
ABSTRACT

Title of Dissertation: TOPOLOGY-BASED INDIVIDUAL TREE MAPPING
FROM LIDAR POINT CLOUDS

Xin Xu
Doctor of Philosophy, 2024

Dissertation Directed by: Professor Leila De Floriani
Geographical Sciences Department, University of Maryland
University of Maryland Institute for Advanced Computer Studies

Professor Federico Iuricich
School of Computing, Clemson University

Light Detection and Ranging (LiDAR) techniques have dramatically enhanced our ability

to characterize forest structures remotely by acquiring 3D point cloud samplings of forest shapes.

Extracting individual trees from the forests plays a critical role in the automated processing

pipeline of forest point cloud analysis. However, there is still a lack of automated, efficient, and

easy-to-use approaches available to identify and extract individual trees in a forest point cloud.

This is mainly due to inconsistent point cloud quality, diverse forest structure, and complicated

plant morphology. Most existing methods require intensive parameter tuning, time-consuming

user interactions, and external information (i.e., allometric function).

In this dissertation, we consider the problem of extracting single-tree point clouds from

input forest point clouds. We propose two novel Topology-based Tree Segmentation (TTS)

approaches, namely TTS-ALS and TTS-TLS, for airborne and terrestrial laser scanning data



analysis, respectively. TTS algorithms are plug-and-play by nature and controlled by at most one

parameter, ensuring user-friendliness. The implemented TTS software tools can extract single

trees from 3D point clouds on various forest types, including conifer trees, broadleaf deciduous

forests, and evergreen subtropical trees. Compared to state-of-the-art software tools, TTS tools

achieve more accurate stem localization and tree extraction results on a broad set of forest types

and point densities. Further experiments show that point normalization, one preprocessing step

before TTS, slightly affects the TTS-ALS’s performance of detected tree locations while strongly

influencing tree crowns. Compared to TTS-ALS, TTS-TLS segmentation accuracy is more

sensitive to normalized points. However, TTS-TLS can effectively limit errors introduced by the

preprocessing step in local regions and maintain consistent results across entire areas. Because of

their reliability and generality, TTS approaches are promising for ample usage of forest LiDAR

point clouds in forestry and ecology studies, such as automated forest inventory generation from

point clouds. Additionally, our extra research includes a novel building footprint delineation

method for ALS point clouds and a comprehensive review of tree reconstruction methods tailored

to single-tree point clouds, enhancing the breadth and depth of our contribution.
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Chapter 1: Introduction

1.1 Background and Motivations

Forest management and monitoring are essential for making effective policies and planning,

prioritizing interventions, evaluating forest resources, managing ef�cient investments, and engendering

accountability [1–3]. More speci�cally, the objective of theReducing Emissions from Deforestation

and Forest Degradationin developing countries (REDD+) program under theUnited Nations

Framework Convention on Climate Change(UNFCCC) is to mitigate climate change through

reducing net emissions of greenhouse gases by enhanced forest management in developing countries.

Forest management, especially sustainable forest management (SFM) [4], relies on effective

observation systems to describe forest components and structures, monitor forest cover and

carbon emissions, and collect additional information to generate a larger data set that can be

used as a driver of change [5]. Such a systematic collection of data on forestry resources, namely

forest inventory(FI), has been collected in various ways. For example, forests can be monitored

by remote sensing satellites [6] and ground observation systems [7]. However, forest inventory

has traditionally been produced, analyzed, and disseminated by trained experts [8], which makes

these procedures expensive and time-consuming.

Light Detecting and Ranging (LiDAR) techniques have been applied to forests and supported

forest inventory generation since the late 1990s and early 2000s [8–11]. LiDAR is a remote

1



sensing technique to map vegetation structures and generate point clouds of target forests [12].

Because of comprehensive details with high spatial resolution, especially for unique captured

vertical tree structures preserved in the forest point clouds [8], efforts have been reported to

identify tree features with automated methods to overcome limitations from traditional observation

approaches (i.e., cost- and labor-intensive analysis) and generate a timely and high-accurate

tree-level forest inventory [8, 11]. One common way of automated processing LiDAR forest

points cloud is a sequential process starting with tree localization and isolation, followed by tree

reconstructing and modeling [13–15]. This type of processing pipeline is �exible and suitable

for various forests and forest point clouds. Many studies have showcased the effectiveness

of individual tree mapping with LiDAR forest point clouds in diverse environments, including

boreal forests [9], temperate forests [16], and tropical forests [17]. Furthermore, different non-

destructive ways of reconstructing tree structures in 3D space have been developed for various

types of LiDAR point clouds based on extracted single-tree point clouds [18–20], to have 3D tree

models and calculate metrics of single trees. Among the automated pipeline,tree localization

and isolationaims to locate trees and isolate individual tree point clouds from input forest point

clouds, so that tree models and metrics can be computed based on detected single trees via the

tree reconstruction and modeling step. Thus, tree localization and isolation are essential in the

tree-level forest inventory [13, 15].Individual tree segmentation (ITS)of LiDAR point cloud is

one solution for the critical task oftree localization and isolation. ITS aims at extracting single-

tree point clouds, which can support further tree modeling quantifying tree-scale structure from

LiDAR point clouds.

However, forest point cloud segmentation is challenging because of irregular point densities,

occlusions inside point clouds (i.e., incomplete tree points), and diverse structures and morphology
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in forests [8, 15, 21–23]. Moreover, the characteristics of point clouds signi�cantly vary across

different LiDAR platforms. For example, airborne LiDAR systems are the most common LiDAR

systems used in forest studies, which are usually installed in airborne devices like �xed-wing

aircraft and helicopters. The airborne platform is used for collecting data across large areas (i.e.,

tens to thousands of square miles [12]). A terrestrial LiDAR system works below the forest

canopy, e.g., installed on static tripod mounts. Traditional tripod-based LiDAR instruments are

able to generate highly accurate point clouds and make them especially suitable for smaller

areas (i.e.,< 1 ha [24]). Several factors in�uence the point clouds collected by each LiDAR

platform. For instance, airborne laser scanning (ALS) point clouds are associated with scanning

con�gurations (i.e., �ying heights, scanning pattern), as well as instrument speci�cations (i.e.,

beam divergence, pulse rate) [12,25,26]. Similarly, scanning locations arrangement (i.e., scanning

patterns and densities) and instrument speci�cations, such as �eld of view and angular resolution,

determine the collected terrestrial laser scanning (TLS) point clouds [11, 15, 24]. In general, the

ALS system provides point clouds of a more consistent and continuous coverage throughout the

entire forests at thekm2-level [26], while the TLS system is more frequently used in small areas

(i.e., stand level,< 1 ha level) [15, 24]. In contrast, TLS points are much denser, with points

closer to each other in terms of point spacing at the millimeter level [11], compared to sub-

meter and centimeter-level of ALS point clouds [26,27]. Moreover, ALS and TLS have different

forest characteristics emphasized due to the scanning mechanism. ALS sensor directly observes

the forest canopy, providing highly accurate data describing the canopy layer [28]. However,

understory vegetation is usually occluded by upper layers [29]. Unlike ALS, TLS is a bottom-up

scanning platform that generates full data coverage of the tree's bottom surface [30]. However,

distant objects and complete tree crowns are likely shadowed by other trees or parts of trees close
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to the sensor [11,30].

Therefore, existing segmentation approaches are designed for speci�c types of point clouds

to harness their unique characteristics, ensuring optimal segmentation results. Nevertheless, as

we observed, existing segmentation solutions require a bundle of parameters [22, 31], intense

user interactions (i.e., manually inspect and correct segmentation results) [32], and external

information (i.e., allometric functions) [33,34]. Emerging deep learning-based methods [35] are

data-hungry and dif�cult to generalize based on samples showing a different distribution from

the training data. For example, the performance of trained models will worsen due to the domain

shift [36]. All these problems have so far inhibited the generation of plug-and-play tools that can

lead to robust segmentation of the individual trees of a forest.

Thus, our research focuses on two automated approaches tailored for ALS and TLS point

clouds, both capable of delivering robust results with minimal user interactions in various forest

environments. To do so, we explore the bene�ts of topology-based concepts and approaches

for LiDAR point cloud analysis and segmentation because topology methods are general, robust,

and compact. The generality of topology methods makes them suitable for processing all kinds of

LiDAR point cloud data. The central idea of topological methods is to extract compact descriptors

(i.e., topological features) that carry the essential structural information of LiDAR points [37].

Topological features can describe variations in the shape of the points regardless of the forest

type being analyzed [38]. The nature of topological analysis also determines its robustness to

noise [38], which is essential for LiDAR point clouds. Lastly, the increased spatial resolution

generated by new scan devices provides novel opportunities for analyzing forest features. Yet

it may also introduce new challenges due to the large amount of data being processed. To this

end, the compact representations of tree features provided by topological approaches allow us to
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overcome the big data challenge.

Therefore, we have proposed two topology-based tree segmentation (TTS) approaches for

ALS and TLS points, respectively. Following typical work�ow [14, 31], both TTS approaches

work on the vegetation points, requiring point heights over the ground. Such preprocessing is

point normalization, one critical and indispensable step in forest vegetation analysis. Thus,

we also investigated the performance of TTS on different point normalization processes (i.e.,

combinations of ground detection and spatial interpolation methods [31]). Overall, the designed

TTS algorithms can support the automated pipeline of processing forest LiDAR point clouds.

Moreover, lessons learned during TTS development will further assist the community in understanding

and developing ITS methods among different ecological environments and LiDAR platforms.

Thus, including proposed TTS approaches, our overall dissertation contributions can also support

a wide range of scienti�c discoveries in ecological and environmental areas.

1.2 Research Objectives

This dissertation aims to use topology-based segmentation methods to achieve improved

automated single-tree extraction results from forest LiDAR point clouds while asking for minimal

user interactions. The three detailed research objectives are as follows:

1. Design, implement and validate a topology-based segmentation method to retrieve individual

tree point clouds from airborne laser scanning (ALS) point clouds;

2. Design, implement and validate a topology-based segmentation method for terrestrial laser

scanning (TLS) point clouds; and

3. Measure and analyze the performance of TTS algorithms over different point normalization
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results.

Study 1. In Study 1, we have proposed a new topology-based tree segmentation approach

working on the ALS point clouds, namelyTTS-ALS. The core segmentation part of TTS-ALS is

based on watershed segmentation by simulated immersion and persistence-based simpli�cation.

Our version of the watershed by simulated immersion works on a graph built on the point cloud.

Persistence provides a robust way to retrieve an accurate segmentation of single trees without

requiring intense user interactions. We have compared our approach with state-of-the-art methods

implemented in the lidR package [39], demonstrating that it provides improved accuracy in single

tree identi�cation. The fact that our approach requires no parameter tuning makes it well suited

for a wide range of applications in forest analysis, including biomass estimation or �eld inventory

survey of extensive forests where no �eld data are available. This study was initially presented

as a poster at the 2019American Geophysical Union(AGU) fall meeting [40]. A preliminary

version was published in the ACM SIGSPATIAL international conference in 2020 with peer

review [41]. The �nalized work, featuring an improved algorithm, revised implementation, and

expanded experimental datasets, was published inGeoInformatica[42] in 2023. We have also

made the algorithm as a plugin for the open-source Topological Toolkit (TTK) library [43] and a

standalone C++ program for ease of use.

Study 2. TLS point cloud has different features from those of ALS. Thus, a different segmentation

strategy is needed to extract single trees from TLS forest point clouds more ef�ciently. We

have developed a new topology-based tree segmentation method, calledTTS-TLS, for TLS point

clouds in Study 2. While the TTS-ALS algorithm focuses on tree tops, TTS-TLS is a bottom-up
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segmentation rooted in discrete Morse theory. Instead of a graph, in the TTS-TLS algorithm, we

use� -complex to encode the connectivity structure of the point cloud. After approximating

the forest shape by the� -complex technique, the discrete Morse theory-based segmentation

method studies the delineated forest shape and extracts single-tree point clouds. The TTS-

TLS algorithm identi�es distinctive tree structures (i.e., tree bottoms and tops) without user

interactions. Treetops and bottoms are then used to reconstruct single trees using the notion

of relevant topological features. This mathematically well-established notion helps distinguish

between noise and relevant tree features. We compared our approach with state-of-the-art open-

source methods: 3D forest [32] and FSCT [35] with the experiment forest data, including multiple

forest types and different point characteristics (i.e., point density). The experiment results showed

that TTS-TLS is better at stem identi�cation, branch isolation, and crown delineation, leading to

better segmentation accuracy than other methods. Moreover, TTS-TLS requires no user-de�ned

parameters and works directly in different forests and datasets. Together with its reliability and

generality, TTS-TLS holds promise for greater usage of TLS point clouds, such as �re risk and

behavior modeling, estimating tree-level biodiversity structural traits, and above-ground biomass

monitoring. Early research �ndings were shared at the 2018ForestSATconference hosted by the

University of Maryland and NASA Goddard Space Flight Center. Preliminary research results

were presented at the AGU Fall meeting in 2021 [44]. Following signi�cant advancements

in our algorithm, validation methods, and the incorporation of more experimental data, the

complete work was published in theInternational Journal of Applied Earth Observation and

Geoinformationin 2023 [45]. Additionally, the algorithm has been implemented as a software

tool using C++ programs and Python scripts.
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Study 3. Both TTS approaches work on normalized forest points, where ground points are

detected, and height over the terrain is interpolated from input point clouds. Normalization

results vary on different combinations of ground detection and spatial interpolation methods

and bring errors in the normalized points, such as tree shape distortion and inaccurate height

values. Additionally, applying normalization methods involves �ne tuning input parameters to

�t different experimental point clouds. Finally, due to a lack of point classi�cation information

(e.g., ground points, non-ground points) to validate ground detection results, it is hard to examine

normalization accuracy automatically and objectively. In Study 3, we investigated the in�uence

of different point normalization techniques on both TTS-ALS and TTS-TLS methods. For TTS-

ALS, with �eld-recorded tree measurements and tree matching-based validation methods, experiments

showed that the normalization process slightly affects the detected tree locations while strongly

in�uencing tree crowns. TTS-TLS is more sensitive to point normalization from experiments

involving labeled forest point clouds and point-level validation methods. Detected ground points

from normalization results primarily affect segmentation accuracy, and normalization errors also

impact the TTS-TLS's performance in stem detection and tree growth. However, TLS experiments

also showed that TTS-TLS can mitigate unsatisfactory normalization effects and con�ne their

in�uence to local regions so that TTS-TLS can still extract single-tree point clouds even from

imperfect normalized points.

Additional research. Two additional research projects were conducted during the dissertation

study of individual tree extraction from forest point clouds. The lessons learned from TTS

developments are helpful in designing object detection methods from point cloud datasets. For

example, to solve the problem of delineating building footprints from point clouds generated
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by airborne laser scanning, we proposed a novel unsupervised approach that works on points

without any other external information and effectively provides building footprint delineation

results for large-scale point clouds with ease of use. The experimental results showed that

the proposed method achieves better mapping results than machine learning-basedMicrosoft

Building Footprintsin the experimental areas. This work was published in the 2022 ACM

SIGSPATIAL conference and rewarded as the second place winner in the11th SIGSPATIAL

GISCUP competition [46]. Another additional research contribution is a literature review of

methods of tree geometrical reconstruction, which is the subsequent processing after extracting

single-tree point clouds. Our literature review focused on the methodology by classifying methods

into point-based and space-based methods. We also discussed two common reconstruction strategies:

reconstruction with tree skeletons and with tree components. The output models were also studied

and compared based on levels of detail (LoD). This review is presented in Chapter 5 and will

support our future work of tree modeling based on our extracted single-tree point clouds. More

plans are discussed in Section 6.2.

Outline of Thesis. The thesis is organized into four other chapters. In Chapter 2, we present an

individual tree segmentation method working on ALS point clouds. In Chapter 3, we introduce

our novel single tree extraction method on TLS point clouds. In Chapter 4, the in�uence of point

normalization on our proposed segmentation approaches is studied. Furthermore, we provide

additional research, including the delineation method of building footprints and literature review

of tree reconstruction in Chapter 5. Chapter 6 provides the conclusion to the thesis by summarizing

major contributions and future work.
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Chapter 2: Topology-Based Tree Segmentation for Airborne LiDAR Point Clouds

of Forests

2.1 Introduction

This chapter will discuss the �rst research study of identifying individual trees in point

clouds generated by airborne Light Detection and Ranging (LiDAR) platforms. LiDAR technologies

provide new ef�cient ways to do forest inventories. Among different types of LiDAR technologies,

Airborne Laser Scanning (ALS) has attracted more and more attention because of its high cost-

effectiveness, improved spatial resolution, and the novel forest information that it can provide

[8, 25]. Thus, ALS has been applied for forest analysis at variable scales, from small forests to

larger ones at the state or national level [25].

Although many studies have faced the problem of providing tree-level forest inventories

from point clouds, there are still multiple open challenges in extracting single trees from ALS

points. First, forest ALS point clouds are noisy, and often include ground objects from an

ALS point cloud, which makes the precise extraction of single trees very challenging. Second,

smaller trees and overlapping trees are often not reached by the laser beam due to occlusions

[12, 22, 25, 29]. Third, forests can have a very diverse structure and morphology, based on

the species composing them [23, 47]. For these reasons, state-of-the-art algorithms use many
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parameters that a user needs to �ne-tune to adapt the segmentation algorithm to a speci�c forest.

However, the requirements of a bundle of parameters (i.e., representing relative spacing between

trees [22]), external information (i.e., allometric functions [33] ), and intense user interactions

create additional challenges. The operation of tuning parameters can be time-consuming as it

requires a user to learn the meaning of each parameter. Moreover, testing the performances of

the method can only be done visually, which is impractical with intricate on large-size forests.

We proposed a new ”plug and play” individual tree segmentation approach based on topology

for ALS point clouds (TTS-ALS) requiring minimal user interactions. Our proposed solution

applies a divide-and-conquer strategy to �rst divide the forest into clusters with similar characteristics.

Then, each tree cluster is divided into single trees by means of two distinct segmentations. One

segmentation aims at identifying single trees focusing on treetops. The second segmentation

identi�es single trees based on their lower parts (i.e., tree trunk). Individual trees produced as

output are composed of trees identi�ed either based on their top or bottom parts by the two

distinct segmentations.

We evaluated our approach on both coniferous and deciduous forests. The dataset characterized

by coniferous trees contains 14 study areas measured by theNEW technologies for a better

mountain FORest timber mobilization(NEWFOR) project [23]. The other dataset includes 15

plots from a deciduous forest in theSmithsonian Environmental Research Center(SERC). We

also compared the performance of our approach to state-of-the-art algorithms implemented in

the lidR package [39]. Results showed that our method has more accurate stem estimations and

single tree segmentation results in NEWFOR and complex SERC plots with varying stem and

point densities.

This study made its debut as a poster at the 2019American Geophysical Union(AGU) fall
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meeting [40]. Subsequently, a preliminary version was released at the prestigious international

ACM SIGSPATIAL conference in 2020, following a journal-like peer-review process [41]. The

�nal, comprehensive work, featuring an enhanced algorithm, improved implementation, and

expanded experimental datasets, was published inGeoInformaticain 2023 [42].

The remainder of this chapter is organized as follows. In Section 2.2, we review related

work. In Section 2.3 and Section 2.4, we present the needed background notions and our proposed

approach, respectively. The implementation of proposed algorithm is presented in Section 2.5.

Later, we provide a complete comparison between our method and those in lidR package [39] in

Section 2.6. In Section 2.7, we describe how parameters are automatically tuned.

2.2 Related work

Over the last two decades, researchers have developed various algorithms for single tree

detection and segmentation from airborne remote sensing data, including images acquired from

airplanes or satellites [48, 49], and point clouds collected from airborne platforms [9]. The

interested reader is referred to existing surveys [8,23,50,51] for further details on these methods.

Different approaches have been de�ned to extract tree information from airborne LiDAR

point clouds. Table 2.1 provides an overview of representative papers indicating the method type,

input data (points or points-derived Canopy Height Model (CHM)), output tree attributes, and

availability of a public-domain implementation. Regarding the type,Individual Tree Detection

(ITD) algorithms aim at detecting single tree features (i.e., tree locations, heights).Individual

Tree Segmentation(ITS) algorithms focus on extracting single tree point clouds from the input

data [22, 60]. Individual Tree Crown Delineation(ITCD) methods attempt to delineate crown
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Table 2.1: Comparison among Individual Tree Detection (ITD), Individual Tree Crown
Delineation (ITCD) and Individual Tree Segmentation (ITS) with representative papers. Column
Paper shows the reference paper. ColumnType indicates the goal of the method. Column
Out.Infos.shows the detected single tree attributes. ColumnALS.Prod.records the type of input
ALS product: ALS points or points-derived Canopy Height Model (CHM). ColumnAvail.Impl
records the available implemented program in the public domain.

Paper Type ALS.Prod. Out.Infos. Avail.Impl
Packalen et al. [52] ITD CHM Location, height no
Lahivaara et al. [53] ITD Points Position, height, crown diameter no
Holmgren et al. [54] ITCD CHM Crown polygon no

Liu et al. [55] ITCD CHM Crown boundary no
Sackov et al. [33] ITCD Points 2D crown projection no
Heinzel et al. [56] ITCD CHM Crown polygon no

Ene et al. [57] ITCD CHM Crown delineation no
Dalponte et al. [58] ITCD CHM Crown, height lidR [39]

Silva et al. [59] ITCD CHM Location, height lidR [39]
Li et al. [22] ITS Points Single tree point cloud lidR [39]

boundaries [8]. When ITCD methods work on 2D CHM derived from 3D points, tree crown

results can be reprojected back to the 3D space, and points can be segmented based on extracted

tree crowns. Since our proposed approach is an ITS method, we restrict our attention to similar

existing approaches. Following Koch et al. [61], tree segmentation methods can be classi�ed as:

raster-based, point-based, or combined strategies.

Raster-based methodswere the most common methods at the beginning [8], and they are

also among the most commonly implemented methods nowadays. The core idea of raster-based

methods is to segment a raster product generated from the points, like the canopy height model.

The Canopy Height Model (CHM)is a surface, computed directly from the point cloud, which

approximates the height of trees in the forest. The obtained surface, encoded as a raster image,

can be seen as a topographic map where local peaks indicate treetops and valleys bound tree

crowns [9]. One typical work�ow of CHM segmentation is to search for trees (i.e., treetops)
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�rst, and then grow single trees from located trees. A widely-used technique for locating trees

from raster data islocal maxima �ltering. Local maxima (i.e., treetops) are searched by means

of a moving window [62] directly on the CHM. Even with such a simple approach, different

parameters, such as the window size [61,63] and the window shape [63], have to be tuned.

The algorithm proposed by Hyyppa et al. [9] presents a classic CHM segmentation procedure.

The method uses local maxima �ltering with a �xed window size (3x3) combined with aregion

growingsegmentation algorithm. The detected local maxima with a height value greater than a

user-de�ned threshold are selected as seed points to grow trees. When growing a tree crown for

each treetop, the algorithm uses the notion of gravity center of a region to enforce the creation of

round-shaped segments.

Other works have improved either the way treetops are located or how tree crowns are

computed. Dalponte et al. [58] use local maxima identi�cation with a different region growing

strategy. Regions are grown from local maxima, by looking at the intensity values rather than

at the gravity distance. Unlabeled pixels are added to an adjacent region if the difference of

intensities between the pixel and the local maximum is less than a user-de�ned parameter.

Silva et al. [59] focus on the problem of better approximating the intersecting canopy of

multiple trees, after locating treetops. A centroidal Voronoi tessellation [64] is computed based

on the location of the treetops. Then, the crown of each tree is computed by region growing

inside each Voronoi cell. The region growing approach starts from the treetop and includes all

pixels which are closer to a treetop than a speci�c threshold.

FGI MCV [51] uses minimum curvature computed at each pixel to amplify the signal in

the original CHM. A new image is generated representing the minimum curvature at each pixel

of the CHM. Then, CHM and the curvature image are multiplied pixelwise, which results in
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rescaling the CHM according to the curvature values. At this point, local maxima are found from

the scaled CHM and used as markers in a watershed segmentation [65] method to delineate tree

crowns.

Liu et al. [55] use a Random Forest approach to classify tree crowns. The pre-trained

Random Forest model applies to the watershed segmentation results computed on the CHM to

classify if each boundary segment belongs to a tree crown or not.

Raster-based methods force discretizing point cloud data on a grid. Thus, during the

discretization process, information can be lost, and errors introduced, especially for point clouds

with a low point density.

Point-based methodshave been introduced to overcome the limitations of raster-based ones

and make full use of 3D point clouds data. A general approach used by point-based methods is

that of applying k-means clustering using various distance criteria. Gupta et al. [66] compare

different k-means clustering methods: normal k-means with random seeds [67], modi�ed k-

means with seeds calculated as the local maxima from CHM, and hierarchical clustering, which

iteratively merges clusters that are most similar according to chosen similarity or distance measures.

This study shows that normalizing points and removing points below a certain height can signi�cantly

improve performances.

Li et al. [22] describe a 3D point-based method based on the relative spacing between trees.

The algorithm assumes that horizontal spacing between treetops is larger than the spacing at the

bottom. Individual trees are extracted sequentially from the point cloud, from the tallest tree to

the shortest. Starting from the highest point, a new treetop is created and labeled. Then, the

corresponding tree is grown by processing unlabeled points in descending order of their height.
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For each pointp, the algorithm computes the distancet l of p from the closest labelled point. Also,

it computes the distancetu of p from the closest unlabelled point. Then, ift l < t u, the pointp is

classi�ed as belonging to the growing tree.

Ferraz et al. [16, 17] use a 3D mean-shift approach to identify individual trees. Mean-

shift [68] has the advantage of being non-parametric, i.e., it can identify crowns with different

shapes. Moreover, the only parameter required is an input kernel for searching local maxima.

However, the kernel setting is usually dependent on the forest type and data quality. For example,

multiple kernels are tuned and applied in a forest at different height ranges.

Even with efforts on developing point-based methods, similar to raster-based methods,

researchers still struggle with using point-based methods to recognize understory trees, such as

smaller trees covered by the crown of higher trees in complicated forests.

Combined strategieshave been introduced to improve the extraction of trees by combining

the strengths of raster, and point-based methods.

The approach proposed by Reitberger et al. [60] combines a raster based segmentation

of the canopy height model and a point-based method to improve each segment. For each tree

identi�ed with the canopy height model by using the watershed segmentation [69], normalized

cut [70] is used to segment the point cloud falling under the tree.

A two-stage approach is also proposed by Duncanson et al. [29] using a watershed algorithm

[69] to segment the canopy height model. For each watershed region, the vertical distribution of

the point cloud is considered. Peaks in such distribution are used to identify the presence of

understory trees.

Ayrey et al. [71] use a layered approach. The forest point cloud is sliced at 1-m height
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intervals and a CHM is generated for each layer. After identifying local maxima, these are

used as seeds for clustering the points usingk-means [67]. Anoverlap mapis realized by

stacking together clusters computed in each layer. Each pixel of the overlap map counts the

number of clusters using that pixel in all layers. Three different images are generated from the

overlap map by smoothing it with three different window sizes (3m, 1.5m and 0.75m). Local

maxima identi�cation andk-means clustering is run independently on each smoothed image by

re-applying the same layered approach. All clusters are then combined together and clusters

intersecting the same local maximum (i.e., treetop) become part of the tree crown.

Recently, new methods started using information beyond the ALS point cloud. Multimodal

techniques try to combine data coming from different sources. For example, Heinzel et al. [56]

�rst classify the texture images (i.e., infrared true ortho images) to generate the crown size

information in the study area without having single-tree information. After building a CHM

from ALS points, tree crowns are delineated on the CHM by the watershed segmentation method

[72]. The previous classi�cation results are used as prior information to improve the watershed

segmentation results.

Other methods directly inject prior information into the system. For example, Savckov et

al. [33] use tree allometry rules to guide segmentation on points. After locating the local maxima,

several tree allometry rules expressing the relationship between tree heights and crown areas are

used to �lter the true treetops and delineate their crowns.

17



2.3 Preliminary notions

In this section, we brie�y introduce the background of watershed computation by simulated

immersion which is helpful to understand the proposed method in the following section.

The watershed transform has been �rst de�ned for gray-scale images [65, 69, 73, 74], and

subsequently extended to triangle meshes [75]. The watershed transform considers a labeled

graphG = ( N; A; f ) where: N is the set of nodes ofG, A is the set of arcs, andf is a scalar

function de�ned on the nodes ofN . The calculation of the watershed transform is based on the

notion of adiscrete topographic distance, which is given in terms of a minimum-cost path in

G. The � -topographic distance between two nodesp andq of G is the sum of the costs of all

directed arcs in the path� connectingp to q. The discrete topographic distanceT(p; q) between

p and q is the minimum of the� -topographic distances along all such paths. Thecatchment

basinof a minimumm of f is the set of nodes closer tom (in terms of topographic distance)

than any other minimum off . Watershed nodesare those nodes equally distant to more than

one catchment basin. Several algorithms have been proposed in the literature to implement the

watershed transform either by image integration [65], hill climbing [76], or rain falling [75]. In

this work we, compute the watershed transform by simulated immersion [69].

The idea ofsimulated immersion[69] is that of creating a new catchment basin for each

local minimum of graphG according tof . Then, catchment basins are expanded by processing

nodes inN in ascending order of values off . For each nodep, three cases arise:

1. all neighbors ofp are unlabeled; then,p is a minimum originating a new catchment basin;

2. neighbors ofp, that have been processed, belong to the same catchment basin; then, the
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label of such basin is attached top;

3. neighbors ofp, that have been processed, belong to multiple catchment basins; then,p is

labeled as watershed node.

Once all nodes have been processed, watershed nodes are assigned to the adjacent basin

originated by the node with lowest function off .

(a) (b) (c) (d)

Figure 2.1: Simulated immersion performed on a graph. (a) A new catchment basin is identi�ed.
(b) The catchment basin is expanded. (c) A second catchment basin is identi�ed corresponding
to a local minimum on the graph. (d) The �nal con�guration with nodes belonging to the two
catchment basins and a watershed node (colored in white) dividing the two basins.

Figure 2.1 shows an example of simulated immersion working on a graph de�ned on a

function f of one variable. Nodes are processed from bottom to top. Figure 2.1(a) shows

the node originating the �rst catchment basin indicated by a red point. The catchment basin

is expanded by processing the next node which receives the same label of its unique labeled

neighbor (Figure 2.1(b)). The third node processed (Figure 2.1(c)) has no neighbor with an

assigned label. Then a new catchment basin is created, this time labeled by a blue point. Figure 2.1(d)

shows the �nal con�guration after all nodes have been processed. The white node is labeled as

watershed since it is connected to nodes belonging to two different catchment basins.
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Figure 2.2: Pipeline of the topology-based tree segmentation approach for airborne laser scanning
point clouds. The input point cloud is split into tree clusters. Single tree point clouds are then
extracted from each tree cluster, which consists of the �nal labeled point cloud clouds. Single
tree extraction, circled by dash lines, can be executed in parallel.

2.4 Topology-based Tree Segmentation of ALS point clouds:TTS-ALS

The problem of segmenting trees from airborne LiDAR point clouds is complicated by

the diversity of points distribution. This can be caused by noisy point clouds, occluded low-

height points, or diverse forest structures [22,23,25,29,47]. Our proposed solution tackles these

challenges by implementing a divide-and-conquer approach. As presented in Figure 2.2, given a

point cloudP, we �rst divide P into clusters in order to group points with similar characteristics.

In a second step, each cluster is processed independently to identify single trees. The key idea

is to create two distinct segmentations of each cluster: one segmentation focuses on treetops and

the other focuses on tree bottoms (i.e., tree trunk). The intersection of those two segmentations

consists of the �nal single tree point clouds.

In the remainder of this chapter, we refer to theforest point cloudas the input point setP.

A tree clusteris a subset of points inP as obtained by the �rst subdivision. Atree point cloud

is a set of points identifying a single tree. Both steps can be viewed as segmentations, working

at two different levels of granularity. The two approaches are based on a watershed by simulated
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