. As a result, the
overall dataset was divided into approximately 45% for training, 25% for validation, and
30% for testing.

NIBIO MLS dataset : The NIBIO MLS dataset (https://zenodo.org/records
/12754726) was collected by handheld GeoSLAM ZEB-HORIZON in managed coniferous
forest, Norway (Wielgosz et al., 2024). A total 16 plots were scanned, measured, and
labelled, and the dominated tree species in this dataset arePicea abies, Pinus sylvestris,
and Betula pendula(Wielgosz et al., 2024). This dataset split each plot into four equal
parts, two for training, one for validation, and one for testing. The average tree density of
test set is 1467 trees ha� 1. This study adopted the original test set as the unseen dataset
to evaluate the generalization ability of the proposed method. More details of the NIBIO
MLS dataset are listed in Table 3.1.

LAUTx dataset : The LAUTx dataset (https://zenodo.org/records/65601
12) was scanned by handheld GeoSLAM ZEB-HORIZON in Austria. The dominant tree
species wereFagus sylvaticaL. and Picea abies, with additional presence ofLarix decidua
Mill., Abies albaMill., Pinus sylvestris, and Quercus petraea(Matt.) Liebl. (Tockner et al.,
2022). This dataset provides 6 manually segmented tree plots were covered by dense forests
with moderately complex structures, high species diversity, and varied forest structure,
along with measured forest attributes (Tockner et al., 2022). The LAUTx manually labelled
dataset stored each segmented tree as single �le without ground points. To better aligned
the training data, the ground point clouds were retrieved from LAUT dataset (https:
//zenodo.org/records/3698956 ) and merged the ground points and all trees in the same
plot. This dataset was also used as unseen test dataset.
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3.3 Methods

This study proposes an interactive pipeline for annotating individual trees from point
clouds as shown in Figure 3.1. The pipeline begins with the user de�ning a BBox around
the tree instances in the top view of the point cloud, either by manual drawing or by inter-
actively zooming into the target region. The user provides additional interactive inputs in
the form of clicks, which are encoded into a format recognized by the model. By leveraging
state-of-the-art deep learning-based point cloud segmentation network, the user continues
to re�ne the segmentation by providing additional prompts until the desired segmentation
performance is achieved. This study formulates the TIS task as a binary segmentation
problem, where the points of each target tree are led as foreground, while all other points,
such as ground, lower vegetation, and non-target trees, are labelled as background. The
�nal output includes segmented tree instances, which can then be used for downstream
forestry inventory tasks such as tree species classi�cation or tree volume estimation. The
proposed iterative approach balances automation and user control, ensuring adaptability
across diverse forest scenes while maintaining high precision. The following subsections de-
tail each step of the work
ow, including data preprocessing, model training and selection,
and segmentation re�nement processes.

3.3.1 Data preprocessing

The data preprocessing step is an important process of this work
ow. This step converts
the user-provided bounding box and click information, along with the raw point cloud
data, into a format suitable for input to the subsequent point cloud segmentation network.
This research adopted and modi�ed the strategies proposed by Sun et al. (2023).

Firstly, because the deep learning network cannot process large-scale point clouds in
a single test, it is necessary to limit the data analyzed. To address this, user-de�ned
bounding boxes were used to constrain the processing area, ensuring that the input data
remained manageable for the network while adapting to varying point densities in LiDAR
data. To simulate user-provided bounding boxes and account for potential inaccuracies
in user annotations, bounding boxes for each tree instance were generated in the training
data by dynamically expanding their dimensions along the x, y, and z axes. The expansion
is randomized within a range of 0 to 0.5 m for each direction, e�ectively re
ecting the
tolerance for errors in user-drawn bounding boxes. For each data sample, this method
extracted the data blockPb from the original large sceneP by using the dynamic BBox,
as Equation 3.1 shows.
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Figure 3.1: Illustration of the proposed work
ow. Blue points: target tree instance; Red
points: background points.
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Pb = f pi j i = 1; : : : ; Ng � P (3.1)

wherepi represents each point in the data blockPb, N represents the number of points
in Pb.

Secondly, to simulate the user-provided clicks information, points were randomly se-
lected from the data block during the training and testing phases. Positive clicks indicate
that the points belong to the target tree instance, and negative clicks indicate that the
points belong to the background. The click position cannot be directly used by the seg-
mentation backbone due to the dimensionality issue. Here, this preprocessing adopted the
same method proposed by (Sun et al., 2023) ), which converts click positions and scale
sizes into two Gaussian vectors: one for positive clicks and one for negative clicks. The
Gaussian vectorGc was calculated by

Gc =
N cX

j =1

exp
�

�
kpi � cj k2

2� 2
c

�
; i = 1; : : : ; N (3.2)

whereGc is the Gaussian vector.Nc represents the number of clicks, and use a random
number of clicks, ranging from 1 to 16, for model training to simulate diverse interaction
scenarios.cj denotes the clicked point.� c is the parameter that de�nes the e�ective size
of the area impacted around the clicked point, and 0.01 was used in this study.

Lastly, the data blocks and two Gaussian vectors were concatenated to form the �nal
input for the segmentation network. Speci�cally, the original point cloud data, represented
by x, y, and z coordinates, was combined with two Gaussian vectors, treated as additional
channels. This processed data sample contains both the original 3D points and click
information, providing a more e�cient format for further processing.

Data augmentation techniques were used to increase the diversity of the training set.
For each sampled blockPb, and retained the original sample and additionally created an
augmented version. The augmentation process involved applying a random rotation around
the z-axis �rst, followed by a random selection of one of three transformation methods:
point-wise jittering, random scaling, or keeping the original state. The scaling factor was
uniformly sampled from the range [0.8, 1.25], while jittering was applied with a standard
deviation of 0.01 m and clipped at 0.05 m (Wang et al., 2024).

3.3.2 Segmentation network

As the application requires real-time user interaction for tree instance annotation, model
need to be simple, fast, and e�cient. Point Transformer V3 (PTv3) (Wu et al., 2024) was
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proposed for point cloud segmentation in both indoor and outdoor scenarios, achieving
state-of-the-art performance over other DL-based models. PTv3 reduces the complexity of
the Point Transformer layer, enabling faster training and inference (Wu et al., 2024), which
is crucial for real-time interaction. Optimized techniques such as e�cient point sampling
and feature extraction signi�cantly improve processing speed (Wu et al., 2024), ensuring
quick responses during user interactions. Even with a simpli�ed structure, PTv3 maintains
strong performance through re�ned attention mechanisms and an enhanced architecture,
ensuring accuracy without compromising speed (Wu et al., 2024). However, the PTv3
model architecture has not yet been applied to the interpretation of forestry point cloud
data. Therefore, in this work, PTv3 was chosen as the backbone for segmentation to
implement the entire application for acquiring better instance segmentation results.

In this study, the PTv3 is con�gured with a hierarchical Encoder-Decoder architecture,
as shown in Figure 3.2. The encoder consists of �ve stages with block depths of [2, 2, 2,
6, 2] and feature dimensions [32, 64, 128, 256, 512]. Multi-head attention is applied with
head numbers [2, 4, 8, 16, 32], and point clouds are progressively down-sampled by strides
[2, 2, 2, 2]. Skip connections link encoder and decoder stages, ensuring e�cient feature
reuse. The decoder mirrors the encoder, with �ve stages and block depths [2, 2, 2, 2, 2],
and a �nal MLP is used to map the binary segmentation scores. All patch sizes of the
encoder and decoder were set to 512 based on experiments. In addition, this work employs
four point cloud serialization methods for this model, including Z-order, Trans Z-order,
Hilbert, and Trans Hilbert, to optimize the spatial locality and processing e�ciency of the
input data (Wu et al., 2024). This con�guration is optimized for e�cient and accurate
segmentation of sparse point cloud data.

3.3.3 Post-processing re�nement

Because this instance segmentation framework is designed as a two-class (target tree in-
stance vs. background) segmentation task within individual BBox blocks, label assignment
errors may occur when aggregating the predictions back into the full plot scene. Specif-
ically, some points that were misclassi�ed as background in the local block predictions
end up remaining unlabelled during the merging process. This is particularly evident in
regions where trees are densely packed or overlapping, making it di�cult for the model to
con�dently assign points to a speci�c instance, resulting in those points being defaulted
to the background. Additionally, ground points were not explicitly excluded and were
sometimes treated as part of tree instances, further increasing the ambiguity of point-level
assignments. As a result, a portion of the points remain unannotated after full-scene re-
construction. On average, approximately 15% of the points per plot are unclassi�ed, as
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Figure 3.2: Segmentation network used in this study.

shown in Figure 3.3 (a), with the proportion varying with segmentation di�culty and forest
structural complexity.

To address the issue of non-annotated points, an auto re�nement process was designed.
The performances of several processing strategies was compared, including: (1) assigning
the label of the nearest labelled point, (2) assigning each unlabelled point the most frequent
tree label of k-nearest Neighbours (k=5), and (3) assigning each unlabelled point the most
frequent tree label within a certain radius (0.1 m). For method (3), if no valid labelled
point was found within the search radius (a case observed in approximately 1.3% of the
points), the label of the nearest labelled point was assigned instead. Then, based on label
accuracy, method (3) was selected as the auto-re�nement process. Figure 3.3 (b) shows
the after auto re�nement results.

To ensure the overall quality of the segmentation, additional manual correction of ev-
ident errors using an interactive point cloud editing tool can be applied as the manual
re�nement. The level of re�nement was adjusted based on the required accuracy of the
dataset and the trade-o� with annotation time, aiming to strike a practical balance between
precision and e�ciency.

Post-processing optimization ensures that all points are e�ectively led, enhancing the
completeness and consistency of the segmentation results, especially in complex scenarios
or in unseen datasets where initial predictions may be uncertain or ambiguous.
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Figure 3.3: Plot-level example of post-processing auto re�nement: (a) Before the auto
re�nement; (b) After the auto re�nement. Red: unclassi�ed points; Grey: non-tree points.
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3.3.4 Experimental details

The whole pipeline of this study was implemented using Python language and utilized
PyTorch (https://pytorch.org/ ) as the DL model framework. A high-performance
NVIDIA GeForce RTX 3090 Ti Graphic Processing Unit (GPU) was used for computa-
tion. During the training, the AdamW optimizer (Loshchilov and Hutter, 2019) was used
with a weight decay of 0.005 and initialized the learning rate to 0.001. A Cosine Annealing
schedule was used to adjust and update the learning rate at each epoch. The training
process was limited to a maximum of 100 epochs. The batch size was set to 60, and the
PTv3 grid size was set to 0.02 based on experimental results. Considering the GPU's ca-
pability to fully utilize the high-density point cloud data, each data blockPb was randomly
sampled 4 times, with each sample containing 8192 points during the training process. The
loss function used in this study is a combination of cross-entropy loss and Lov�asz-Softmax
loss (Berman et al., 2018). Cross-entropy captures pixel-wise classi�cation error, while the
Lov�asz-Softmax loss directly optimizes the Intersection-over-Union (IoU), which is more
closely aligned with the segmentation performance. This combination enables the model
to achieve both accurate and spatially coherent segmentation results.

L = LCE + LLov�asz (3.3)

3.3.5 Evaluation metrics

The TIS accuracy was evaluated against the test data using evaluation metrics. For each
tree instance IoU was de�ned as the matched points between the ground truth and predic-
tion divided by the total number of combined points from both Ground Truth (GT) and
prediction. Based on various literature Wielgosz et al. (2024),Xi and Degenhardt (2025),
and Xiang et al. (2024), if the predicted tree IoU greater than 50:0%, it was considered
as correctness, and precision, recall, andF1-score were calculated based on detected cor-
rectness with IoU greater than 50:0% or not. In this study, to rigorously evaluate the
performance of individual TIS, point-level evaluation metrics which are widely used in the
computer vision �eld are applied. The OA, precision, recall, andF1-score are calculated at
point level for each tree instance to better evaluate the instance segmentation performance.

IoU =
TP

TP + FN + FP
(3.4)

mIoU =
1
n

nX

i =1

IoUi (3.5)
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Precision =
TP

TP + FP
(3.6)

Recall =
TP

TP + FN
(3.7)

F1 = 2 �
Precision� Recall
Precision + Recall

(3.8)

OA =
TP + TN

TP + TN + FP + FN
(3.9)

where TP is the true positive, which represents the number of points correctly identi�ed
as belonging to the target tree; TN is the true negative, indicating the points correctly
identi�ed as not belonging to the target tree; FP is the false positive, representing the
points incorrectly assigned to the target tree; and FN is the false negative, referring to the
points that belong to the target tree but are not correctly identi�ed. These metrics are
calculated for each individual tree by comparing all its points to the corresponding GT
annotations, providing a detailed evaluation of segmentation accuracy at the tree instance
level.

In addition, the mean values of IoU, precision, recall, andF1-score across each dataset
were calculated as mIoU, mPre, mRec, and mF1, respectively. Since some trees are located
at the edge of the plot or are partially cropped during training and testing, instances with
fewer than 2000 points were excluded from the evaluation process.

3.4 Results and Discussion

Based on the experimental results of (Sun et al., 2023), their study showed that four clicks
achieved the best segmentation rate, after which the model's accuracy gradually declined.
Given the cost of user interaction in real-world applications, a maximum of 5 interactions
were used in this work, and all reported results are based on �ve-click inputs. It is worth
noting that interactive clicks were simulated which were randomly selected during both
the training and testing of this study, without any manual intervention.

3.4.1 Accuracy on seen dataset

This set of evaluations was conducted with the model trained, validated, and tested on
the FOR-instance dataset. This represents an in-dataset evaluation scenario, re
ecting the
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model's performance under consistent data distribution conditions. Table 3.2 presents the
segmentation results across 11 test plots under two evaluation settings: one including both
tree instance and background points, and the other only focusing on tree instance points.
To better understand the segmentation accuracy, visual comparisons between the ground
truth, predicted results, and corresponding error maps in Figure 3.4 were presented.

In the evaluation setting with background points, the proposed method achieved an
average mIoU of 79:0% and mF1 of 85:0%, with an OA of 94:0%. When evaluating only
the tree instance points, the model demonstrated a slight improvement in average mIoU
to 81:0% and mF1 to 88:0%, while maintaining a high mPre of 94:0%. This indicates
that the model is more e�ective in delineating individual trees when background points
are excluded. Notably, most plots, such as CULS, NIBIO23, and SCION31, shown in
Figure 3.4, maintained strong performance under both evaluation settings. The errors
are concentrated near the lower stem regions, where tree trunks are often misclassi�ed as
background points, likely due to limited point density or occlusion near the ground. In
addition, occluded or overlapping crown boundaries also contribute to misclassi�cations,
as the model struggles to clearly delineate instance boundaries in these regions.

In contrast, plots RMIT test and TUWIEN test exhibit noticeably more red areas, es-
pecially in the crown regions and overlapping zones, suggesting di�culties in distinguishing
adjacent or interwoven tree instances, with mF1 of only 48:0% and mIoU of 36:0%, respec-
tively. The higher error rates observed in RMIT and TUWIEN plots can be explained
by their inherent structural complexity and limited training data. In the RMIT plot, the
trees are signi�cantly shorter, have smaller crown areas, and exhibit greater tilting angles
than in other plots (Xi and Degenhardt, 2025), making them harder to di�erentiate and
detect. The TUWIEN plot contains the highest average tilting angle among all evaluated
plots, with average 5 Neighbouring trees in the horizontal plane, and 75:0% overlap ratio
(Xi and Degenhardt, 2025). This level of overlap makes it extremely di�cult for the model
to delineate instance boundaries correctly. Compounding these structural challenges is
the fact that both RMIT and TUWIEN plots are underrepresented in the training data,
limiting the model's exposure to similar forest structures during learning. These factors
contribute to the relatively high segmentation errors observed in these plots, as visualized
in the error column of Figure 3.4.

3.4.2 Accuracy on unseen cross-platform datasets

To evaluate the generalization ability and robustness of the proposed model across di�erent
data domains, it was tested on the test tile subset of the NIBIO MLS dataset and on all
plots of the LAUTx dataset, which were acquired using a di�erent platform (handheld
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Figure 3.4: Examples of visualization comparison between ground truth (Column 1), pre-
dicted results by this method (Column 2), and errors (Column 3). Grey: background
points; Green: correctly predicted points; Red: wrongly predicted points.
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Table 3.2: Evaluation results on FOR-instance dataset
Evaluation with background points (%) Evaluation only tree instance (%)

Plot name mPre mRec m F1 mIoU OA mPre mRec m F1 mIoU
CULS 2 98.0 98.0 98.0 97.0 99.0 98.0 98.0 98.0 96.0
NIBIO 1 93.0 83.0 86.0 79.0 95.0 93.0 88.0 90.0 83.0
NIBIO 5 94.0 93.0 93.0 88.0 97.0 94.0 92.0 93.0 87.0
NIBIO 17 96.0 91.0 93.0 88.0 97.0 96.0 93.0 95.0 90.0
NIBIO 18 96.0 91.0 93.0 87.0 97.0 95.0 90.0 92.0 87.0
NIBIO 22 96.0 92.0 94.0 90.0 98.0 96.0 92.0 94.0 89.0
NIBIO 23 96.0 87.0 90.0 84.0 96.0 95.0 89.0 91.0 85.0
RMIT test 82.0 56.0 61.0 50.0 84.0 94.0 73.0 78.0 68.0
SCION 31 94.0 91.0 92.0 87.0 95.0 94.0 91.0 92.0 86.0
SCION 61 95.0 89.0 91.0 85.0 95.0 94.0 92.0 92.0 87.0
TUWIEN test 82.0 39.0 47.0 35.0 79.0 83.0 39.0 48.0 36.0
Average 93.0 83.0 85.0 79.0 94.0 94.0 85.0 88.0 81.0

LiDAR) and were not seen during training or validation. These datasets pose additional
challenges due to di�erences in acquisition geometry, sensor noise characteristics, and forest
structures.

As shown in Table 3.3, this proposed method maintained strong overall performance
despite the domain shift on NIBIO MLS dataset. Under the full-scene evaluation, the
model achieved an average mIoU of 79:0%, mF1 of 85:0%, and OA of 94:0%. Precision and
recall also remained high, averaging 88:0% and 84:0%, respectively. When evaluated only
on tree instance points, the model showed further improvement, reaching an average mIoU
of 84:0% and mF1 of 89:0%, with precision and recall of 93:0% and 86:0%, respectively.

The visualizations in Figure 3.4 further illustrate the model's e�ectiveness on NIBIO
MLS plots. In general, the predicted tree instances closely match the ground truth, with
only a small number of red points appearing in the error maps. Similar to FOR-instance
test, most of the misclassi�cations are localized around the lower trunk regions or areas
of crown overlap, which are more prone to occlusion and scanning noise. Despite these
local errors, the dominant presence of green points in the error maps con�rms the model's
strong generalization capability across acquisition platforms.

LAUTx dataset contains heterogeneous forest scenes, diverse tree structures, and ex-
tremely high point density, making it a challenging benchmark for instance segmentation.
As listed in Table 3.4, the model achieved an average mIoU of 76:0% and mF1 of 86:0%
under the full-scene evaluation, with mean precision and recall of 92:0% and 81:0%, respec-
tively. The overall accuracy across plots reached 87:0%. These results indicate consistent
segmentation performance across domain. When evaluated only on tree instance points,
the model maintained a similar level of performance, with an average mIoU of 77:0% and
mF1 of 86:0%, and slightly improved precision (93:0%). Notably, plot-level results, such as
p4, and p12, showed strong agreement between predicted and ground-truth tree instances
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Table 3.3: Evaluation results on NIBIO MLS dataset
Evaluation with background points (%) Evaluation only tree instance (%)

Plot name mPre mRec m F1 mIoU OA mPre mRec m F1 mIoU
NIBIOMLS burum2 72.0 67.0 68.0 58.0 91.0 89.0 85.0 86.0 77.0
NIBIOMLS 56 92.0 83.0 85.0 79.0 93.0 91.0 87.0 88.0 83.0
NIBIOMLS 57 94.0 91.0 92.0 86.0 95.0 94.0 91.0 92.0 86.0
NIBIOMLS 67 97.0 98.0 97.0 95.0 99.0 96.0 97.0 97.0 93.0
NIBIOMLS 70 77.0 76.0 76.0 69.0 93.0 92.0 89.0 90.0 82.0
NIBIOMLS 71 96.0 96.0 96.0 93.0 97.0 96.0 96.0 96.0 92.0
NIBIOMLS 72 90.0 88.0 89.0 87.0 98.0 98.0 96.0 97.0 94.0
NIBIOMLS 73 74.0 70.0 71.0 67.0 93.0 97.0 90.0 93.0 88.0
NIBIOMLS 82 72.0 65.0 68.0 59.0 89.0 88.0 79.0 83.0 73.0
NIBIOMLS 83 92.0 89.0 90.0 82.0 92.0 92.0 88.0 90.0 82.0
NIBIOMLS 84 91.0 83.0 85.0 78.0 93.0 90.0 82.0 85.0 77.0
NIBIOMLS 85 84.0 80.0 81.0 73.0 90.0 87.0 83.0 84.0 75.0
NIBIOMLS 86 92.0 90.0 91.0 84.0 94.0 92.0 89.0 90.0 83.0
NIBIOMLS 89 97.0 95.0 96.0 92.0 97.0 96.0 94.0 95.0 90.0
NIBIOMLS 104 92.0 89.0 90.0 82.0 93.0 91.0 88.0 89.0 82.0
NIBIOMLS 107 91.0 88.0 89.0 86.0 97.0 98.0 93.0 96.0 92.0
Average 88.0 84.0 85.0 79.0 94.0 93.0 89.0 91.0 84.0

Table 3.4: Evaluation results on LAUTx dataset
Evaluation with background points (%) Evaluation only tree instance (%)

Plot name mPre mRec m F1 mIoU OA mPre mRec m F1 mIoU
p1 89.0 72.0 79.0 67.0 84.0 89.0 72.0 79.0 66.0
p2 91.0 83.0 86.0 77.0 88.0 92.0 83.0 86.0 77.0
p4 94.0 84.0 88.0 80.0 87.0 95.0 84.0 89.0 80.0
p10 94.0 81.0 86.0 77.0 89.0 94.0 81.0 86.0 77.0
p12 92.0 86.0 88.0 81.0 89.0 92.0 86.0 88.0 81.0
p14 94.0 82.0 87.0 77.0 86.0 94.0 81.0 87.0 78.0
Average 92.0 81.0 86.0 76.0 87.0 93.0 81.0 86.0 77.0

(mIoU � 80:0%), while p1 remained the most challenging, with an mIoU of 66:0%, pos-
sibly due to dense or overlapping canopies. The visualizations in Figure 3.4 highlight the
model's performance and limitations on the LAUTx plots. Misclassi�cations are frequently
observed near the base of trees, where stems are di�cult to distinguish from low vegetation
and ground points due to occlusion and structural similarity. A signi�cant portion of the
visible errors occurs in areas where tree crowns intersect or overlap (as shown in Figure
3.5), leading to incorrect assignment of points at the boundaries between neighbouring
tree instances. These error patterns are consistent with those observed in earlier test sets,
con�rming that both crown-level overlap and ground-level ambiguity remain key challenges
in complex forest environments.

The results on both the NIBIO MLS and LAUTx datasets demonstrate the proposed
method's ability to generalize beyond the training domain. However, performance di�er-
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Figure 3.5: An example of visualization comparison between ground truth (Column 1),
predicted results by this method (Column 2), and errors (Column 3) from the top view.

ences were observed between the two datasets. Speci�cally, the model performed better
on the NIBIO MLS test plots, which may be attributed to the fact that many of the tree
species in this dataset were also present in the FOR-instance dataset used for training.
In addition, the forest structure and acquisition conditions of NIBIO MLS are more sim-
ilar to those of the NIBIO subset within FOR-instance. In contrast, the LAUTx dataset
contains entirely unseen tree species and plot conditions, representing a more challenging
generalization scenario.The forest stands in LAUTx di�er in both species composition and
structural characteristics, resulting in slightly lower segmentation performance. Despite
this, the model maintained stable mIoU and mF1 scores on LAUTx plots, highlighting its
robustness to domain shifts and its potential applicability to broader forest environments.
Overall, these results suggest that the proposed approach generalizes well to previously un-
seen forest scenes and acquisition conditions, maintaining high segmentation quality across
datasets.

3.4.3 Benchmark comparison

To better evaluate the e�ectiveness of the proposed pipeline, a comparative analysis against
several state-of-the-art benchmarking approaches for individual tree segmentation, includ-
ing TreeiosNet (Xi and Degenhardt, 2025), ForAINet (Xiang et al., 2024), and Point2Tree
(Wielgosz et al., 2023), was conducted. As reproducing deep learning-based models typi-
cally requires access to the original network architectures and pretrained weights, and most
of the selected studies did not publicly release their models or weights, this comparison is
based on reported results extracted directly from the respective publications. It is impor-
tant to note that all the experimental results used in the comparison are based on outputs
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without any manual re�nement.

As listed in Table 3.6, the evaluation was performed on FOR-instance dataset and the
metric reported is the mIoU for TIS. Overall, this method achieved an average mIoU of
81:0%, which is lower than TreeisoNet (85:0%) but higher than ForAINet (78:0%). It is
important to note that TreeisoNet require pre-removal of ground points as a preprocessing
step, whereas this method processes raw point clouds without this additional requirement.
Additionally, for TreeisoNet's segmentation was based on manually re�ned tree base inputs,
giving it an advantage in initialization accuracy. It was also trained on 25% more data
and used only a train-test split (Xi and Degenhardt, 2025), which may have led to its
reported test performance re
ecting model selection bias. In contrast, ForAINet followed
a train-validate-test protocol with a training dataset size similar to this research. Despite
similar data volumes, the proposed model slightly outperformed ForAINet on average,
demonstrating better generalization across varied forest conditions.

Table 3.5: Benchmark comparison on FOR-instance dataset with
TreeisoNetand ForAINet

Proposed method TreeisoNet 1 ForAINet 2

Plot name mIoU(%) mIoU(%) �mIoU(%) 3 mIoU(%) �mIoU(%) 3

CULS 2 96.0 98.0 -2.0 98.0 -2.0
NIBIO 1 83.0 85.0 -2.0 62.0 21.0
NIBIO 5 87.0 86.0 1.0 88.0 -1.0
NIBIO 17 90.0 93.0 -3.0 85.0 5.0
NIBIO 18 87.0 89.0 -2.0 84.0 3.0
NIBIO 22 89.0 92.0 -3.0 82.0 7.0
NIBIO 23 85.0 87.0 -2.0 75.0 10.0
RMIT test 68.0 78.0 -10.0 61.0 7.0
SCION 31 86.0 89.0 -3.0 87.0 -1.0
SCION 61 87.0 87.0 0.0 79.0 8.0
TUWIEN test 36.0 56.0 -20.0 58.0 -22.0
Average 81.0 85.0 -4.0 78.0 3.0

1 Accuracy data sourced from Intervened TreeisoNet of (Xi and Degenhardt,
2025), which used manually re�ned results of previous step as inputs.

2 Accuracy data sourced from (Xiang et al., 2024).
3 � mIoU represents the di�erence between the proposed method method's

mIoU and that of the comparison method; negative values indicate lower
performance, while positive values indicate better performance.

This method performed competitively across most test plots, with strong mIoU scores
(� 86:0%). However, on TUWIEN, performance dropped to 36:0%, lower than both
TreeisoNet (56:0%) and ForAINet (58:0%). A similar observation can be found in plot
RMIT, where mIoU is lower than TreeisoNet by 10%. This transformer-based backbone
while powerful but tends to require large training datasets to generalize well. This data
dependency becomes a limiting factor in complex plots like TUWIEN and RMIT, which
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contain more diverse tree forms and less representative training examples.

On the NIBIO MLS and LAUTx datasets, which were not included in the training set
and were acquired using di�erent platforms, this method signi�cantly outperformed the
Point2Tree (Wielgosz et al., 2023), as listed in Table 3.6. On NIBIO MLS, we achieved an
mIoU of 84:0% representing a 33% improvement over Point2Tree. Similarly, on LAUTx,
this work achieved an mIoU of 77:0%, surpassing Point2Tree by 24%. Consistent gains
were also observed in terms of precision, recall, and F1-score. It is important to note
that we selected the best-performing results from each dataset in Point2Tree, which means
separate models were used for each dataset. In contrast, this model was trained exclusively
on a di�erent dataset and evaluated using a single uni�ed model, yet still demonstrated
strong, stable performance across both domains. These results highlight the robustness,
generalization, and practical applicability of this approach across diverse and unseen forest
environments.

Table 3.6: Benchmark comparison on NIBIO MLS and LAUTx datasets
with Point2Tree

Dataset Method mPre(%) mRec(%) m F1 (%) mIoU(%) �mIoU(%) 1

NIBIO MLS
Point2Tree 2 68.0 64.0 63.0 51.0 |
Proposed method 93.0 89.0 91.0 84.0 33.0

LAUTx
Point2Tree 2 83.0 59.0 67.0 53.0 |
Proposed method 93.0 81.0 86.0 77.0 24.0

1 �mIoU represents the performance di�erence between the proposed method
method and Point2Tree.

2 Accuracy data sourced from (Wielgosz et al., 2023).

3.4.4 E�ectiveness and impact of user interactions on the seg-
mentation accuracy

To better understanding the zoom-in action or drawing BBox, the e�ect of the bounding
box margin size on segmentation accuracy was investigated. As shown in Figure 3.6, we
conducted experiments with di�erent BBox margins from 0 to 1 m and a randomly varying
BBox margin between 0 and 0.5 m (marked by star symbols) with 5 clicks. The result
in Figure 3.7 indicate that larger bounding box margins tend to decrease segmentation
accuracy, as they introduce more background and overlapping crowns into the input region,
increasing ambiguity for the model. Conversely, tighter bounding boxes lead to higher
accuracy with fewer correction clicks required.

To examine the e�ectiveness of interactive clicks, up to 30 interactive clicks per test
were applied to track the relationship between the number of clicks and segmentation per-
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Figure 3.6: A tree instance with di�erent BBox margins.
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Figure 3.7: E�ect of bounding box margin size on segmentation accuracy across all datasets.
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formance. The experimental results demonstrate a clear positive correlation between the
number of interactive clicks and segmentation accuracy. As shown in Figure 3.8, segmen-
tation accuracy improved rapidly with the initial clicks, rising from 62% at one click to
85% at 15 clicks, after which the improvement gradually stabilized, reaching approximately
86.5% at 30 clicks. This trend indicates gradual improvement, saturated by additional user
input once su�cient correction information has been provided. In these datasets, results
suggest that while increasing user clicks can incrementally improve segmentation accuracy,
the major gains are achieved within the �rst 10 to 15 clicks, beyond which additional clicks
yield minimal accuracy improvement relative to the e�ort required.

This observation highlights that both BBox size and interactive clicks are integral com-
ponents of the user interaction design, jointly in
uencing segmentation performance. Inte-
grating these factors into a combined analysis provides a more comprehensive understand-
ing of user interaction e�ort and model robustness. Future work could further optimize
this interaction framework by adaptively adjusting the required clicks based on the initial
BBox properties.

Figure 3.8: E�ect of number of interactive clicks on segmentation accuracy and inference
e�ciency across all datasets. The plots show the average model performance (left) and
inference time (right) across all test datasets, computed at the plot level. The mIoU values
include both tree instance points and background points to re
ect overall segmentation
quality.

3.4.5 E�ciency of the proposed framework

Regarding the proposed framework's e�ciency, inference time remained relatively stable
across di�erent click levels, as shown in Figure 3.8. The higher time cost observed of the
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�rst click (7.2 seconds) is primarily due to one-time preprocessing operations and data
loading. It is worth to note that averaging 6.7 seconds per inference for plot containing
more than million points.

In addition, available records of model runtimes from related studies, TreeisoNet (Xi and
Degenhardt, 2025) and Tockner et al. (2022), were collected, and a comparative analysis
was conducted. As shown in Figure 3.9, for training time, the proposed approach required
less than 40 minutes on the FOR-instance dataset, while TreeisoNet required more than
3,000 minutes in total. The training time for TreeisoNet re
ects the combined cost of
three separate models: stem classi�cation, tree base detection, and crown segmentation
as part of its pipeline. In contrast, this approach uses a single uni�ed model for instance
segmentation, contributing to signi�cantly higher training e�ciency.

Figure 3.9: Comparison of training and inference time across di�erent methods and
datasets.

In terms of inference time, the proposed method also demonstrated favorable perfor-
mance across all test datasets. For example, on the LAUTx dataset, this model completed
inference in approximately 15 seconds per tree, while Tockner et al. (2022) reported 44 sec-
onds per tree. On the FOR-instance dataset, the inference time was longer than TreeisoNet.
However, the reported inference time for TreeisoNet does not include preprocessing steps
such as ground point removal and voxelization, both of which are essential to its pipeline.
This omission likely introduces a bias in runtime comparison and may underestimate the
true end-to-end inference time. However, TreeisoNet operates on voxelized representations
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of point clouds (Xi and Degenhardt, 2025), which can signi�cantly reduce data size may
allow for faster computation. In contrast, the inference time cost of this method depends
heavily on the number of points. As the point density increases, the processing time grows
accordingly, approximately 2 seconds per tree on the FOR-instance dataset, 4 seconds on
NIBIO MLS, and 14 seconds on LAUTx. The adoption of vocalization could o�er clear
advantages for scalability and computational speed, and it represents a potential direction
for future optimization in the proposed approach.

In summary, the proposed framework demonstrates strong potential in balancing ac-
curacy, interactivity, and computational e�ciency. While current limitations in handling
high-density point clouds a�ect inference time, the framework's competitive performance
and 
exibility make it a promising foundation for future extensions such as voxel-based
optimization.

3.5 Chapter Summary

This study validated the feasibility of an interactive pipeline for individual TIS using deep
learning-based semantic segmentation of 3D point clouds. By incorporating user-provided
bounding boxes and simulated positive/negative clicks, the proposed framework enabled
accurate and e�cient segmentation of individual trees in complex forest environments.
The model, trained on ULS point clouds, achieved an average mIoU of 81:0% and mF1
of 88:0% on the FOR-instance dataset, and demonstrated strong generalization to unseen
MLS-based datasets, achieving mIoUs of 84:0% on NIBIO MLS and 77:0% on LAUTx,
without requiring ground removal or preprocessing. Compared to existing multi-stage
methods, the uni�ed model while signi�cantly reducing training time to under 40 minutes.
It also supported 
exible, click-based correction, and improved segmentation performance
from 62.0% mIoU with a single click to 87.0% with 30 clicks, while maintaining an average
inference time of 6.7 seconds per million-point plot. Although inference time increased
with point density, the framework remained e�cient and showed potential for further
optimization through voxel-based processing. Future improvements could include incorpo-
rating weakly supervised or active learning strategies to enhance performance with limited
training data. Overall, this framework provided a practical-tree annotations, which can fa-
cilitate downstream applications such as tree species classi�cation and biomass estimation
across diverse forest environments.
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Chapter 4

Individual Tree Species Classi�cation
on Low-density Point Clouds

4.1 Introduction

Accurate classi�cation of tree species at the individual-tree level is vital for advancing
forest inventory, biodiversity assessment, and carbon monitoring. However, the use of low-
density point cloud data, particularly from airborne LiDAR, poses signi�cant challenges.
Given these constraints, there is an urgent need to explore how deep learning techniques
can be adapted and optimized to enhance classi�cation performance under such conditions.
This chapter aims to address the core research question: How can tree species classi�cation
(TSC) accuracy be improved using low-density point cloud data through the development
of deep learning models speci�cally tailored for this task? To this end, a novel point-based
deep learning architecture was proposed, the AACB Transformer, was proposed to process
sparse Airborne Multispectral LiDAR (AML) point clouds at the individual-tree level.

The objectives of this study are threefold. First, the AACB Transformer using low-
density AML point cloud data from six common tree species in a Canadian mixed forest
was developed and evaluated, and its performance benchmarked against widely used deep
learning and Machine Learning (ML) models. Second, the impact of a newly proposed
channel merging method and various data preprocessing strategies on the e�ective utiliza-
tion of multispectral input in deep learning models was assessed. Third, how di�erent
training sample strategies including point sampling approaches and the number of points
per sample that a�ect model performance in species classi�cation was investigated.

Through these investigations, this chapter contributes to the development of e�cient
deep learning solutions for forestry applications. The �ndings support the broader goal of
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enhancing forest inventory and carbon accounting systems, thereby aiding global e�orts to
mitigate climate change and advance carbon neutrality objectives.

4.2 Datasets

4.2.1 Study area

This study is conducted within the York Regional Forest (YRF), located in York Region,
Ontario, Canada. The forest has variable topographic relief, ranging from 30 m, due in
part to its location within what is locally referred to as the Oak Ridges Moraine. The YRF
comprises a diverse mix of natural forest, plantation, and reforestation, with approximately
80% of the forest consisting of coniferous species (Budei et al., 2018; Hopkinson et al.,
2016). The primary tree species found in YRF include Norway spruce (Picea abies(L.)
Karst.), white spruce (Picea glauca (Moench) Voss), red pine (Pinus resinosa Aiton),
white pine (Pinus strobus L.), Scots pine (Pinus sylvestris L.), American larch (Larix
laricina (Du Roi) K. Koch), sugar maple (Acer saccharumMarshall), white ash Fraxinus
americanaL.), trembling aspen (Populus tremuloidesMichx.), and red oak (Quercus rubra
L.). Much of the forested area in YRF is densely populated, with tree crowns touching and
interpenetrating one another (Budei et al., 2018). This study focuses on one of its tracts,
the North tract (Figure 4.1).

4.2.2 Airborne multispectral LiDAR data

The AML data were collected on July 2, 2015, with a Titan AML system (Petrie and Toth,
2018) across three channels (short-wave infrared, near-infrared, and green, Table 4.1). The

ight was conducted at a speed of 70m/sec., maintained an altitude of approximately 1070
m above ground level, and each 
ight line was approximately 390 meters wide in a north-
south direction. Only data acquired from a single 
ight line for each plot were used. To
enhance data quality and accuracy, low and high outliers was removed using the Statistical
Outlier Filter in CloudCompare (Girardeau-Montaut et al., 2016).

4.2.3 Field survey data

Tree attribute data were collected in May 2023, during the early stages of bud development,
which facilitated the identi�cation of deciduous tree species. To account for the dense for-
est terrain, 12 plots measuring 50 m by 50 m based on accessibility from nearby established
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Figure 4.1: Map of York Regional Forest North Tract. Squares: 50 m by 50 m �eld plots.

Table 4.1: AML data acquiring parameters
Parameters Sensor Mission Values
Channel Channel 1 (C1) Channel 2 (C2) Channel 3 (C3)
Wavelength (nm) 1550 1064 532

(Short-wave infrared) (Near-infrared) (Green)
Pulse Repetition Frequency (kHz) 100 100 100
Laser sensor forward angle (deg) 3.5° 0° 7°
Divergence (1/e) (mRad) 0.22 0.25 0.7
Sample density (points /m2) 3 3 3
Footprint area (m 2) 0.04 0.06 0.44
Receiver aperture diameter (m) 0.075
FOV (deg) 30°
Intensity range (bits) 12
Maximum number of returns 4
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trails (Figures 4.1 & 4.2) were strategically selected. Across the plots from approximately
10 to 70 years. Four plots lacked an understory, while 8 plots were in a more complex
environment with an understory composed mostly of deciduous species. Within each des-
ignated plot, individual tree attributes were recorded, including: tree height, Diameter
at Breast Height (DBH), tree species, health status (healthy, diseased, or logged), and
vertical layer placement (upper story and under story). Tree height measurements were
obtained using the Nikon Forestry PRO II Laser Range�nder/Hypsometer, while DBH
measurements were conducted using diameter tape. Additionally, during �eld surveying,
the Digital Surface Model (DSM) derived from AML data was used as a base map, and
each tree was digitized based on observations in each plot. The individual tree maps will
facilitate the manual annotation of each tree within the point clouds and use the unique
tree ID to link �eld measurement records with point cloud samples (e.g., Figure 4.3). In
total, this survey identi�ed 14 distinct tree species. However, to streamline this DL-based
approach for tree species identi�cation, species with at least 100 trees (Table 4.2) were
used, yielding a total sample of 1122 trees.

4.3 Methods

The process of identifying the tree species from AML point clouds of this study follows
four steps (as shown in Figure 4.4): (1) pre-processing the AML data, (2) training sam-
ple preparation, (3) classi�cation with proposed model and comparative models, and (4)
evaluating the prediction results. All the details are in the following sub-sections.

4.3.1 Data preprocessing

Pre-processing of AML data

The simultaneous collection of AML point clouds across di�erent channels (i.e., wave-
lengths) often requires merging or fusing information from all channels to create a denser,
more reliable, and user-friendly dataset. Merging this data expands the dimensions to
include all channels, resulting in a dataset with many missing values that require �lling.
Commonly used multispectral channel merging methods including two kinds: (1) The
Nearest Neighbouring (NN) search within a certain distance (Jing et al., 2021; Wichmann
et al., 2015); and (2) the Spherical Neighbouring (SPN) search (Morsy et al., 2017). Both
methods use neighbourhood searches to �nd the most likely intensity values to �ll in miss-
ing values. This operation not only consumes computational resources but also introduces
more uncertainty or errors.
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Figure 4.2: Illustration of each plot including the orthophoto, DSM rendering based on
AML point cloud, and the �nal manually labelled tree instance (each tree instance was
rendered in a random colour).
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Figure 4.3: Example of a tree map created during the �eld work with AML data, rendered
by elevation.

47



Ta
bl

e
4.

2:
S

ur
ve

yi
ng

de
ta

ils
of

th
e

tr
ee

s,
in

cl
ud

in
g

ge
nu

s
an

d
sp

ec
ie

s
in

fo
rm

at
io

n,
le

af
ty

p
e,

sa
m

pl
e

si
ze

(N
),

an
d

su
m

m
ar

y
st

at
is

tic
s

fo
r

tr
ee

he
ig

ht
an

d
D

B
H

.
C

om
m

on
N

am
e

G
en

us
S

p
ec

ie
s

Le
af

Ty
p

e
N

H
ei

gh
t

(m
)

D
B

H
(c

m
)

M
in

M
ax

M
ed

M
ea

n
M

in
M

ax
M

ed
M

ea
n

Tr
em

bl
in

g
as

p
en

P
op

ul
us

tre
m

ul
oi

de
s

B
L

10
8

7.
8

28
.6

16
.6

17
.5

8.
5

69
.2

18
.7

23
.3

A
m

er
ic

an
la

rc
h

La
rix

la
ric

in
a

N
L

32
3

5.
7

26
.7

17
.7

17
.4

8.
9

40
.3

19
.5

20
.5

S
ug

ar
m

ap
le

A
ce

r
sa

cc
ha

ru
m

B
L

11
5

5.
9

25
.7

17
.3

17
.3

9.
4

65
.4

22
.0

24
.8

N
or

w
ay

sp
ru

ce
P

ic
ea

ab
ie

s
N

L
10

9
6.

2
27

.8
22

.0
20

.2
13

.9
71

.7
28

.4
30

.0
R

ed
pi

ne
P

in
us

re
si

no
sa

N
L

32
0

8.
2

29
.4

21
.8

21
.3

13
.5

54
.9

32
.7

32
.3

W
hi

te
pi

ne
P

in
us

st
ro

bu
s

N
L

14
7

9.
4

32
.5

17
.9

18
.8

12
.5

73
.0

27
.2

29
.0

N
ot

e:
B

L
=

B
ro

ad
le

af
(d

ec
id

uo
us

);
N

L
=

N
ee

dl
el

ea
f

(c
on

ife
ro

us
);

N
is

th
e

nu
m

b
er

of
in

di
vi

du
al

tr
ee

s.

48



Figure 4.4: The overview work
ow of this study.
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To improve this fusion of simultaneously captured AML point clouds, a new Simple
Merging (SM) method was presented. The Simple Merging method initially expands the
attribute dimensions of each channel's point cloud according to match the total number of
channels, ensuring the input data have the same dimension. For example, if there are three
channels, two additional dimensions are expanded. Additionally, an attribute dimension
for the channel index is added to indicate each point's original channel. Subsequently, the
method directly merges point clouds from di�erent channels based on their coordinates
into a single point cloud. This approach avoids the gridding process, thereby preserving
the three-dimensionality of the input data. Finally, since each point must contain a valid
value from all channels, missing values are �lled in. When a missing value is encountered,
it is replaced with a value of zero.

Training sample preparation

After merging the AML point cloud, several crucial steps were taken to prepare the training
and testing samples for analysis and feature extraction by ML and DL models, whereby,
each sample represents the point cloud of a single tree and the features include character-
istics of the tree (e.g., height) and point distribution and intensity metrics.

Individual tree segmentation : By combining �eldwork records (e.g. tree height,
DBH, and story information) and individual tree maps (e.g., Figure 4.3), a set of individual-
tree samples was manually delineated and chosen as the benchmark for comparison with
ML and DL methods. The merged AML point cloud was manually segmented into ground
(Figure 4.5) and individual trees (Figure 4.2 column 3) using CloudCompare. The process
began by segmenting understory trees, then larger trees. The primary challenge of manual
segmentation was branches crossing between two or more trees. When this occurred, the
branch direction was traced from base to tip and points were iteratively added to the tree,
which was easier when points were dense or clustered. When points were too sparce to
subjectively assign to one tree or another they were considered noise and removed from
the analysis. We assigned a unique tree ID to each tree using the tree maps, which are
associated with the �eld measurement records for the tree species.

Height normalization and intensity standardization : To measure tree height for
use in feature extraction, a height-normalized point cloud was generated by subtracting the
height of the classi�ed ground points from the z-coordinate of vegetation points. Then, all
coordinates (x, y, z) of each sample were rearranged to position the centre point of each tree
at the origin (0, 0, 0). To standardize the 12-bit intensity values (0-4095) of channels C1,
C2, and C3 to a range of -1 to 1, thereby ensuring zero mean and equal variance, the values
were rescaled using a power transformation (Wang et al., 2023a). Upon completion, the
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Figure 4.5: Illustration of individual tree samples of (a)Populus tremuloides, (b) Larix
laricina, (c) Acer saccharum, (d) Picea abies, (e) Pinus resinosa, and (f) Pinus strobus.
Point clouds are rendered by normalized height information (with colours ranging from
blue to red to indicate low to high heights), and grey points represent the ground that is
not included in the tree sample.

dataset consisted of 1122 individual tree samples, each containing the following information
for each point: coordinate information (x, y, z), return number, number of returns, original
channel index, C1 intensity, C2 intensity, and C3 intensity.

Training and testing samples split: The sample data were randomly split into
training and testing sets at a 7:3 ratio, without considering class proportions. Firstly, in
the G1 sample group all 1122 samples were split into 785 for training and 337 for testing.
Additionally, the samples were divided into di�erent test groups based on the number of
points in each sample. Speci�cally, groups G2, G3, and G4 contain samples with at least
64, 128, and 256 points per sample, respectively. For detailed information on the sample
size of each species within each set, please refer to Table 4.3.

Table 4.3: Sample size statistics by species and point threshold group.

Sample group
G1 ( � 0) G2 ( � 64) G3 ( � 128) G4 ( � 256)

Training Testing Training Testing Training Testing Training Testing

Populus tremuloides 75 33 73 32 65 28 38 17
Larix laricina 227 96 183 78 91 38 24 11
Acer saccharum 80 35 76 33 68 29 37 17
Picea abies 76 33 71 31 49 22 16 8
Pinus resinosa 224 96 206 87 171 73 129 54
Pinus strobus 103 44 85 37 56 24 28 11

Total sample size
Without data augmentation 785 337 694 298 500 214 272 118
With data augmentation 3140 337 2776 298 2000 214 1088 118
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Data augmentation: Data augmentation techniques are often used to increase the
diversity and size of training sample data (e.g., Sheshappanavar et al. (2021)). This work
implemented both sample-wise and point-wise data augmentation on the training data to
assess the e�ectiveness of data augmentation in the TSC task. Speci�cally, for each sample
in the training dataset, we applied random scaling and rotation (Sheshappanavar et al.,
2021). The scale parameter was uniformly distributed within the range [0.8, 1.25], while the
rotation parameter was uniformly distributed over [0, 2� ]. Additionally, a random point-
wise jitter for each sample (Sheshappanavar et al., 2021) was introduced, incorporating
Gaussian noise with a standard deviation of� =0.01 m to each point, and then clipped
this noise to a maximum magnitude of 0.05 m to ensure that the perturbations remain
subtle and do not excessively alter the underlying structure of the data (i.e., tree). Using
this approach, the size of the training set was increased by a factor of 4 (see Table 4.3 for
details).

Point sampling of training samples: A consistent number of points per input
sample is important for maintaining a uniform DL architecture, facilitating e�cient batch
processing, and ensuring stable learning patterns across the dataset. Considering the
varying point counts across each tree ranged from 14 to 1930, down- and up-sampling was
used tot generate a consistent number of points per sample. For samples with an excess of
points, this work employed FPS (Qi et al., 2017b) or random drop (RD) to downsample
them. Then, for the remaining samples with fewer points, up sampling by inserting random
copies of points from the original sample (e.g., Wang et al. (2023a)) was performed. This
work intends to explore the insights into how the point sampling strategy and the number
of points per sample a�ect the individual TSC results of the DL network. We designed
seven di�erent experimental datasets for model training (Table 4.4).

4.3.2 Attribute-Aware Cross-Branch Transformer

To better capture the distinctive features of tree species, the Attribute-Aware Cross-Branch
Transformer (AACB) was introduced , built upon a GLocal feature-extraction backbone.
AML data contain rich information in both geometric and radiometric domains; sepa-
rately processing these features enables the preservation of their unique characteristics and
leads to more e�ective feature extraction for better classi�cation performance (Xu et al.,
2022), which had been widely adopted by hyperspectral image processing �eld. This net-
work is designed to separately learn features from geometric and radiometric attributes,
with subsequent feature fusion using a Cross-Branch Attention (CBA) module to enhance
the learning process. The overall architecture of this proposed network comprises dual
branches in an encoder structure (Figure 4.6), which can separately process diverse types
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Table 4.4: Details of datasets under di�erent point sampling strategies.
Experiment Sample Group Downsampling (Step 1) Upsampling (Step 2) Input Point Number

1

G1 FPS/64 64 64
G1 FPS/128 128 128
G1 FPS/256 256 256
G1 FPS/512 512 512
G1 FPS/1024 1024 1024

2

G2 FPS/64 { 64
G2 FPS/128 128 128
G2 FPS/256 256 256
G2 FPS/512 512 512
G2 FPS/1024 1024 1024

3

G3 FPS/64 { 64
G3 FPS/128 { 128
G3 FPS/256 256 256
G3 FPS/512 512 512
G3 FPS/1024 1024 1024

4

G4 FPS/64 { 64
G4 FPS/128 { 128
G4 FPS/256 { 256
G4 FPS/512 512 512
G4 FPS/1024 1024 1024

5

G3 RD/64 { 64
G3 RD/64 128 128
G3 RD/64 256 256
G3 RD/64 512 512
G3 RD/64 1024 1024

6

G3 RD/128 { 64
G3 RD/128 { 128
G3 RD/128 256 256
G3 RD/128 512 512
G3 RD/128 1024 1024

7

G2 RD/64 { 64
G2 RD/64 128 128
G2 RD/64 256 256
G2 RD/64 512 512
G2 RD/64 1024 1024
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of attributes.

Figure 4.6: The architecture of the proposed dual-branch Transformer network. N, C, and
D represent the number of points, the number of channels input into the network, and the
output dimensions of each process, respectively.

Primary Branch- This branch is primarily responsible for generating geometric fea-
tures. It focuses on extracting information from the attributes of 3D coordinates (x, y, z),
the number of returns, and the return number of the point cloud. Importantly, to prevent
the loss of useful information due to correlations between dimensions, a mechanism to add
and fuse features learned from the secondary branch into the primary branch after each
stage was introduced.

Secondary Branch- The secondary branch specializes in handling features other than
3D geometric information, including the intensity attributes from three channels and the
channel index of the AML data. The secondary branch operates independently to extract
complementary features that can be fused with the geometric features from the primary
branch.

Both branches begin with a stem MLP module that transforms the data into higher-
dimensional features. They are followed by two GLocal modules, which which capture
global and local contextual information using a multi-scale processing strategy to better
extract the subtle signature information of low-density tree samples. Speci�cally, each
GLocal module contains a LFA block and a GFL block (Lu et al., 2024). In the LFA
block, a Multi-scale Group (MSG) strategy (Qi et al., 2017b) and a Graph Convolution
Network (Wang et al., 2019b) were adopted to extract multi-scale local features for each
input point, which were then aggregated via feature concatenation. The MSG strategy
uses a K-Nearest Neighbourhood (KNN) for local point search.

After each feature-extraction module, the features from both branches are fused using
a CBA module. The fused features are then passed to the next module in the primary
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branch. In contrast, the secondary branch directly feeds the extracted features into the
subsequent module. Following the third CBA module, a convolutional layer combined
with a max-pooling layer constitutes the convolutional module (i.e., Conv Stage). Finally,
a max-pooling layer was employed to integrate the output features of Conv Stage and
the residuals from the GLocal modules of Stages 1 and 2 in the primary branch. This
integrated feature is then fed into an MLP head to perform the TSC task. The number of
encoded GLocal modules can vary depending on the input point density of each sample for
the classi�cation task. This network is designed to handle low-density AML point clouds,
which typically contain fewer points per sample. Consequently, only two GLocal modules
for the TSC task were applied.

Cross-Branch Attention module - The CBA module is illustrated in Figure 4.7,
which involves four steps:

Figure 4.7: Proposed Cross-Branch Attention mechanism.

Step 1: Query, Key, and Value Generation. The Query (Q), Key (K ), and Value
(V) elements of the primary branch features (FP ) and the secondary branch features (FS)
are generated through learnable linear projections. This allows the network to integrate
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information from di�erent feature spaces:

QP = FP WQP ; QS = FSWQS (4.1)

K P = FP WKP ; K S = FSWKS (4.2)

VP = FP WV P ; VS = FSWV S (4.3)

Here,QP , K P , and VP represent the Query, Key, and Value of the primary branch, and
WQP , WKP , and WV P are the corresponding learnable weight matrices. Similarly,QS, K S,
and VS represent those of the secondary branch with weightsWQS , WKS , and WV S.

Step 2: Attention Map Generation. In each cross-attention module,FP and FS

exchange theirK and V elements, which are used to compute attention maps:

MP = softmax
�

QP K T
Sp

d

�
(4.4)

MS = softmax
�

QSK T
Pp

d

�
(4.5)

where MP and MS are the attention maps for the primary and secondary branches,
respectively. d is the dimension ofQP or QS, and T denotes matrix transposition.

Step 3: Integration of New Features. The V elements are integrated using the
attention maps to form new features that capture important information across both do-
mains:

New FP = MP VS + FP (4.6)

New FS = MSVP + FS (4.7)

Residual connections preserve the original input features are preserved while allowing
the module to focus on informative cross-domain signals.

Step 4: Concatenation of Feature Maps. The updated feature maps are concate-
nated to form the �nal output:

Fout = Concat(New FP ; New FS) (4.8)

This cross-attention mechanism enables the network to e�ectively learn from geometric,
radiometric, and other domain features in point cloud data.
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4.3.3 Experimental details

The proposed AACB Transformer was implemented in PyTorch (https://pytorch.org ),
and training was conducted on an NVIDIA GeForce RTX 3090 Ti GPU with 24 GB
memory. The Adam optimizer with a weight decay of 0.0001 and an initial learning rate
of 0.001 were used. A cosine annealing schedule was used to adaptively adjust the learning
rate. The training process was capped at 400 epochs. The batch size was set to 16;
however, if batch normalization could not be applied due to insu�cient samples, the batch
size was reduced to 15. Cross-entropy loss was used to optimize the classi�cation task.

To assess the e�ectiveness of the proposed method, two well-established and widely
used ML methods, Support Vector Machine (SVM) and Random Forest (RF), in TSC
(e.g., Ba et al. (2020), Budei et al. (2018), Yang et al. (2019), and Zhang and Liu (2013))
were compared. For training the classic ML-based models, there were 77 features (Table
4.5) involving geometric, radiometric, and pulse return features were chosen which com-
monly utilized in TSC (Lin and Hyypp•a, 2016; Micha lowska and Rapi�nski, 2021; Prieur
et al., 2022). After feature extraction, the mean decrease of impurity of feature importance
with RF (Figure 4.8) was calculated. The mean decrease in impurity greater than 0.01 was
selected, and features with absolute correlation values exceeding 0.9 were pruned to reduce
redundancy. Finally, 29 features used for further classi�cation process. For the RF classi-
�er, a 10-fold cross-validation method was used to �ne-tune the following parameters: the
number of trees (165), the Gini impurity criterion for splitting, the maximum tree depth
(13), and the number of features used for optimal splitting (16). For the case of the SVM
classi�er, an exhaustive grid search was conducted to identify the best parameter combina-
tion for model selection. The �nal parameter set included a linear kernel, a regularization
parameter of 100, and the utilization of the one-vs-rest decision function shape.

Additionally, four DL-based point cloud classi�cation methods were selected, namely
PointNet (Qi et al., 2017a), PointNet++ (Qi et al., 2017b), PCT (Guo et al., 2021), and
PT (Zhao et al., 2021a), to gauge the performance of the proposed approach. PointNet and
PointNet++ have been investigated by several TSC tasks of dense point clouds, and PCT
and PT are the most widely used transformer-based networks. Therefore, these four DL-
based networks were selected as the comparative methods for the DL-based category. In
addition, the e�ectiveness was assessed of this proposed dual-branch transformer network
was assessed by removing the secondary branch and the CBA modules, while maintaining
consistent settings for a comparative analysis.

To ensure a fair and consistent evaluation of the DL-based methods, all DL methods
were trained on the same workstation and adhered to the original proposed settings for
each network architecture, maintaining the same maximum epoch number and ensuring
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Table 4.5: Description of the features used in classic ML-based methods.
Symbol Description

Hmax , Hmean, Hstd Maximum, mean, and standard deviation of the normalized height of all
points representing a tree.

Hkurt , Hske Kurtosis and skewness of the normalized height of all points.
HPi Normalized height at percentiles 20%, 40%, 60%, 80%, and 90% from

the tree base.
PD i Point density within layer i of tree height 20%, 40%, 60%, 80%, and

90%.
CA Crown area computed as the area of the 2D convex hull.
CV Crown volume computed as the 3D convex hull.
Dea Equivalent crown diameter calculated from the crown area assuming

circular shape.
P Penetration index: ratio between number of returns below 2 m and total

returns.
TE z Ratio of longest spread to cross-spread of crown cover in thexy-plane.
TE y Ratio of longest spread to cross-spread in crown pro�le on thexz-plane.
TE x Ratio of longest spread to cross-spread in crown pro�le on theyz-plane.
INmean cj , IN std cj Mean and standard deviation of intensity values for all points in channel

j .
IN kurt cj , IN ske cj Kurtosis and skewness of intensity values for points in channelj .
IN i cj Intensity values at percentiles 5%, 10%, 30%, 50%, 70%, and 90% in

channel j .
INH i cj Mean intensity within layer i of tree height 20%, 40%, 60%, 80%, and

90% for channelj .
INH90std cj Standard deviation of intensity in the 90% height layer for channel j .
R1st, R2nd, R3rd ,
R4th

Ratios of the number of 1st, 2nd, 3rd, and 4th return points to total
points of the tree.
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Figure 4.8: The illustration of the mean decrease of impurity calculated by RF.

that the number of points per sample remained consistent with the proposed method.
This standardized approach allowed us to conduct a meaningful and equitable comparison
between the proposed method and established DL-based and ML-based techniques.

4.3.4 Evaluation metrics

To assess the performance of the proposed method at the individual tree level, standard
metrics derived from a confusion matrix were used to evaluate the classi�cation results,
including precision (Pre), recall (Rec),F1-score, and OA, as de�ned in Zhao et al. (2021)
(refer to Eqs. 3.6, 3.7, 3.8, and 3.9). These metrics are computed based on the number
of correctly and incorrectly classi�ed trees, with true positives (TP), true negatives (TN),
false positives (FP), and false negatives (FN) determined for each tree species.

In addition to overall scores, the mean precision (mPre), mean recall (mRec), and mean
F1-score (mF1) were calculated by averaging the per-class values across all species cate-
gories. These metrics provide a comprehensive evaluation of model performance, especially
in the context of multi-class classi�cation at the tree instance level. All metrics are com-
puted across di�erent testing datasets to ensure robust and comparative evaluation of the
proposed and baseline models.
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4.4 Results and Discussion

4.4.1 Classi�cation results and comparison study

Tree identi�cation was conducted at three distinct levels: species level, genus level, and fo-
liage type level, using the proposed AACB Transformer network. The network was trained
with data-augmented sample group G1 and point sampling to 256. Based on experimental
analysis, the number of points used in MSG strategies were set to [32, 64, 128], and [32,
64, 128] of two GLocal modules. The results indicate that using a moderately high con-
sistent number of neighbours well-matched to the sample point distribution yields optimal
classi�cation performance. The �nal TSC results are listed in Table 4.6. The experiments
of training the classi�ers of tree genus and foliage type were conducted of this network, as
outlined in Tables 4.7 and 4.8, respectively. The overall accuracies for tree species, genus,
and foliage type identi�cation reached 83.1%, 85.8%, and 95.3%, respectively, using the
proposed network.

Table 4.6: Classi�cation results of tree species using AACB Transformer network.
Predicted label Reference label Pre Rec F1

PopTre LarLar AceSac PicAbi PinRes PinStr (%) (%) (%)

PopTre 27 0 3 2 2 2 75.0 81.8 78.3
LarLar 3 90 3 1 7 4 83.3 93.8 88.2
AceSac 3 1 27 0 2 3 75.0 77.1 76.0
PicAbi 0 0 0 27 1 0 96.4 81.8 88.5
PinRes 0 3 2 1 79 5 87.8 82.3 85.0
PinStr 0 2 0 2 5 30 76.9 68.2 72.3

Mean 82.4 80.8 81.4
OA 83.1

Note: PopTre = Populus tremuloides, LarLar = Larix laricina , AceSac = Acer saccharum, PicAbi =
Picea abies, PinRes = Pinus resinosa, and PinStr = Pinus strobus. Bold numbers in the confusion
matrix represent correctly classi�ed trees. In this chapter, all confusion matrices are presented with the
x-axis showing true labels and the y-axis showing predicted labels.

In the TSC, the mPre, mRec, and mF1 reached 82.4%, 80.8%, and 81.4%, respectively.
Considering precision, recall, andF1-Score,Larix laricina and Pinus resinosawere identi-
�ed with relatively high accuracy across all metrics, whereaPinus strobushad the lowest
evaluation metrics. In terms of tree genus classi�er, the mPre, mRec, and mF1 reached
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82.3%, 81.6%, and 81.7%, respectively.Acer had the lowest classi�cation result. However,
if the tree species classi�er was �rstl applied and then the genus classi�cation results were
calculated, the the OA, mPre, mRec, and mF1 could increase to 87.1%, 83.9%, 83.2%,
and 83.4%, respectively, indicating thatPinus resinosa and Pinus strobus are easier to
misclassify. The mPre, mRec, and mF1 for foliage type classi�cation were 92.3%, 93.2%,
and 92.7%, respectively, and the OA, mPre, mRec, and mF1 directly calculated from the
TSC results did not improved.

Table 4.7: Classi�cation results of tree genera using AACB Transformer network.

Predicted label Reference label Pre Rec F1

Populus Larix Acer Picea Pinus (%) (%) (%)

Populus 28 0 6 1 4 71.8 84.8 77.8
Larix 0 89 4 0 6 89.9 92.7 91.3
Acer 4 1 22 0 4 71.0 62.9 66.7
Picea 0 1 0 26 2 89.7 78.8 83.9
Pinus 1 5 3 6 124 89.2 88.6 88.9

Mean 82.3 81.6 81.7
OA 85.8

Note: Bold numbers in the confusion matrix represent correctly classi�ed trees.

Table 4.8: Classi�cation results of tree foliage types using AACB Transformer network.

Predicted label Reference label Pre Rec F1

Broadleaf Needle leaf (%) (%) (%)

Broadleaf 61 9 87.1 89.7 88.4
Needle leaf 7 260 97.4 96.7 97.0

Mean 92.3 93.2 92.7
OA 95.3

Note: Bold numbers in the confusion matrix represent correctly classi�ed trees.

Classi�cation errors can be attributed to several factors. Some misclassi�cations oc-
curred within genera (Table 4.6), such as errors betweenPinus strobusand Pinus resinosa,
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or between genera, like the misclassi�cation ofPinus strobus and Larix laricina . This
could be attributed to an imbalance in the training samples, with a lower proportion of
Pinus strobus samples. Imbalanced training datasets can also lead to misclassi�cations
between species. Errors were also observed in the classi�cation between coniferous and
deciduous trees. For example, someLarix laricina trees were misclassi�ed asPopulus
tremuloides, possibly due to the similarities in height and DBH between these two species
in this dataset, as shown in Table 4.1. Moreover, manyLarix laricina samples had low
total point counts (less than 128), making it di�cult to extract su�cient crown features for
accurate classi�cation. By removing samples with fewer than 128 points in Experiment 3,
the Larix laricina classi�cation results reached 91.9%, 89.5%, and 90.7% precision, recall,
and F1-score, respectively.

Another factor contributing to misclassi�cation between foliage types is the forest struc-
ture of this study area. During �eldwork, it was observed that manyAcer saccharumtrees
were in the understory or subcanopy, beneath the canopy dominated byPinus resinosa
and Pinus strobus. Compared to other training datasets obtained from 2D canopy height
models or aerial imagery, which are often delineated manually or using algorithms (Budei
et al., 2018; Prieur et al., 2022), the training samples were directly segmented into indi-
vidual trees in 3D based on the surveyed tree map. This approach o�ered higher precision
in both horizontal and vertical directions. Many samples understory samples exhibited
varying data returns and intensities across all three channels, compared with those in the
canopy layer. For instance, Figure 4.9 presents the density distributions of intensity values
by di�erent return numbers and channels for understory and upperstoryAcer saccharum.
The same species of trees di�erent distributions of point cloud intensity information, both
by channel and by return number, between the upper and lower layers of the forest. Given
the importance of radiometric information in TSC, this presented additional challenges for
feature extraction by the network.

According to the genera classi�cation results, the accuracies of genera that were ini-
tially predicted at the species level and then corresponded to genera were higher than
those of classi�ers trained directly to identify genera. This phenomenon was also observed
in the study by Seeland et al. (2019), which applied a CNN to image classi�cation of
plant species, genus, and family. The possible explanation is that classifying tree species
directly allows the model to learn richer, more detailed feature representations. Since dif-
ferences between tree species may be embedded in the characteristics of their respective
genera, the model captures more details during species classi�cation and, when aggregated
to genus-level classi�cations, provides more comprehensive information, thereby enhanc-
ing classi�cation accuracy. Another possible reason could be when the model is trained
for genus classi�cation, di�erences between genera may be signi�cant, but the internal
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Figure 4.9: The point density distribution of intensity value by channel and return number
of upper-layered and under-layeredAcer saccharum.
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di�erences within a genus (i.e., between di�erent species) may be overlooked. By �rst
classifying tree species, intraclass variance is reduced, enhancing interclass di�erences and
thereby improving overall classi�cation performance.

The G1 sample group, with data augmentation and input 256 points, was chosen as
the training set for the comparison experiments. It should be noted that in the tests of
ML-based methods, the zeros �lled by the SM method were replaced by NaN values to
avoid contaminating the original attributes of the data with �lled zeros. The \One branch"
method was also tested, which refers to a con�guration in which all attributes were input
solely to the primary branch, without the CBA module or the secondary branch. The
comparative results are summarized in Table 4.9.

Compared to widely used classic tree species classi�ers, SVM and RF, achieved OAs of
67.7% and 70.3%, respectively, with relatively lower precision, recall, andF1-score values,
all below 70.0%. This proposed network improved all evaluation metrics by more than
12%, and all other DL-based methods achieved OAs above 78.6% and outperformed these
two ML-based approaches. This result indicates that DL networks generally achieve better
classi�cation performance than traditional ML models. Compared to the \One branch"
method, the dual-branch structure equipped with the CBA module improved classi�cation
OA by 1.5%, mPre by 4.0%, mRec by 4.6% and mF1 by 4.6%. This demonstrates the
e�ectiveness of the dual-branch structure and the CBA module. In addition, this method
notably improved the recall andF1-scores over all other DL-based methods, with at least
a 2.5% increase in recall and a 2.2% increase inF1-score. The improvement in recall is
particularly bene�cial, as it indicates a higher true positive rate, meaning AACB model
is more e�ective at correctly identifying tree species, which is crucial for minimizing false
negatives in forestry applications.

PCT and PT are more recent and have shown advanced performance on other point
cloud datasets. However, in this study, PointNet++ and the AACB Transformer outper-
formed them. This could be attributed to the fact that PCT is a global transformer with a
uniform scale, potentially leading to a loss of local feature details (Du et al., 2021), while PT
focuses more on local neighbourhood points lacking global feature learnability. Although
they have provided achieved satisfactory results on other point cloud datasets, they still
have limitations when dealing with sparse point clouds like those in this study. But the
PointNet++ or the AACB Transformer adopted multiscale processing strategies , namely
the MSG or GLocal module, respectively, which increase the capability for feature capture.
This result matches with the studies using dense point clouds by Liu et al. (2022c) and Hell
et al. (2022) and demonstrates that a multiscale approach of this designed architecture is
particularly e�ective for handling the challenges posed by sparse point clouds.

To further demonstrated AACB Transformer performance, a random strati�ed 10-fold

64



Table 4.9: Evaluation metrics (%) for benchmark methods comparison.

Method OA mPre mRec m F1 � OA � mPre � mRec � mF1

ML-based methods
SVM 67.7 65.8 60.7 62.3 15.4 16.6 20.1 19.1
RF 70.3 67.7 63.3 65.0 12.8 14.7 17.5 16.4

DL-based methods
PointNet 81.0 78.5 75.4 76.6 2.1 3.9 5.4 4.8
PointNet++ 81.9 81.6 78.3 79.2 1.2 0.8 2.5 2.2
PCT 80.4 79.2 76.3 77.1 2.7 3.2 4.5 4.3
PT 78.6 77.5 74.3 75.5 4.5 4.9 6.5 5.9
One branch 81.6 78.4 76.2 76.8 1.5 4.0 4.6 4.6
Proposed method 83.1 82.4 80.8 81.4 - - - -

Note: � denotes the performance gap compared to the proposed method proposed AACB Transformer
model.

cross-validation with G1 training sample group without data augmentation which is 25%
training sample of the original comparison training set was conducted between the DL-
based methods. Each training used the same parameter setting and limited to a maxi-
mum of 200 epochs. This approach helps assess whether the model's performance remains
consistent across various training and testing data splits and allows us to verify its e�ec-
tiveness when trained with fewer samples. Based on the 10-fold cross-validation results
for the comparative methods shown in Figure 4.10, this method demonstrates superior
stability, as evidenced by lower standard deviation across all metrics, including OA, mPre,
mRec, and mF1. Even with a substantial reduction in the training sample size, this ap-
proach maintains consistent performance, indicating its robustness in handling reduced
data availability without compromising accuracy. This contrasts with greater variability
and are more sensitive to changes in the training sample size. In general, transformer-based
models are more costly and require more training data (Liu et al., 2022c) such as PT and
PCT, but the AACB Transformer demonstrated consistent robustness with less annotated
data. Compared to other method, the model more e�ectively extracts the inherent species
characteristics from the low-density AML point cloud.
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Figure 4.10: The box plot of 10-fold cross-validation results of DL-based methods.

4.4.2 Channel merging selection

To demonstrate the e�ectiveness of the Simple Merging (SM) method, the TSC with the
proposed DL network using AML data preprocessed through various methods and param-
eter settings were conducted, including nearest neighbouring (NN) searching (Jing et al.,
2021), spherical neighbouring (SPN) searching (Morsy et al., 2017). For the NN search,
since the used point cloud is very sparse, there is no restrictions on the distance range to
ensure that valid value for each point can be found. For the SPN search, the following
sphere radii were used: 0.5 m, 0.6 m, 0.7 m, and 1 m. As the goal is to minimize the radius
to include as many points as possible, if no neighbouring points were found, an additional
NN search was performed to assign the intensity value to the point. TSC followed all steps
of the training sample preparation procedure and trained the proposed network on G3
samples without data augmentation. The input points were set to random drop points at
128, and upsampling to 256 for all samples.

SM channel merging approach achieved the best OA and mRec; while the NN searching
method achieved the best mPre and mF1. The �nal classi�cation performance of the pre-
procced AML point cloud by these two methods is quite similar. But SM method does
not require any interpolating or neighbour searching processes, which avoid bringing more
uncertainties for the dataset and reducing the computational cost.

The SPN search may work well with dense clouds (Morsy et al., 2017); however, in the
speci�c case the point clouds are sparse, and trees are small, and therefore the radius for
the spherical neighbouring search would need to be inappropriately large to ensure that
enough points are found for �lling values. As shown in Table 4.10, the SPN radius with
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Table 4.10: TSC results using di�erent channel merging methods.
Method Parameter OA (%) mPre (%) mRec (%) m F1 (%)

SPN50 r = 0 :5 m 81.8 81.1 78.2 79.2
SPN60 r = 0 :6 m 83.2 81.8 81.5 81.1
SPN70 r = 0 :7 m 81.8 81.6 77.0 78.5
SPN100 r = 1 :0 m 81.8 79.6 78.2 78.2
NN - 85.5 85.3 83.6 84.2
SM - 86.0 84.6 84.4 84.1

Note: OA = Overall Accuracy; mPre = mean Precision; mRec = mean Recall; mF1 = mean F1 score.
SPN = Spatial Pooling Neighbourhood with varying radius r ; NN = Nearest Neighbour; SM =
Statistical Merging.

0.6m provided the most accurate classi�cation OA, which may relate to the density of the
point cloud.

Overall, if AML data is to be used for a deep learning task or is very sparse, the
SM method can preprocess the input data most simply and e�ectively. If using denser
AML data or if the task requires all three channels to be �lled with meaningful and cor-
rect intensity information, nearest-neighbour searching with an appropriate distance can
also yield satisfactory results, but the neighbourhood search process will consume more
computational resources.

4.4.3 Point sampling and sample set strategies

Point sampling strategy is a crucial factor that in
uences both the accuracy and compu-
tational e�ciency of a model. To better understand the in
uence of the number of input
points per sample and point sampling, the model's performance was tested using overall
accuracy across seven experiments. With di�erent training sample settings (Table 4.4),
the impact of point sampling and sample set selection on the performance of classi�cation
networks was explored. All tests used the training data without data augmentation, and
the results of all tests as illustrated in Figure 4.11.

Intuitively, one might assume that having more training samples would lead to better
performance, which has been con�rmed by these experiments. As seen in Experiment 4,
which used only 273 samples containing more than 512 points each, the predictive ability
was lower than when using all samples (Experiment 1), when the input point count was
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Figure 4.11: Overall accuracies achieved by using di�erent point sampling strategies and
sample groups. The histogram in the background shows the distribution of the number of
samples by the number of points each sample contains.
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less than 512. As the input point count increased to 512, the performance of the model
began to improve, but it still did not perform as well as Experiments 1 and 2, which had
more samples.

In addition, the number of points contained in each sample is also particularly impor-
tant. From the results of Experiments 1, 2, and 3, it can be observed that removing samples
with fewer points from the dataset can overall enhance OA's predictive capabilities by at
least 2%. This is because having too few points in a sample inherently makes it di�cult to
perform classi�cation tasks, and relying on random replication limits the network's ability
to learn su�cient features.

While removing samples with a small number of points can improve model accuracy,
having more points per sample does not necessarily yield better results. Accuracy improves
with increasing point sampling, reaching a peak at 512 points, beyond which it begins to
decline. This �nding is in accord with recent study by Liu et al. (2021). , which enhances
point density and augments the retention of geometric structural information, facilitating
more e�ective learning by the DL model Liu et al. (2021). However, this learning potential
saturates beyond a speci�c density threshold. Notably, the trend in model accuracy from
Experiment 1 closely aligns with the distribution of the number of points per sample, with
90% of samples containing fewer than 512 points. Therefore, the distribution of the point
count for each sample could serve as a basis for determining the optimal number of input
points for each sample.

To explore the e�ect of upsampling process, Experiments 5, 6, and 7 were conducted.
In Experiment 7, the same sample group as in Experiment 2 was used. All samples were
downsampled to 64 points and then upsampled to the desired number of points. Similarly,
the sample group of Experiment 3 was utilized , and downsampling was applied to samples
of Experiments 5 and 6. When the input samples have a �xed number of points, upsampling
to twice that number can e�ectively improve training performance. However, upsampling
to a higher number of points might reduce model e�ectiveness due to the introduction
of excessive redundancy. This can also explain why the accuracies of Experiments 1 and
2 declined after 512, as many samples contain more than twice the number of randomly
copied points. Meanwhile, when downsampling to a �xed number of points, FPS (Qi et al.,
2017b) retains more e�ective information compared to RD. For instance, in Experiments
2 and 7, and in Experiments 3 and 5, where downsampling was performed to 64 and 128
points, respectively, without any upsampling, the classi�cation results indicate that FPS
downsampling is superior.

In summary, sample size, the number of points per sample, point sampling methods,
and the �nal input point number all interact to in
uence the outcome of model training.
Briechle et al. (2020) mentioned that upsampling and downsampling are mandatory, and
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it is imperative to minimize the inevitable information loss. Based on these results, when
generating training samples from a low-density point cloud, it is suggested to determine
point sampling based on the distribution of the number of points per sample. If the training
sample size is huge for selecting, samples with too less points can be removed which can
reduce the upsampling rate. In this study, the sample with more than 128 points performed
best, suggesting that to ensure good individual TSC results, each sample should have at
least 128 points. Depending on the sample group, 256 or 512 could be the best choice for
the input sampling size.

4.4.4 Role of AML data attributes

To better understand the input data for discriminating between tree species, an ablation
study was conducted to assess the impact of various input data attributes on the model's
performance in Experiment 1 with 256 points (Table 4.4). The baseline, which utilizes
all input attributes, o�ers the best classi�cation results, reinforcing the idea that a com-
bination of spatial information, return details, and channel information yields the best
results.

Table 4.11: Ablation study of di�erent input attributes.
Data attributes Evaluation metrics (%)

x y z NR RN Ci C1 C2 C3 OA mPre mRec mF1

X X X X X X X X 81.0 80.0 78.5 78.7
X X X X X X X X 80.7 78.4 77.3 77.5
X X X X X X X X 80.7 79.7 76.7 78.0
X X X X X X X X 80.1 77.5 75.9 76.3
X X X X X X X X 80.7 80.2 76.3 78.0
X X X X X X X X 79.5 77.1 75.6 76.1
X X X X X X X X X 83.1 82.4 80.8 81.4

Note: NR = Number of returns; RN = Return number; Ci = Original channel index before merging;
C1, C2, and C3 = Spectral channels after merging.

Removing one of each �eld can a�ect the model's performance at various levels, as listed
in 4.11. This ablation study clearly shows that the inclusion of more diverse data attributes
tends to improve model performance in classi�cation tasks. Previous studies observed
that intensity-based features across di�erent channels are most valuable for TSC (e.g., Yu
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et al. (2017), Budei et al. (2018), and Rana et al. (2022)) using ML-based algorithms.
Based on this study, the return number is more crucial for TSC, as performance declined
sharply when it was removed. This could be because the return number directly re
ects the
penetration of the laser pulse, which is highly related to the tree's geometric characteristics.
Unfortunately, most available TSC studies of point clouds by DL methods did not include
the return number during the training process Briechle et al. (2020), Liu et al. (2021),
Hell et al. (2022), and Li et al. (2023a). To improve TSC results, future research should
consider incorporating the return number, as classi�cation accuracy.

Additionally, the intensity data from the three channels contribute similarly to the net-
work. Removing the channel index slightly underperforms the complete set of classi�cation
results. The results of the data-attribute ablation study for the DL network proposed in
this paper show strong consistency with assessments of feature importance in ML-based
methods. The feature importance showed that the top 40 important features include 14
related to the coordinates, 3 related to the return number, 8 related to C1, 8 related to
C2, and 7 related to C3, as shown in 4.8. This ablation study demonstrates that the cur-
rent input attributes are all useful, and even minor omissions in data attributes, such as
channel index, can lead to measurable decreases in performance metrics, underscoring the
importance of a comprehensive dataset for achieving high accuracy in TSC.

4.5 Chapter Summary

This chapter presented the development and evaluation of the Attribute-Aware Cross-
Branch Transformer, a novel deep learning model designed to classify individual tree species
from low-density airborne multispectral LiDAR point clouds. By integrating a Cross-
Branch Attention module and a newly designed channel merging strategy, the AACB
Transformer e�ectively exploits both geometric and radiometric information, improving
computational e�ciency and the extraction of subtle discriminative features.

Extensive experiments were conducted to benchmark the performance of the proposed
model against widely adopted DL and ML approaches. The AACB Transformer demon-
strated superior classi�cation accuracy and stability across multiple evaluation metrics
and datasets, particularly excelling in recall andF1-score while requiring fewer training
samples. The model also outperformed DL baselines in genus- and leaf-type classi�cation
tasks, a�rming its robustness and generalizability.

In addition to model evaluation, this chapter provided detailed analyses on sampling
strategies, dataset composition, hyperparameter tuning, and feature contributions. These
insights o�er practical guidance for improving TSC and deploying deep learning mod-
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els e�ectively in forestry applications. The �ndings reinforce the potential of the AACB
Transformer for enhancing forest monitoring and carbon assessment practices.

Future work could be extending this framework to support individual tree segmentation,
further advancing automated, tree-level forest inventory systems.
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Chapter 5

Transfer Learning for Individual Tree
Species Classi�cation

5.1 Introduction

Classifying individual tree species from cross-platform LiDAR point clouds remains chal-
lenging due to large variations in point density, geometry, and noise among ALS, TLS,
MLS and ULS systems. Most existing models are developed for a single platform or a
limited number of species, resulting in weak generalization to new environments or unseen
species. This chapter investigates transfer learning (TL) as a solution to these challenges.
A uni�ed preprocessing pipeline and a dual-branch deep learning architecture are proposed
to integrate geometric coordinates, normal vectors, and multi-scale density features. In ad-
dition, a multi-phase transfer learning strategy is designed to improve model adaptation
with limited training data. The proposed framework enhances the accuracy, e�ciency, and
scalability of tree species classi�cation (TSC) across diverse LiDAR platforms, supporting
large-scale forest monitoring and ecological applications.

5.2 Datasets

5.2.1 Pretrain dataset

In this study, the development subset of the FOR-species20K benchmark dataset (Puliti
et al., 2025) was adopted as the pretraining dataset, providing a large-scale collection of
individual-tree point clouds for species classi�cation. The dataset integrates multi-platform
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laser scanning data, consisting predominantly of TLS acquisitions (approximately 70% of
the trees), followed by ULS data (22%) and MLS data (8%) (Puliti et al., 2025). These data
collectively cover 33 tree species across 19 genera and encompass a wide range of structural
and ecological conditions, as illustrated in Figure 5.1. The most abundant species includes
3,296 samples, whereas the rarest species contains only 42 samples, with a median of 229
samples per species, which represents nearly an 80-fold di�erence between the minority and
majority classes. More details are listed in Table 5.1. The samples span diverse geographic
and biome contexts, mainly from European forests, with additional data from Canada,
Australia, and New Zealand, respectively.

5.2.2 Unseen dataset

The dataset used in this study was acquired on the campus of Nanjing University of In-
formation Science and Technology (32� 120 N, 118� 430 E) in June and July 2022 using a
DJI Matrice 300 RTK equipped with a Zenmuse L1 LiDAR sensor (Li et al., 2023b). The
LiDAR survey generated georeferenced point clouds with an average density of approxi-
mately 131 points m� 2 under a three-echo recording mode. Individual trees were manually
delineated and assigned species labels, producing a segmented single-tree dataset. In this
study, only the three-dimensional geometric coordinates (x, y, z) were employed for model
training and evaluation. This dataset includes 848 individual trees. The investigated tree
species include both coniferous and broad-leaved species, as listed in Table 5.1. The un-
seen dataset contains tree species that are not included in existing benchmark datasets
and exhibit di�erent morphological and structural characteristics compared with those in
the pretraining dataset (see Figure 5.1), an opportunity to evaluate the TL's ability and
generalization to unseen species domains.

5.2.3 Data split

The pretraining dataset was randomly split into training, validation, and test sets at a
3:1:1 ratio. No arti�cial class balancing was applied. Instead, a strati�ed random sampling
strategy was employed to ensure balanced representation across tree species, data acqui-
sition types, and tree height intervals of the Pretrain Dataset. Speci�cally, tree height
values were divided into four bins using percentile cuto�s, providing a balanced structural
distribution and consistent coverage of morphological variability across all subsets. More
details on the sample sizes for each species are listed in Table 5.2.

To ensure a balanced and reproducible experimental design, the original Unseen Dataset
was partitioned using two strategies. First, a proportion-based split was applied: samples
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