
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 efficient investments, and engendering

accountability [1–3]. More specifically, the objective of the Reducing Emissions from Deforestation

and Forest Degradation in developing countries (REDD+) program under the United 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
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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 flexible 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 isolation aims 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 of tree 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 significantly 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 fixed-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 influence the point clouds collected by each LiDAR

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

configurations (i.e., flying heights, scanning pattern), as well as instrument specifications (i.e.,

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

patterns and densities) and instrument specifications, such as field 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 the km2-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 specific 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 difficult 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 benefits 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 workflow [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 scientific 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, namely TTS-ALS. The core segmentation part of TTS-ALS is

based on watershed segmentation by simulated immersion and persistence-based simplification.

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 identification. 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 field inventory

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

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

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

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

expanded experimental datasets, was published in GeoInformatica [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 efficiently. We

have developed a new topology-based tree segmentation method, called TTS-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 α-complex to encode the connectivity structure of the point cloud. After approximating

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

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

TLS algorithm identifies 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 identification, branch isolation, and crown delineation, leading to

better segmentation accuracy than other methods. Moreover, TTS-TLS requires no user-defined

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 fire risk and

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

monitoring. Early research findings were shared at the 2018 ForestSAT conference 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 significant advancements

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

complete work was published in the International Journal of Applied Earth Observation and

Geoinformation in 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 fine tuning input parameters to

fit different experimental point clouds. Finally, due to a lack of point classification 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 influence

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

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

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

influencing 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 confine their

influence 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-based Microsoft

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

SIGSPATIAL conference and rewarded as the second place winner in the 11th 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 influence 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 first research study of identifying individual trees in point

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

provide new efficient 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 fine-tune to adapt the segmentation algorithm to a specific 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 first 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

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

output are composed of trees identified 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 the NEW technologies for a better

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

plots from a deciduous forest in the Smithsonian 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 2019 American 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

final, comprehensive work, featuring an enhanced algorithm, improved implementation, and

expanded experimental datasets, was published in GeoInformatica in 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 defined 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. Column Type indicates the goal of the method. Column
Out.Infos. shows the detected single tree attributes. Column ALS.Prod. records the type of input
ALS product: ALS points or points-derived Canopy Height Model (CHM). Column Avail.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 classified as:

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

Raster-based methods were 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 workflow of CHM segmentation is to search for trees (i.e., treetops)
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first, and then grow single trees from located trees. A widely-used technique for locating trees

from raster data is local maxima filtering. 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 filtering with a fixed window size (3x3) combined with a region

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

user-defined 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 identification 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-defined 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 specific 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

14



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 methods have 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], modified 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 significantly

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 point p, the algorithm computes the distance tl of p from the closest labelled point. Also,

it computes the distance tu of p from the closest unlabelled point. Then, if tl < tu, the point p is

classified 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 strategies have 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

identified 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 using k-means [67]. An overlap map is 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 identification and k-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]

first 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 classification 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 filter the true treetops and delineate their crowns.
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2.3 Preliminary notions

In this section, we briefly 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 first defined for gray-scale images [65, 69, 73, 74], and

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

graph G = (N,A, f) where: N is the set of nodes of G, A is the set of arcs, and f is a scalar

function defined on the nodes of N . The calculation of the watershed transform is based on the

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

G. The π-topographic distance between two nodes p and q of G is the sum of the costs of all

directed arcs in the path π connecting p to q. The discrete topographic distance T (p, q) between

p and q is the minimum of the π-topographic distances along all such paths. The catchment

basin of a minimum m of f is the set of nodes closer to m (in terms of topographic distance)

than any other minimum of f . Watershed nodes are 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 of simulated immersion [69] is that of creating a new catchment basin for each

local minimum of graph G according to f . Then, catchment basins are expanded by processing

nodes in N in ascending order of values of f . For each node p, three cases arise:

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

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

3. neighbors of p, 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 of f .

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

Figure 2.1: Simulated immersion performed on a graph. (a) A new catchment basin is identified.
(b) The catchment basin is expanded. (c) A second catchment basin is identified corresponding
to a local minimum on the graph. (d) The final configuration 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 defined on a

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

the node originating the first 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 final configuration 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 final 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 cloud P , we first 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 final single tree point clouds.

In the remainder of this chapter, we refer to the forest point cloud as the input point set P .

A tree cluster is a subset of points in P as obtained by the first subdivision. A tree 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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a b c

d e f

Figure 2.3: Preprocessing steps performed by the proposed approach. (a) Input point cloud,
(b) normalized point cloud, and (c) point cloud obtained by excluding points lower than 2m.
Points in (a), (b) and (c) are colored using a blue-red colormap based on the elevation. (d) Initial
45 segments of the graph computed on the point cloud projected on the xy-plane. (e) 24 tree
clusters computed on the xy-plane, after the persistence-based simplification. (f) Tree clusters
re-projected in R3 . Points in (d), (e) and (f) are colored to distinguish trees.

immersion, which we briefly reviewed in Section 2.3. In Section 2.4.1 we describe how tree

clusters are computed from the forest point cloud, while in Section 2.4.2 we describe the method

used for extracting single trees from tree clusters.

2.4.1 Generating tree clusters

Our first goal is that of subdividing the input forest point cloud P into tree clusters. First,

P is preprocessed in order to normalize point elevation and to remove ground points. We use

the Cloth Simulation Filter (CSF)-based point classification algorithm [77] to classify ground

points and noisy data. Then, we normalize the point cloud to ensure a 0-meter elevation for all

ground points. Finally, all points below 2 meters are removed from the point cloud, which is
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a standard preprocessing technique to eliminate the effects from ground points and shrubs on

the final segmentations [29]. Also, based on the standard definition in the forestry studies, a

tree of interest should reach a minimum height of 2–5m [78]. We denote the normalized forest

vegetation point cloud as P ′.

We use Figure 2.3 as a running example for describing the steps of our algorithm. Figure2.3(a)

shows the original input point cloud. Points are color-coded with a diverging (blue-red) color

map according to their elevation. Figure 2.3(b) shows the forest point cloud after normalizing the

points. Figure 2.3(c) shows the point cloud after deleting all points below 2 meters.

After preprocessing point cloud data, the first objective is to subdivide the input forest into

groups of easily separable trees. Widely separated trees will be isolated into different clusters. In

contrast, closely adjacent trees with intersecting canopy will be grouped in the same tree cluster.

To obtain tree clusters from the input forest, we apply the watershed segmentation algorithm

based on simulated immersion. Therefore, we first define a graph on forest points P ′, denoted as

GF = (NF , AF , fh), where nodes NF are the points in P ′, and arcs in AF connecting pairs of

points which have a smaller distance than a specified threshold ϵ. We describe in Section 2.7 how

ϵ is automatically set by the algorithm. fh is a function defined on the nodes NF of GF , such as

fh(p) = −p.z.

To eliminate spurious critical points generated from fh, we apply Laplacian smoothing

[79], where we update the scalar function value defined at node p as

fh(p) =

∑
fh(Nbr(p))

|Nbr(p)|
(2.1)

Nbr(p) represents a neighbor of p. |Nbr(p)| indicates the number of neighbors of p. After the
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smoothing process, fh represents a smooth approximation of the canopy height. fh will have

lower values where the treetops are present in the forest canopy and higher values where low

elevation objects (e.g., low trees, ground) are present. By applying the simulated immersion

algorithm (see Section 2.3), we will obtain a subdivision of GF into regions of influence of the

minima of fh.

Figure 2.3(d) shows the clusters obtained by using simulated immersion. Even after smoothing

fh, there may be spurious minima left. However, the boundaries between tree clusters are

characterized by regions of high values (i.e., low-elevation areas).

To eliminate spurious minima, we apply a persistence-based simplification step. By construction,

each basin is associated with a vertex (i.e., the minimum originating the basin). For each pair of

adjacent basins, we have at least one arc connecting nodes belonging to the two basins. We assign

a persistence value to each arc e as:

fp(e) = min(fh(e)− fh(p1), fh(e)− fh(p2)), (2.2)

where p1 and p2 are the minima originating the two basins connected by e. Intuitively, the

persistence value represents the inverse likelihood of two regions (i.e., tree clusters) to be generated

by noise. The lower fp(e), the more likely is that the two regions are produced by noise. To

this aim, we sort all arcs of graph GF in increasing order of persistence and check them one-

by-one. Given arc e, we find the two basins connected by e, and we merge these basins if

fp(e) ≤ (maxf −minf )·θ, where minf and maxf are the minimum and maximum scalar function

values found, and θ is a parameter automatically set by our algorithm (see Section 2.7).

Figure 2.4(a) shows the arc e shared by the two basins created by p1 and p2 as computed by
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(a) (b)

Figure 2.4: Persistence-based simplification performed on two segments. (a) Two segments are
created from minima p1 and p2 colored in red and blue respectively. (b) Segments are merged
into one segment assuming the persistence value of critical arc e is too low.

simulated immersion. In this case, fp(e) = min(fh(e)−fh(p1), fh(e)−fh(p2)) = fh(e)−fh(p2).

Figure 2.4(b) shows the results of noise removal on the running example. Assuming fp(e) is

classified as too low, p2 is treated as a spurious basin, and thus p1 and p2 are merged into a single

basin. Figure 2.3(e) shows the final segmentation obtained after persistence-based simplification

is applied. Once the tree clusters have been computed, points are re-projected in 3D space (see

Figure 2.3(f)), and each cluster will be processed independently as described in Section 2.4.2.

2.4.2 Retrieving individual trees

After dividing the forest point cloud into tree clusters, the next step consists of identifying

single trees. We make full use of the point clouds by analyzing the point distribution and by

considering point positions in the three-dimensional (3D) space.

The key idea is that of identifying trees by recognizing tree bottoms and tops. Assuming

a height function defined on the points, local minima can be found in the correspondence of tree

bottoms. In a dual manner, assuming the inverse of the height function, local minima will identify

treetops this time. Therefore, our algorithm creates two distinct segmentations of a tree cluster

based on treetops and tree bottoms, respectively. Lastly, single trees are identified by intersecting

the two segmentations. The following steps are performed for each tree cluster.
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We first define a graph of points in a tree cluster, denoted as Gc = (Nc, Ac, fz), where

nodes in Nc are the points in the tree cluster, and fz denotes the elevation of points in Nc such as

fz(p) = p.z. To compute the arcs in Ac, we perform a neighbor search for each point p. We use a

cylinder positioned on the top of p with the radius r: we extrude a cylinder from the circle with a

height, which is deduced from tree cluster points based on height rate hr. All points falling into

the cylinder are connected to p in graph Gc through an arc. The radius and height of the cylinder

are estimated automatically from the tree cluster point cloud. The rationale for setting the value

r is that dense points will be easily connected by using a small radius, while sparse point clouds

require a larger cylinder. The value hr controls the number of points p will be connected to. A

small value of hr will possibly create voids in the structure. A larger value of hr will connect too

many points, failing to approximate the tree structure. Section 2.7 describes how r and hr are

automatically selected.

After defining a topology for a tree cluster, we use simulated immersion based on the

height function. Again, we can expect noise and small perturbations to create spurious regions

that are removed by performing a merging operation based on persistence. The idea is the same

as the one used in Section 2.4.1 for creating tree clusters. The only difference is that this time

the function used is the original elevation value defined for each vertex. Thus, each segmented

region has a minimum p associated with it. For each pair of adjacent regions m1,m2, we can find

the associated minimum points p1, p2. Moreover, we check the arcs on the boundary of both m1

and m2, selecting the arc e with the smallest function value. Notice that for an arc e = (p1, p2),

we define fz(e) = max (fz(p1), fz(p2)). Lastly, we assign a persistence value to the pair m1,m2,

as mini={1,2} |(fz(pi) − fz(e))|. Intuitively, the persistence value corresponds to the importance

of the two regions. If the arc e is distant from both p1 and p2, the corresponding persistence value
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will be high and both regions will be considered ”important”. If e is close to either of them, e.g.

p1, this indicates that the region m1 is likely generated by noise and can be merged into the region

m2. We continue using the persistence-based simplification to merge regions if their normalized

persistence value is lower than an automatically determined threshold value (see Section 2.7).

After merging over-segmentations, we obtain a segmentation S↑ based on the height function.

The same process is repeated, but using the inverse of the height function to recognize

individual trees based on the treetops. Specifically, we perform the same process on Gc by using

1
fz

instead of fz, and have a second segmentation S↓.

(a) (b) (c)

Figure 2.5: Retrieving individual trees from tree cluster points performed by the proposed
approach. (a) Points colored based on height according to a monochromatic red-purple colormap
(the lighter color, the higher value), and segmentation S↑, (b) points colored as the inverse height
function, and segmentation S↓, (c) final segmentation obtained by intersecting segmentations in
(a) and (b).

Figure 2.5 shows segmentation results obtained by our method. We indicate the height

function fz on the tree cluster via a monochromatic red-purple colormap in Figure 2.5(a). As

we notice from the corresponding segmentation S↑ obtained with our approach in Figure 2.5(a),

three trees are correctly detected because the tree bottoms are well-defined in the original point

cloud. On the contrary, as the inverse of the height function and the segmentation S↓ presented in

Figure 2.5(b), there is one large segment including all trees due to the treetops not being distinct
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in the tree cluster points.

At the last step, we intersect the two segmentations S↑ and S↓ to generate the final individual

tree segmentation SF . More specifically, when we have two points p1 and p2 with labels l↑1 and

l↑2 in S↑ and l↓1 and l↓2 in S↓, if l↑1 = l↑2 and l↓1 = l↓2, we assign p1 and p2 the same label in the

final results. Figure 2.5(c) shows the achieved final segmentation by intersecting results S↑ and

S↓ presented in Figure 2.5(a) and Figure 2.5(b), respectively.

(a) (b) (c)

Figure 2.6: Retrieving individual trees from conifer-based tree cluster points performed by the
proposed approach. (a) Segmentation S↑ based on the height function, (b) Segmentation S↓ based
on the inverse height function, (c) final segmentation obtained by intersecting segmentations in
(a) and (b).

Figure 2.6 shows the results obtained with the same approach on a conifer based dataset.

In this case, the height function is not able to isolate trees correctly as their bottom part is

either sparsely sampled or does not present a distinct minimum point. As a result, the resulting

segmentation (see Figure 2.6(a)) groups together three trees (red segment). On the contrary, the

inverse height function correctly distinguishes the treetops (see Figure 2.6(b)). The obtained

segmentation is correctly composed of five trees.
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Table 2.2: Main functions in the implementation of TTS-ALS algorithm.

Main Functions Notes
read points Input point cloud in XYZ file format.
connect points 2d Use ANN library [80].
segment forest Segment forest points to tree cluster points.
connect points cylinder }

Segment tree clusters.
segment dominant
segment codominant
merge results Output in XYZ and VTK file format [81].

2.5 TTS-ALS tool

We have implemented our algorithm as a plugin for an open-source library for topological

data analysis and visualization, namely the Topological Toolkit (TTK) [43]. We have also been

working on a standalone C++ program to make it easy to use. Table 2.2 presents the main

functions in our implementations. For simplicity during the development stage, input point clouds

are encoded in the XYZ format in the text file. The plugin and standalone program read all points

into the memory for the following process.

Among input points, close points are first connected (see Section 2.4.1). To do so, we

use A Library for Approximate Nearest Neighbor Searching (ANN) [80] to search for nearest

neighbors. ANN is a C++ library with efficient performance for point sets ranging in size from

thousands to hundreds of thousands, making it suitable for our point cloud analysis work. A

graph is built following the point query results. However, in the plugin version, we must encode

the generated graph into a triangulation data structure class because triangulation class is a

fundamental data structure used in TTK [43]. At the same time, the TTK library provides time

and memory-efficient traversal methods on triangulations so that we can achieve a Vertex-to-

Vertex (VV) relationship among input points by checking adjacent triangles and their points. VV
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information is used in simulated immersion-based watershed computation, where we locate the

minimal points as catchment basins and expand these basins by checking minimum neighbors on

the graph (see background Section 2.3. Moreover, watershed segmentation is applied in multiple

functions, such as forest segmentation (i.e., segment forest ) and tree cluster segmentation

(i.e., segment dominant and segment codominant). VV-information is also another

need to apply persistence-based simplification among the complete segmentation process (see

Section 2.4), where we track VV to locate minimal points originating the region and then compute

persistence value among two adjacent regions for the region merging step. Unlike the plugin

version, the standalone C++ program does not use triangulation data structure class from TTK.

Instead, the VV relationship is directly computed by checking the distance between nearest

neighbors and explicitly encoded in the memory as a 2D matrix.

After segmenting tree cluster points, we have two results of labeled points presented as

(x, y, z, l1, l2). Thus, we iterate points and relabel them where points with the same pair of

(l1,l2) have the same final tree label, which consists of the final segmentation results. The output

segmentation produced by the plugin is rendered directly in ParaView [82] for visualization. At

the same time, the standalone C++ program can generate label point clouds in VTK format [81],

which can be directly visualized in ParaView as well.

2.6 Experimental results

In this section, we describe the results obtained with our approach.The hardware configuration

used is a desktop computer equipped with an Intel ® Core™ CPU i7-8700 @ 3.20GHz and 32GB

memory of RAM.
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Datasets. Experiments were performed in both coniferous and deciduous forests. The first

experimental dataset is the conifer dominated dataset provided by the NEW technologies for a

better mountain FORest timber mobilization (NEWFOR) program [23]. The NEWFOR dataset

consists of 14 publicly available study areas located within the Alpine space. Study areas are

predominantly populated with fir, spruce, and pines. For each study area, ALS point cloud data

and detailed field inventory data (FI) are available from 2008 to 2013. FI data include tree height,

location, and Diameter at Breast Height (DBH) for each tree. Due to different LiDAR sensors

and settings, the acquired point densities vary from 4 to 95 pts/m2 in the study areas. The average

point density is 25 pts/m2 (see Table 2.3(a)). Notice that following the conventional pre-process

steps in the NEWFOR benchmark [23] and [29], we enlarged study plots with a 5-meter buffer

radius to avoid splitting trees on the boundary.

The second study area is a broadleaf dominated experimental forest hosted by the Smithsonian

Environmental Research Center (SERC). The field sites are located in Anne Arundel County,

Maryland. Coastal hardwood forests dominate the SERC site, including tulip poplar, American

beech, and American sweetgum. The field inventories of SERC study areas are from Woody

plant vegetation structure datasets [83] organized by the National Science Foundation’s National

Ecological Observatory Network (NEON). The available individual tree information includes

stem locations and tree heights. The ALS point LiDAR data for SERC have been collected with

NASA Goddard’s LiDAR, Hyperspectral and Thermal Imager (G-LiHT) [84]. To decrease the

time gap between the field measurement and ALS acquisition, we used data from 2017 for both

NEON and G-LiHT. Despite the missed trees in NEON field data (see Figure 2.7), we kept using

the complete plot-level G-LiHT point clouds for examining segmentation methods in large and

30



complex forests. In the end, there are 15 plots with dense point clouds. On average there are 48

pts/m2 in the SERC point cloud data (see Table 2.3(b)).

(a) (b) (c)

Figure 2.7: Plots (a) 9, (b) 22 and (c) 49 in SERC dataset. Green points are recorded trees from
the NEON field data. G-LiHT point clouds are colored in a blue-red colormap based on the
height.

Table 2.3 shows the characteristics of the study plots in both NEWFOR and SERC dataset.

Column T.Num. shows the number of recorded trees in each plot. Column Height indicates the

minimum and maximum height (in meters) for the trees in each study area. Column Area shows

the area (in square meters) of each study plot. Column P.Num. shows the number of points, while

column P.Den. indicates the point density (in pts/m2) of each plot. We also calculated stem

density for NEWFOR dataset (see Column T.Num.). Stem density reveals the number of trees

per hectare. Stem density is not reported for the SERC dataset due to the limitations of field data

(see Figure 2.7).

Algorithms. We compared our approach with four methods provided by the publicly available

lidR package [39]. Table 2.4 provides an overview of these algorithms. Three of them [58,59,85]

are raster-based approaches working on a canopy height model (CHM) derived from the point
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Table 2.3: Overview of NEWFOR (a) and SERC (b) dataset. T.Num. shows the number of
recorded trees. Height indicates the minimum and maximum tree height (m). Area shows the
region area (m2). P.Num. shows the points number points. P.Den. and T.Den. record the point
density (pts/m2) and stem density (stems/ha), respectively.

ID T.Num Height P.Num. Area P.Den. T.Den.
1 359 3.6-32.3 111235 13242.5 8.4 271.097
2 106 4.15-33.47 18956 2487.02 7.62 426.213
3 49 2.74-26.21 10717 2483.53 4.32 197.300
4 22 3.59-24.8 11869 2087.64 5.69 105.382
6 107 1.5-39.4 39442 4265.98 9.25 250.822
7 49 3.3-36.0 151060 2486.52 60.75 197.063
8 235 2.5-31.78 235928 2492.51 94.65 942.825
9 80 9.6-34.9 16907 2476.56 6.83 323.029
10 110 3.7-34.0 23808 2484.02 9.58 442.831
11 183 4.0-27.4 19019 2488.01 7.64 735.528
15 53 6.1-39.6 71837 3643.93 19.71 145.447
16 37 6.3-42.0 41668 3645.74 11.43 101.488
17 117 7.4-32.1 77991 3645.74 21.39 320.923
18 92 6.4-40.6 61705 3627.64 17.01 253.608

(a)

ID T.Num. Height P.Num. Area P.Den.
9 10 9.5-40.4 87140 1631.35 53.42
11 25 11.2-31.0 55844 1631.35 34.23
22 10 10.9-22.6 82017 1631.35 50.28
43 34 3.3-37.0 80731 1631.35 49.49
44 31 8.0-32.7 90654 1631.35 55.57
45 29 12.1-30.6 76825 1631.35 47.09
49 17 8.7-34.3 86743 1631.35 53.17
51 49 8.0-22.2 90540 1631.35 55.5
52 41 7.7-34.2 83860 1631.35 51.41
53 33 6.4-36.0 96664 1631.35 59.25
54 35 7.9-35.7 95002 1631.35 58.24
56 35 6.1-33.2 83482 1631.35 51.17
58 27 11.1-34.0 28585 1631.35 17.52
59 34 6.0-30.2 40289 1631.35 24.7
61 33 4.2-32.0 88242 1631.35 54.09

(b)

Table 2.4: Algorithms used in our comparison. For each approach we list the original paper
describing the algorithm, the input type (column Type), the number of parameters required
(column N. param.) and the output type (column Output Type).

Algorithm Type N. param. Output Type
Li et al. [22] Points 4 Individual trees
Dalponte et al. [58] Raster 6 Tree crowns
Silva et al. [59] Raster 4 Tree crowns
Watershed [85] Raster 4 Tree crowns
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cloud. The CHM of each plot is generated from the forest point cloud data with the method

proposed by Khosravipour et al. [86] and implemented in the lidR package [39]. The fourth

method is a pure point-based approach [22]. We refer to Section 2.2 for a detailed description

of these approaches. Column Output Type indicates the output provided. The approach by

Li et al. [22] provides a segmentation of individual trees directly defined on the forest point

cloud. The remaining approaches only identify tree crowns on the CHM. The lidR package [39]

provides functionalities for mapping the segmented crowns back to the point cloud. Thus, for

each segmented tree point cloud Pi, we defined tree location and tree height as the highest point

in Pi. Column N. Param. in Table 2.4 indicates the number of parameters required by each

algorithm. Parameters for Li et al. [22] were set based on recommended values in the original

paper. Parameters for the remaining algorithms were tuned with a trial-and-error approach. Final

values used in our experiments are reported in Section 2.8 (see Table 2.8 and Table 2.9).

2.6.1 Comparing accuracy

The accuracy of segmented trees was compared by using multiple levels of validation: the

stand level, the plot level, and the individual tree level. Stands are areas containing a group of

trees with sufficiently uniform features, such as species composition, ages, and tree conditions

(i.e., alive and dead). Plots are referenced to sample sites with fixed or variable radii. Each study

area in the NEWFOR and SERC datasets is considered a plot. The collection of all plots can

form a stand. Notice that field data are affected by errors and can not be used as a pure ground

truth. Visually we noticed that many trees are not included in the study plots, especially for trees

at the boundary of each study area. It also happened that an ALS point cloud does not capture
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trees in the field data.

Since the two datasets have distinct forest characteristics, we set different validations for

each dataset. The detailed validation results are discussed in the following subsections.

2.6.1.1 NEWFOR dataset

Plot level validation. The first validation was performed at the plot level, i.e., by considering

aggregated results for each study area. Specifically, we compared the number of trees in each

field data with the number of segmented trees.

(a) (b) (c)

(d) (e)

Figure 2.8: Results at plot level in NEWFOR study areas for (a) TTS-ALS, (b) Li et al. [22],
(c) Dalponte et al. [58], (d) Silva et al. [59], and (e) Watershed [85]. Points indicate, for each
study area, the number of trees identified (x-axis) versus the number of trees in the field data (y-
axis). Points above the diagonal indicate undersegmentation. Viceversa, point below the diagonal
indicate oversegmentation.

Figure 2.8 shows the results obtained by test approaches. The scatterplot shows a point
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for each study area. The position of each point depends on the number of trees in the field data

(y-axis) and the number of trees recognized by our algorithm (x-axis). If the two numbers are

the same, the point will be on the diagonal. If the point is below the diagonal, it means that

the algorithm identifies more trees than the one contained in the field data. Figure 2.8(a) shows

that our method was prone to detect more trees than the field data. However, over-estimation

was generally a good result since we noticed that many trees on the boundary of each study area

are not included in the field data survey. We noticed that apart from TTS-ALS, the remaining

approaches tend to under-segment trees. The under-segmentation was a common issue when

using a CHM, because overstory trees can hide and prevent the identification of smaller trees.

The point-based method proposed by Li et al. [22] (Figure 2.8(b)) was the only one having few

over-segmented study areas, which, we recall, was a sign of good performance.

Individual tree level validation. For the individual tree level validation, we evaluated the

accuracy of each method by matching trees in the field data with segmented trees. On NEWFOR

plots, we applied the same matching approach used by the NEWFOR benchmark [23]. The tree-

matching steps are described below for providing enough related background. We also refer the

interested reader to the Eysn et al. [23] for more details.

We start by finding candidate field trees for each segmented tree. First, segmented trees are

sorted from the tallest to the shortest. Then, for each segmented tree τ , we choose field trees from

the inventory data based on their locations and heights. The selected field tree should be close to

τ and having a similar tree height as τ . Both search radius and height difference thresholds are

dynamically set based on the tree size (see Table 2.5). These selected field trees T represent the

possible matches of τ . Therefore, if there is more than one candidate field tree, we find the best
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Table 2.5: Parameters used when matching field trees with segmented trees in the NEWFOR
dataset. Based on the tree height we use a variable search radius (Distance) and height difference.

Tree height (m) Distance (m) Height difference (m)
<= 10 <3 <3
(10, 15] <4 <3
(15, 25] <5 <4
>25 <5 <5

candidate ϕ from T , which is the field tree closer to τ having the most similar tree height as τ .

Lastly, the NEWFOR tree-matching process checks ϕ against its neighboring segmented trees.

Only if τ is the closest segmented tree with the smallest height difference, ϕ and τ are finally

matched.

In our experiments, for each segmented tree point cloud Pτ , generated from the tested

approach, tree location and tree height were computed as the location and height of the highest

point in Pτ .

Given tree matching results, we calculated recall (r), precision (p) and F-score (F) [87,88]

to measure the segmentation accuracy. If a tree is matched, it is called a true positive (TP). When

a field tree is not matched, it is called a false negative (FN) or omission error. Similarly, if an

extracted tree does not have any matched tree from the field data, it is called a false positive (FP)

or commission error. Finally, recall (r), precision (p), and F-score are calculated as follows:

r =
TP

TP + FN
(2.3)

p =
TP

TP + FP
(2.4)

F = 2× r × p

r + p
(2.5)
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Table 2.6: Pearson correlation of F-scores of test methods on stem density and point density in
NEWFOR datasets. Columns ρF−S and ρF−P show the correlation results of F-scores on stem
density and point density, respectively.

Method ρF−S ρF−P

TTS-ALS -0.500 -0.208
Li et al. [22] -0.685 -0.381

Dalponte et al. [58] -0.763 -0.256
Silva et al. [59] -0.676 -0.196
Watershed [85] -0.847 -0.422

r measures the under-segmentation errors, p focus on the over-segmentation errors, and F-score

considers the overall performance by considering both under- and over-segmentation errors. The

value of r, p and F-score ranges from 0 to 1. The higher value indicates better segmentation

accuracy.

Figure 2.9 shows the tree matching results of test methods. Our TTS-ALS could detect

more trees than other methods since we had the largest value of recall of 0.39, which was 16%

larger than other methods (see Figure 2.9(a)). Figure 2.9(b) suggests that point-based methods

(i.e., TTS-ALS and Li et al. [22]) were prone to extract more trees than recorded trees and had

lower precision values than raster-based methods. Our TTS-ALS method had the largest average

F-score of 0.38 (see Figure 2.9(c)), showing that it had higher accuracy than other methods.

Forest factors (i.e., stem density) and point characteristics (i.e., point density) affect the

performance of ALS data analysis [60,89,90]. Thus, to investigate the influences of stem density

and point density on segmentation results, we calculated Pearson correlations between F-scores

and stem density, and F-scores on point density, respectively. Table 2.6 shows that there was a

negative correlation between F-score and stem density, implying that processing a plot with a

large value of stem density was more challenging. For example, plot 1 and plot 11 have similar

point densities (around 8 pts/m2) but very different stem densities (271 trees/ha vs. 735 trees/ha).
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Figure 2.9(c) shows that test methods had higher F-scores on plot 1 due to the lower stem density.

Similarly, plot 8 has the largest stem density value of 943 stems/ha (see table 2.3), where all test

methods had much lower F-scores than other plots as presented in Figure 2.9(c). However, we

had the smallest absolute correlation value, showing that TTS-ALS was more robust to the stem

density than others.

Like stem density, point density also affected segmentation performance as presented in

Table 2.6. Given plot 1 and plot 17 with the similar stem densities (around 300 trees/ha), test

methods had better performance in plot 17 than plot 1 due to the higher point density of plot

17 (21.39 pts/m2) than plot 1 (8.4 pts/m2). Similar results could also be found between plot

7 and plot 15 (150-200 trees/ha), where the test methods worked better in plot 7, which has a

higher point density (60.75 pts/m2) than plot 15 (19.71 pts/m2). We also noticed that raster-

based methods had lower absolute correlation values than point-based methods (i.e., TTS-ALS),

implying that point-based methods benefited more from the increase in the point density. Similar

findings are also reported in Reitberger et al. [60] and Vauhkonen et al. [90]. In spite of that,

TTS-ALS could still have comparable results in low-density areas. For example, we had visually

promising segmentation results of a sparse point cloud from plot 4 (5.69 pts/m2) as well as a

dense point cloud of plot 7 (60.75 pts/m2), as presented in Figure 2.10(a) and (b). respectively.

Figure 2.10(c) presents our segmentation results in plot 15 with a moderate point density (19.71

pts/m2). Furthermore, plot 10 has fewer than ten pts/m2. However, in such a sparse plot, our

approach had the largest F-score of 0.42, which was 20% higher than other methods.

We also noticed that field data have more remarked errors in plots with low point density,

but high stem density. Figure 2.11 shows individual trees, depicted with different colors, for plot

3 (4.32 pts/m2 and 197 trees/ha) and 11 (7.64 pts/m2 and 735 trees/ha). Red boxes indicate areas
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where our approach correctly identifies the tree, and a red dot is used to indicate the treetop visible

in the ALS data. However, field trees were not aligned with such results. Black dots indicate the

base and the top of trees as reported in the field data. Many such trees in ALS point clouds and

field data mismatched even though the trees have been correctly identified. Plots 3 and 11 present

a relevant number of false negatives indicated by green boxes. These were regions where no field

data were provided even though trees were identified based on the ALS point cloud. Moreover,

plot 11 presents a relevant number of understory trees (i.e., smaller trees covered by larger trees),

but these trees were completely missing in the ALS point cloud. Notice that it was not feasible

to directly compare against the results from the NEWFOR benchmark [23] because the field data

used in the NEWFOR were cleaned up to remove outliers and inaccurate data.

2.6.1.2 SERC dataset

Stand level validation. Due to the limitation of field data provided by the SERC dataset,

we could not validate the segmentation results at the plot level with the same method used in

NEWFOR dataset. The field data are provided from NEON’s Woody plant vegetation structure

[83], and it only contains qualifying woody vegetation (e.g., relatively large trees), which only

takes up a small part of entire trees in the plot (see Figure 2.7). Therefore, we aggregated field

trees from the SERC dataset and utilized the quantile-quantile plot [91] to evaluate the crown

size distribution of segmented trees. A quantile-quantile plot is a scatterplot comparing two

probability distributions.

We generated quantile-quantile plots of field estimated crown areas against the delineated

crown areas from segmentation results obtained by each test method. Given the segmented
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results, we projected segmented single-tree points on the ground and generate the convex hull of

the projected points to delineate tree crowns. In the SERC plots, we analyzed the relation between

crown radius and DBH using the model discussed by Duncanson et al. [29]. The relationship

between DBH and the crown diameter (d) at SERC is described below.

d = (3.0315 + 0.1271×DBH)× (1− e−DBH×0.4399) (2.6)

Figure 2.12(a) shows the quantile-quantile plot of our delineated crown areas against field-

estimated areas. Our algorithm accurately estimated crown areas, as most points in the plot are

around the diagonal line. The matched relationship between delineated and field distributions

began to deteriorate only for large crown sizes (> 75m2). Among all methods provided by the

lidR package [39], Silva et al. [59] achieved the best result (see Figure 2.12(d)), which is expected

since the centroidal Voronoi Tessellation [64] delineation method was proposed in Silva et al. [59]

specifically for this task.

Individual tree level validation. For the validation at the individual tree level, we modified the

matching parameters to adapt the NEWFOR tree-matching process on the SERC plots so that a

matched tree can be automatically found between segmented trees and field trees.

Table 2.7: Parameters used when matching field trees with segmented trees in the SERC dataset.
Based on the tree height we use a variable search radius (Distance) and height difference.

Tree height (m) Distance (m) Height difference (m)
≤ 35 < 3 < 4
> 35, and ≤ 40 < 2.2 < 6.5
> 40 < 3 < 6.5

Figure 2.13 shows the results of matched trees for each method in the SERC plots. Overall,
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our TTS-ALS method had the best average matching rate (i.e., 23.83%). More significantly, our

average matching rate was 1.3 times that of Li et al. [22] and 1.2 times the best raster-based

methods.

TTS-ALS outperformed other approaches in both high-density and low-density areas. For

instance, in the densest plot (plot 53 with 59.25 pts/m2), TTS-ALS had the largest matching rate

of 27.3%. Even in the plots with sparse points, we kept good accuracy. Although there are only

17.52 points per m2 in plot 58, our approach continued performing best with a 22.2% matching

rate.

There were four plots where TTS-ALS does not score best. In these poor-performed plots,

our matching rate was only 13% lower than the best results, indicating slight differences between

our results and the best results. Thus, our segmentation results were still comparable. For

example, in the worst plot (e.g., plot 45), TTS-ALS score was still 80% of the one achieved

by the best method of Dalponte et al. [58].

2.6.2 Comparing performances

In our experiments, we measured the time and memory usage of each method with built-in

functions on the Linux test environment. We used the TTK [43] plugin implementation of TTS-

ALS algorithm. As our method was implemented in C++, we used the built-in sys/time.h to

measure the timings and track /proc file to monitor memory usage. Similarly, for segmentation

approaches in the lidR [39] package implemented in R, we used functions system.times and

gc from the base package in R language [92] to measure time and memory, respectively.
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2.6.2.1 NEWFOR dataset

We noticed that only the method by Li et al. [22], the other point-based method, required

less memory than ours. On average, our implementation required 36.29 MB memory, while Li

et al. [22] required 3.64 MB. However, raster-based methods required between 140 MB and 227

MB to run. The memory usage of raster-based methods was mainly affected by computing and

storing the CHM. Thanks to manipulating points directly, our point-based method required only

20% of the memory required by the best raster-based method.

Regarding timings, Li et al. [22] was the fastest method, while our approach had a similar

time performance as raster-based methods. Both point-based methods (i.e., Li et al. [22] and

TTS-ALS) were mainly affected by the number of points in the study areas. Overall, our approach

required 6.41 seconds while Li et al. [22] required 2.66 seconds on average. For the raster-based

methods, the average timings were 4.9 seconds, 5.03 seconds and 5.5 seconds for Dalponte et

al. [58], Silva et al. [59] and Watershed [85], respectively.

2.6.2.2 SERC dataset

The memory usages were consistent with the results obtained on the NEWFOR dataset. In

general, our implementation required 49.06 MB memory, while 4.33 MB memory was required

by Li et al. [22]. The raster-based methods required more than 124 MB memory on average.

Unlike NEWFOR experiment results, raster-based methods required less time than both

point-based methods in SERC dataset. The average time of the best raster-based method was 1

second, while Li et al. [22] 2.8 seconds, and our method 8.1 seconds. The speed differences

between raster-based methods and point-based methods were due to the dense point clouds
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characterizing SERC plots. Smaller plot areas (1,631 m2 per SERC plot vs. 3,683 m2 per

NEWFOR plot) and denser canopy points (77,774 pts per SERC plot vs. 63,724 pts per NEWFOR

plot) allow the CHM to be completed at coarser resolutions, thus resulting in faster processing

time. We also observed that the simplicity of the approach by Li et al. [22] pays off in terms

of efficiency but produces less accurate results, especially in the complicated SERC forests (see

Sections 2.6.1).

We observed that the current implemented program was a prototype tool for demonstrating

the feasibility of our proposed approach and comparing its accuracy against alternative methods.

The tool is a plugin for the Topological Toolkit (TTK) [43] and renders results directly in ParaView

[82]. For the purpose of visual inspection and debugging, we stored several intermediate results

besides the final labeled point cloud, namely the labeled points produced by the watershed

segmentation method in computing tree clusters from input data and the point clouds forming

single trees in the segmentation of each tree cluster (see Sections 2.4.1 and 2.4.2). Currently, our

plugin was not optimized for simplicity of implementation. Also, algorithms in lidR [39] use

parallelization: for instance, local maxima filtering is performed in parallel in lidR [39], which

makes raster-based methods faster when dealing with large CHMs. Some tasks could also be

performed in parallel in our approach: once the tree clusters have been defined, the segmentation

algorithms could be easily run in parallel within each cluster. This will be the objective of our

future work.
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2.7 Parameter setting

One main objective of our proposed method is to require minimal user interactions. The

user only indicates the dominant segmentation between S↓ and S↑. This choice can be made

based on tree types or the quality of the point clouds. In the case of dominant conifer-like forest

or sparse point clouds, S↓ should be the dominant segmentation because it is easier to identify

the treetops (see Figure 2.6). Otherwise, when tree trunks are easy to see, S↑ should be selected

(see Figure 2.5).

After setting the dominant segmentation, the algorithm automatically determines all remaining

parameters. These are the distance ϵ used to construct the graph GF , the radius r, and height rate

hr used to construct the graph Gc, and persistence thresholds θ, θd, θcd. In the following, we

describe the criteria used to set each parameter.

Distance ϵ: it is used to construct graph GF (Section 2.4.1). The objective here is to find tree

clusters while avoiding the construction of a canopy height model (CHM). Figure 2.14(a) shows

that the value of radius has a significant but non-linear influence on segmentation results. The

optimal radius for NEWFOR plots is around 0.9m, which is reasonable as points distant more than

1m are likely from different trees, and they should not be connected. Notice that the distribution

of points in the point cloud is not necessarily uniform. Thus, we have a dynamic way of setting

radius based on point clouds instead of using a fixed value. We start by computing the graph GF

for ϵ = 0.5m, and we use an iterative approach for tuning ϵ based on the average valence of the

nodes of GF . If the average valence of nodes in GF is fewer than 70, we add 0.1 to ϵ. However,

we set the maximal value of ϵ as 1.0m to avoid connecting too many unnecessary points in the
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sparse point cloud. At the same time, the average valence threshold (70) can avoid connecting

too many close points in the dense points, which could make a dense graph to be processed.

Cylinder radius r and height rate hr: they define the shape of the cylinder used to connect

points for graph Gc (see Section 2.4.2). Radius r is set equal to ϵ. Cylinder height is computed

as (zmax − zmin) ∗ hr, where zmax and zmin are the largest and smallest elevations of the

points in the tree cluster. The rationale is that, while we want r to be conservative and not to

connect too many points on the xy-plane, we want to avoid points to be disconnected in the

vertical dimension. Compared to radius r, segmentation results are less related to the height rate,

as the differences are minor (< 10%) (see Figure 2.14(b)). Thus, we set hr = 0.1 to connect a

few nearby points and decrease the size of the built graph.

Persistence-based simplification θ, θd, θcd: each of them defines the amount of simplification

operations performed. θ is applied in the first segmentation which subdivides the forest into

tree clusters; θd, θcd are used for retrieving individual trees, where θd is applied in the dominant

segmentation, and θcd is applied in the codominant segmentation. The value range for each

parameter is between 0 and 1, where 0 means no region is merged. The larger the value, the more

regions are merged.

When generating tree clusters, the goal of simplification is to merge spurious clusters into

single regions. These over-segments are generated by spurious minima close to each other in

terms of function values. We recall that the persistence value fp (see Equation 2.2) of two adjacent

regions represents the inverse likelihood of two regions to be generated by noise (see Figure 2.4).

The smaller persistence values reflect regions with a similar height, which should be in the same
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tree-cluster. Figure 2.14(c) also presents a small difference (< 3%) between best and worst

segmentation results according to θ. It is expected because most of the extracted tree cluster

regions are smoothed in the smoothing step (see Section 2.4.1). Thus, we set a fixed threshold

value θ = 0.1, which is sufficient to remove the remaining spurious minima.

When segmenting tree clusters, two persistence-based simplifications are applied to the two

segmentations. The choice of these two persistent thresholds is directly related to the segmentation

type (i.e., dominant or codominant). We recall that the dominant segmentation is selected by the

user as the one showing more distinct features (either treetops or tree bottoms). Consequently,

the dominant segmentation is treated as a trustworthy segmentation, and lighter noise suppression

is applied. For the opposite rationale, stronger noise suppression is applied to the codominant

segmentation whose features are not fully trusted unless having a very high persistence value.

Figure 2.15 shows a pictorial example where treetops are clearly identified. In contrast,

tree bottoms are harder to detect. Thus, the dominant segmentation has been selected as the

segmentation originated by the inverse height function (see Figure 2.15(b)). The codominant

segmentation instead presents multiple features originating many segments (see Figure 2.15(d).

In this example, we assume that the noise reduction step does not affect the dominant segmentation.

This means that the simplification threshold is smaller than fp(e) (see Figure 2.15(c). As a result,

both segments are preserved. For the opposite segmentation, instead, we apply a stronger noise

removal, thus eliminating all the spurious features (Figure 2.15(d) and (e)).

The persistence threshold is set as (maxf −minf ) · θ, where minf and maxf are the

minimum and maximum scalar function values found in the tree cluster. The role of dominant

θd and codominant θcd also align to the parameter examination results where a minor change of

θd can dramatically affect the results (see Figure 2.14(e)). However, the performance difference
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caused by θcd is around 6% as presented in Figure 2.14(d)). Then, to suppress features differently

in the two segmentations, we use a small θd = 0.01 in the dominant segmentation and the large

θcd = 0.7 in the codominant segmentation.

2.8 Appendix

Table 2.8 and Table 2.9 show the values used for each parameter required by the segmentation

methods provided by the lidR package. For the approach by Li et al [22], a description of the

thresholds Zu, dt1, and dt2 can be found in the original paper [22]. We refer an interested reader

to the lidR package documentation [31, 39] for a description of the parameters used by the CHM

generation [86], Dalponte et al. [58], Silva et al. [59] and Watershed [65].

Table 2.8: Values of key parameters for each method implemented in the lidR package [39]
used in the NEWFOR dataset. Columns Zu, dt1, and dt2 show the values used in Li et al. [22].
Column CHM records values for the canopy generation method used in Dalponte et al. [58], Silva
et al. [59], and Watershed [85]. Column LMF shows the values for the local maximal filtering
used in Dalponte et al. [58] and Silva et al. [59]. Rest columns record values specifically for each
raster-based method.

ID
M.

Li et al. [22] Dalponte et al. [58] Silva et al. [59] Watershed [85]

Zu dt1 dt2
CHM LMF

thseed thcr
CHM LMF

maxcf ex.
CHM

tol ext
RES R W S RES R W S RES R

01 15 1.5 2 0.2 0.3 3 c 0.65 0.55 0.2 0.2 3 c 0.9 0.1 0.2 0.3 1 1
02 15 1.5 2 0.2 0.2 3 c 0.6 0.5 0.2 0.2 3 c 0.7 0.3 0.3 0.4 1 1
03 15 1.5 2 0.3 0.4 3 c 0.95 0.65 0.2 0.3 3 c 0.9 0.5 0.2 0.3 1 1
04 15 1.5 2 0.2 0.5 4 c 0.85 0.65 0.2 0.5 3 s 0.9 0.1 0.2 0.8 1 2
06 15 1.5 2 0.2 1 3 c 0.6 0.9 0.2 1 3 c 0.6 0.2 0.2 0.8 1 1
07 15 1.5 2 0.2 0.2 3 c 0.75 0.75 0.4 0.6 3 s 0.7 0.5 0.2 0.2 1 1
08 15 1.5 2 0.4 0.2 3 c 0.85 0.75 0.4 0.2 3 c 0.7 0.5 0.2 0.4 1 1
09 15 1.5 2 0.3 0.3 3 c 0.75 0.95 0.2 0.4 3 c 0.5 0.4 0.2 0.3 1 1
10 15 1.5 2 0.3 0.2 3 c 0.75 0.65 0.4 0.2 3 s 0.7 0.5 0.2 0.2 1 1
11 15 1.5 2 0.5 0.7 3 c 0.75 0.95 0.4 0.3 3 c 0.9 0.3 0.2 0.2 1 2
15 15 1.5 2 0.3 0.2 3 c 0.75 0.45 0.3 0.2 3 c 0.4 0.4 0.2 0.2 1 1
16 15 1.5 2 0.2 0.3 3 c 0.65 0.75 0.2 0.3 3 s 0.4 0.5 0.2 0.4 1 2
17 15 1.5 2 0.2 0.2 3 c 0.55 0.65 0.2 0.4 3 c 0.6 0.3 0.2 0.2 1 1
18 15 1.5 2 0.2 0.4 3 c 0.65 0.95 0.2 0.2 3 c 0.8 0.2 0.2 0.2 1 1
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Table 2.9: Values of key parameters for each method implemented in the lidR package [39] used
in the SERC dataset. Columns Zu, dt1, and dt2 show the values used in Li et al. [22]. Column
CHM records values for the canopy generation method used in Dalponte et al. [58], Silva et
al. [59], and Watershed [85]. Column LMF shows the values for the local maximal filtering used
in Dalponte et al. [58] and Silva et al. [59]. Rest columns record values specifically for each
raster-based method.

ID
M.

Li et al. [22] Dalponte et al. [58] Silva et al. [59] Watershed [85]

Zu dt1 dt2
CHM LMF

thseed thcr
CHM LMF

maxcf ex.
CHM

tol ext
RES R W S RES R W S RES R

9 15 1.5 2 0.5 0.2 4 s 0.45 0.45 0.5 0.2 3 c 0.7 0.1 0.5 0.2 1 2
11 15 1.5 2 0.5 0.2 7 c 0.85 0.55 0.5 0.2 7 c 0.2 0.9 0.5 0.2 1 1
22 15 1.5 2 0.5 0.2 3 c 0.45 0.55 0.5 0.2 4 c 0.2 0.9 0.5 0.2 1 2
43 15 1.5 2 0.5 0.2 4 c 0.55 0.75 0.5 0.2 4 c 0.1 0.8 0.5 0.2 1 2
44 15 1.5 2 0.5 0.2 3 s 0.45 0.65 0.5 0.2 3 c 0.8 0.2 0.5 0.2 1 3
45 15 1.5 2 0.5 0.2 4 c 0.55 0.75 0.5 0.2 3 c 0.3 0.6 0.5 0.2 1 2
49 15 1.5 2 0.5 0.2 3 c 0.45 0.55 0.5 0.2 3 c 0.1 0.5 0.5 0.2 1 3
51 15 1.5 2 0.5 0.2 3 c 0.65 0.75 0.5 0.2 3 c 0.3 0.2 0.5 0.2 1 2
52 15 1.5 2 0.5 0.2 4 c 0.65 0.85 0.5 0.2 3 c 0.9 0.6 0.5 0.2 1 2
53 15 1.5 2 0.5 0.2 3 c 0.75 0.95 0.5 0.2 3 c 0.1 0.5 0.5 0.2 1 3
54 15 1.5 2 0.5 0.2 3 c 0.75 0.95 0.5 0.2 5 s 0.4 0.2 0.5 0.2 1 2
56 15 1.5 2 0.5 0.2 6 c 0.45 0.55 0.5 0.2 6 c 0.9 0.1 0.5 0.2 1 1
58 15 1.5 2 0.5 0.2 4 s 0.85 0.45 0.5 0.2 7 c 0.6 0.4 0.5 0.2 2 1
59 15 1.5 2 0.5 0.2 4 c 0.75 0.45 0.5 0.2 5 s 0.8 0.3 0.5 0.2 1 2
61 15 1.5 2 0.5 0.2 3 c 0.65 0.65 0.5 0.2 3 c 0.1 0.2 0.5 0.2 1 2
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(a)

(b)

(c)

Figure 2.9: Tree matching results of tested methods in the NEWFOR dataset including (a) recall,
(b) precision, and (c) F-scores.
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(a) (b) (c)

Figure 2.10: Final segmentations obtained by TTS-ALS in (a) plot 4, (b) plot 7, and (c) plot 15
in the NEWFOR dataset.

(a) (b)

Figure 2.11: Field data and segmented ALS point cloud for (a) plot 3 and (b) plot 11. Segmented
trees are depicted with different colors. Black points indicate tree tops and tree bottoms as
reported in the field data. Red dots indicate examples of tree tops from the ALS data. Boxes
indicate examples of regions where field data and ALS data mismatch. Red boxes indicate areas
where trees reported in the field do not appear in the ALS data. Green boxes indicate areas where
trees identified by our approach do not appear in the field data.
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(a) (b) (c)

(d) (e)

Figure 2.12: Quantile-Quantile plots of (a) TTS-ALS, (b) Li et al. [22], (c) Dalponte et al. [58],
(d) Silva et al. [59] and (d) Watershed [85] in the SERC dataset. Points indicate the crown area of
trees identified (x-axis) versus the estimated crown area of field trees (y-axis). Points above the
diagonal indicate underestimation. Vice-versa, points below the diagonal indicate overestimation.

Figure 2.13: Results on the matching rate (%) in the SERC dataset. The vertical axis is rescaled.
Our method has the best average matching rate.
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(a) (b)

(c) (d) (e)

Figure 2.14: Influences of internal parameters of TTS-ALS on segmentation accuracy. (a)
distance ϵ, (b) height rate h, persistence values (c) θ, (d) θcd, and (e) θd. The vertical axis presents
the relative performance to the best accuracy achieved by TTS-ALS.

(a) (b) (c) (d) (e) (f)

Figure 2.15: Example of two connected conifer trees. (a) The dominant segmentation has been
selected as the segmentation originated by the inverse height function due to the clear treetops,
while the tree bottoms are not obvious because low-elevation points are blocked by the top
canopy. (b) Segmentation results obtained from the critical minima based on the inverse height
function. Two points in colors are critical minima. (c) The persistence value. (d) Segmentation
results obtained from the critical minima based on the height function. Five points in colors
are critical minima. (e) Segmentation results after the persistence-based simplification. (f) The
persistence values of saddles.
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Chapter 3: Topology-Based Tree Segmentation for Terrestrial Laser Scanning

Point Clouds of Forest

3.1 Introduction

This chapter will discuss the research of extracting individual trees from TLS point clouds.

Compared to large-scale (i.e., km2-level [26]) ALS point clouds studied in Chapter 2, TLS point

clouds are more frequently scanned from small areas (i.e., stand level, < 1 ha level) [15, 24]

with much denser, with points closer to each other in terms of point spacing at the millimeter

level [11]. Moreover, unlike scanning forest above forest by ALS platforms, TLS platforms

place LiDAR devices under the forest canopy and generate full data coverage of the tree’s bottom

surface [30], while distant objects and complete tree crowns are likely shadowed by other trees

or parts of trees close to the sensor [11, 30]. Because of the unique characteristics of TLS point

clouds, a different strategy has been applied to TLS single-tree extraction methods, where most

TLS segmentation aims to detect tree bottoms first and then grow complete trees. However,

inconsistent point cloud quality, diverse forest structures, and complicated plant morphology

make it extremely hard to find a general, efficient, and fully automated solution [13–15, 24].

Most individual tree segmentation methods aim to extract single-tree point clouds from the input

forest point cloud by adding external information, such as allometric functions [34], user-defined
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parameters [32] or manual inspection and correction of segmentation results [20, 34, 93]. At the

same time, external information makes an algorithm dataset specific, difficult to generalize, and

usable only by knowledgeable experts.

Therefore, our work in this chapter aimed to define an automated approach capable of

providing robust results without demanding user interactions. To achieve this goal, we defined

a new segmentation approach based on topology, namely Topology-based Tree Segmentation of

TLS point clouds (TTS-TLS). TTS-TLS identifies distinctive structures in the forest, like tree

bottoms and tops, and extracts individual trees using a topological structure defined via discrete

Morse theory [94].

The performance of TTS-TLS was demonstrated on different forest types (i.e., coniferous

forests as well as deciduous forests) and point characteristics (e.g., point density). We also

compared our TTS-TLS method to state-of-the-art approaches, which were available in the public

domain, namely 3D Forest [32] and Forest Structural Complexity Tool (FSCT) [35]. Multiple

levels of validation were designed to examine segmentation results for tree identification and tree

segmentation. Without any parameter tuning process, TTS-TLS showed superior performance

demonstrating to be well-suited for a wide range of forest analysis applications, including forest

inventory, tree modeling, and above-ground biomass estimation.

Early research findings were shared at the 2018 ForestSAT conference, hosted jointly by the

University of Maryland and NASA Goddard Spaceflight Center. A preliminary research result

was then presented at the AGU Fall meeting in 2021 [44]. Following substantial enhancements to

the algorithm, improvements in validation methods, and the incorporation of additional experimental

datasets, the comprehensive study was completed and published in the International Journal of

Applied Earth Observation and Geoinformation in 2023 [45].
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The remainder of the chapter is organized as follows. In Section 3.2, we introduce related

work. In Section 3.4, we present the workflow of the proposed TTS method. And, we discuss the

software development in Section 3.5 Experimental results are discussed in Section 3.6. Internal

parameter settings are covered in Section 3.7.

3.2 Related work

Segmenting a forest TLS point cloud into individual tree point clouds is known as individual

tree segmentation [15] or individual tree isolation [13]. Although manual segmentation is time-

consuming, laborious, and even infeasible for areas containing many trees [13, 34], only a few

algorithms have been developed to automate the individual tree segmentation process. Most

automated individual tree segmentation methods are bottom-up, which means that they identify

and grow trees from the tree bottoms. Because TLS point clouds are scanned from the ground,

stem surface points are usually complete, and tree bottoms are reliable for locating trees [15].

Trochta et al. [32] proposed a bottom-up individual tree segmentation algorithm. Points

are clustered on slices, which are parallel to the ground. Later, the tree bases are located as low-

height clusters. Finally, single trees are built from detected stems by merging nearby clusters with

nearby stems. In the end, many user-defined parameters are needed to guide the segmentation.

Usually, manual adjustments are also needed to clean extracted single tree point clouds.

Ecological knowledge has been utilized for better segmentation results. For example,

metabolic scaling theory [95] suggesting that a power-law relationship between tree branch length

and branch radius, has been used in Tao et el. [96] and Wang [97]. A graph of points is generated

first in both works [96, 97]. Then, single tree point clouds are formed by assigning points to
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the detected closest stems in terms of the shortest path on the graph, where the path distance is

scaled based on metabolic theory [95]. Although the metabolic ecology theory is expected to be a

universal scaling law of tree growth, many factors should be considered, like demographic traits

and light, when applying the theory in practical environment [96].

Allometric relationships among tree measurements are also used in the segmentation methods.

Burt et al. [34] developed a segmentation method, called treeseg, based on the Point Cloud

Library (PCL) [98]. After detecting tree stems, allometric relationships between stem diameter

to tree height and crown are used to extent to extract tree crowns. As far as we have tested,

the treeseg implementation hardcoded parameters in the source code. Because of the applied

allometric functions related to specific forests, treeseg may not work on datasets out-of-box.

Recently, deep learning algorithms have been applied to TLS point cloud analysis. Krisanski

et al. extended their deep learning-based semantic segmentation method [99] to extract single

tree point clouds and designed the Forest Structural Complexity Tool (FSCT) [35]. In FSCT,

PointNet++ [100] is used to classify forest points into terrain, vegetation, coarse woody debris,

and stem points. Tree skeletons are generated by grouping stem points via density-based clustering

methods, such as HDBSCAN [101] and DBSCAN [102]. Cylinder fitting via RANSAC [103] is

repeatedly applied on skeleton points to generate cylinders representing stems and branches. The

complete tree structures are achieved by grouping close neighboring cylinders. Finally, points are

assigned to the closest tree cylinder to form the single tree point clouds. Due to the applied deep

learning tool, FSCT demands large computational resources, which is also an obstacle in dealing

with big data. Apart from PointNet++ [100], different deep learning techniques are used to

extract tree locations from point clouds before the segmentation. Focusing on TLS points-derived

images, Fan et al. [104] used YOLOv3 (DarkNet-53) [105] to extract tree crown boundaries and
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Wang et al. [106] applied Faster R-CNN [107] to detect trunk locations. Xi et al. [108] used

CenterNet [109] to extract tree crown boundaries on the voxel-based representations of a point

cloud. While very promising, these approaches [104, 106, 108] need to convert 3D point clouds

into images or voxels before applying deep learning techniques. Furthermore, deep learning-

based approaches require an extensive amount of annotated data to be trained, which can be

challenging and tedious to acquire manually labeled data points from collected big data (i.e.,

billions of points) in real scenarios [15].

3.3 Background notions

In the remainder of this section, we introduce briefly background notions on simplicial

complexes, α-complexes and discrete Morse theory, which are helpful to understand the proposed

TTS-TLS algorithm.

3.3.1 Simplicial complexes and α-complexes

We use simplicial complexes to infer a topological (i.e., connectivity) structure on the 3D

point cloud. Formally, a k-simplex σ is the convex hull of k + 1 affinely independent points in

the Euclidean space. For instance, a 0-simplex is a point, a 1-simplex a straight line segment, a

2-simplex a triangle, and a 3-simplex a tetrahedron. k is called the dimension of σ. We denote k-

simplex σ spanned by the vertices v0, v1, · · · , vk as σ = {v0, v1, · · · , vk}. Any simplex τ , which

is the convex hull of a non-empty subset of the points generating a simplex σ, is a face of σ.

A simplicial complex Σ is a finite set of simplexes, such that: (i) each face of a simplex in Σ

belongs to Σ; (ii) for each pair of simplexes σ and τ , either σ∩τ = ∅ or σ∩τ is a face of both. For
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example, Delaunay triangulation [110] outputs are typical simplicial complexes. The Delaunay

triangulation result of 2D points is made of triangles where no point is inside the circumcircle

of any triangle. Therefore, we also call 2D simplicial complexes from Delaunay triangulation as

triangle meshes. Similarly, when working on 3D points, we have a 3D simplicial complex from

the Delaunay triangulation result, which is also called tetrahedral meshes.

An α-complex is a simplicial complex constructed from the simplexes of the Delaunay

triangulation ΣT [110]. Let σ a simplex in ΣT , and let Cσ the circumsphere (or circumcircle) of

σ with radius r. The α-complex [111] Σα is a subcomplex of ΣT containing all vertices of ΣT ,

plus all simplexes σ such that: (i) r < α and Cσ contains no points in P , or (ii) σ is a face of

τ ∈ Σα.

3.3.2 Discrete Morse Theory

Discrete Morse theory [94] is a combinatorial counterpart of Morse theory [112], which

allows to study the topology of a simplicial complex Σ.

Given a simplicial complex Σ, a discrete vector is a pair of simplexes (σ, τ), where σ is a

face of τ . A discrete vector field V is a collection of pairs (σ, τ) such that, each simplex of Σ is

in at most one pair of V . Simplices that are not the tail or the head of a vector are called critical.

In a triangle mesh, critical triangles are maxima, critical edges are saddles and critical vertices

are minima. Pairs are formed by a triangle and an edge; and by an edge and a vertex. A V-path is

a sequence σ1, τ1, σ2, τ2, ..., σr, τr, such that (σi, τi) ∈ V , σi+1 is a face of τi, and σi ̸= σi+1. A

V-path with r > 1 is closed if σ1 is a facet of τr different from σr−1. A discrete vector field V is

called a Forman gradient if it has no closed V-paths. A separatrix Vi-path is a V -path connecting
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(a) (b) (c)

Figure 3.1: (a) Scalar function f , defined on a triangle mesh Σ, color coded by means of a blue-
red divergent color map. (b) Forman gradient computed on the same scalar field. Arrows indicate
gradient pairs. Blue, green and red dots indicate critical minima (vertices), saddles (edges), and
maxima (triangles). Minimum points are also marked by circles. (c) Four point clusters with
labels corresponding to the four minima computed by navigating the gradient paths. Each label
corresponds to a different cluster.

two critical simplexes of dimension i + 1 and i, respectively. In a triangle mesh, we have each

separatrix V0-path connecting a critical edge to a critical vertex and separatrix V1-path connecting

a critical triangle to a critical edge.

When the discrete gradient V is computed according to an input scalar function f : Σ → R,

V can serve as a combinatorial representation of the gradient of f and its critical points. For

example, Figure 3.1(a) shows a scalar function f defined on a triangle mesh Σ. Figure 3.1(b)

shows arrows indicating the gradient pairs while dots indicate the critical simplexes. Blue dots

indicate minima, green dots indicate saddles, and the red dots indicates the maximum. Notice

that all the gradient pairs, depicted with arrows, mimic the gradient of the function indicating the

direction in which the function values decrease. To this end, many approaches have been defined

for computing a discrete gradient on regular grids [113–116] and simplicial complexes [117,118].

A complete overview of these methods is presented by De Floriani et al. [119].

A Forman gradient implicitly defines a segmentation of Σ according to the regions of
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influence of the critical points of f [119]. In this work, we focus on the regions of influence

of the minima of f , also called minimum-ascending regions. A minimum-ascending region for a

minimum vertex σ is defined as the collection of vertices belonging to the V0-paths reaching σ.

Figure 3.1(c) shows the minimum-ascending regions of the Forman gradient shown in Figure

3.1(b). Every vertex belongs to the minimum-ascending region of one of the four minima

characterizing V (see four blue points in Figure 3.1(b)).

3.4 Topology-based Tree Segmentation approach on TLS point clouds: TTS-

TLS

Figure 3.2: Pipeline of the proposed Topology-based Tree Segmentation approach on TLS point
clouds (TTS-TLS). Input vegetation point cloud is divided into tree clusters (see Section 3.4.1).
Single-tree point clouds are then extracted from each tree cluster (see Section 3.4.2), which
consist of the final labeled point cloud. Single tree extraction can be executed in parallel, which
is marked by dashed arrows.

The proposed TTS-TLS approach for individual tree segmentation is composed of two

steps. The entire pipeline is presented in Figure 3.2. First, in the dividing step, we split the input

vegetation TLS point cloud into sub-regions, called tree clusters. Intuitively, each tree cluster is
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a group of trees with intersecting canopy (see Section 3.4.1). Then, an extracting step is used to

find every single tree through a bottom-up segmentation method (see Section 3.4.2).

3.4.1 Computing tree clusters

In the remainder of this work, we refer to the forest vegetation point cloud as the input point

set P . All parameter values introduced in this section are discussed and motivated in Section 3.7.

The first objective of the TTS-TLS method is to partition P into tree clusters by dividing

easily separable trees. We achieve this goal by computing an α-complex Σ on P and finding the

connected components of Σ.

When computing an α-complex, the value of α affects the shape of Σ and the number

of connected components. Thus, the objective is to obtain a α-complex that outlines the tree

shapes (i.e., branches, trunks) while disconnecting easily separable trees. Figure 3.3 shows three

α-complexs generated with different α values. When the α value is very small, such as α =

0.02m in Figure 3.3(a), the α-complex is made up of isolated points and fails to outline tree

shapes. However, with a large α value (α = 0.3m) in Figure 3.3(c), trees are connected into

one component, which is hard to split. Furthermore, woody structures (i.e., branches, stems) in

α-complex presented in Figure 3.3(c) are not as clear in the built α-complex with α = 0.1m in

Figure 3.3(b). To this end, our experiments identified αs = 0.1m as an appropriate value.

Once α-complex Σ is computed, we process its connected components. For each component,

we consider the vertex with the lowest elevation and the length of the component. The component

length is defined as the elevation difference between the highest and lowest points in the component.

Then, a component of Σ is classified as a tree cluster if and only if the elevation of its lowest
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(a) (b) (c)

Figure 3.3: Generated α-complexs with (a) α = 0.02m, (b) α = 0.1m, and (c) α = 0.3m,
respectively. 0-simplices (points) are colored in blue in (a), and simplices with dimension ≥ 1
are colored in gray in (b) and (c).

vertex is less than thlow = 1.5m and the length is larger than thlen = 2m to remove noise and

small vegetation. Because based on the standard definition in the forestry studies, a tree of interest

should reach a minimum height of 2–5m [78]. This leads to a subdivision of the forest points into

tree clusters. Figure 3.4 illustrates two tree clusters computed from a point cloud with three trees.

There are two components of the α-complex built on the point cloud (see Figure 3.4(b)). Both

components successfully outline the critical tree features, such as treetop branches and stems.

Three trees are divided into two clusters, where one cluster includes a single tree (see green

points in Figure 3.4(b)) while the other cluster has two close trees with intersecting canopy (see

red points in Figure 3.4(b)).
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(a) (b)

Figure 3.4: Tree clusters computed from the point cloud. (a) Input forest vegetation point cloud
is colored by height. (b) Two tree clusters are colored in green and red, respectively.

3.4.2 Extracting individual trees

After computing tree clusters, the objective is to identify individual trees in each cluster.

To this end, we use a bottom-up segmentation approach based on discrete Morse theory [94], as

discussed in Section 3.3.2.

Let Σtc be the α-complex component corresponding to a tree cluster. We define a scalar

function f on the vertices of Σtc as the height function. Formally, f(p) = p.z where p is a

vertex in Σtc and p.z is its elevation. Then, we compute the Forman gradient V corresponding to

Σtc and f (see Section 3.3), and we use critical points, namely minima, to guide the tree cluster

segmentation.

Compute minimum-ascending regions. Given a Forman gradient V computed on Σtc, we

extract a segmentation of the vertices of Σtc by computing influence regions corresponding to the
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minima of f (see Section 3.3). The region of influence of a minimum, namely the minimum-

ascending region, is a collection of vertices obtained through a breadth-first traversal of the

vertex-edge arrows in the Forman gradient. Starting from a minimum vertex v, we insert v into a

queue Q. At each iteration we extract a vertex v1 from Q and we compute the edges incident in v1.

For each of such edges, we retrieve if they are paired with some vertex v2 different from v1. If this

is the case, we add v2 to Q. The cluster corresponding to minimum v is obtained by collecting all

the vertices touched by such visit. Figure 3.5(c) shows the minimum-ascending regions computed

from the minima shown in Figure 3.5(b). The numerous minimum-ascending regions imply that

an over-segmentation of the point cloud. Intuitively, each minimum represents one point with

a minimum elevation value with respect to the neighboring points. For α-complex Σtc, minima

correspond to either tree bottoms or branches facing downward (see Figure 3.5(b)). Therefore, the

computed minimum-ascending regions only represent small tree components instead of complete

trees. Naturally, we will merge tree components to build single trees. Rather than merging points

directly, we will work on the minima to group minima that are in the same trees so that each

single-tree point cloud can be found from the same group of minima-ascending regions.

Locate tree seeds. We first identify minima defining the tree bottoms. To distinguish between

tree bottoms and branches from minima, we clip Σtc by removing all points and simplices

(i.e., edges, triangles and tetrahedra) with points above thstem = 0.5m. We call the remaining

complexes the clipped simplicial complex and we denote it as Σ′
tc.

Then, we find and match each connected component of Σ′
tc with the minima in V . More

specifically, we compute the vertex-to-vertex (VV) relationship among points representing the

neighbor of points in Σ′
tc. Then, we obtain connected points via a depth-first traversal of VV that
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(a) (b) (c)

Figure 3.5: Over-segmentation results on the tree cluster points. (a) Tree cluster points colored
in a blue-red colormap based on point height. (b) Computed minima colored in red points. (c)
Computed minimum-ascending regions in different colors.

form connected components. If a component in Σ′
tc contains at least a minimum, the component

is called a seed component and the minimum is classified as a seed vertex. Please note that one

seed component may include multiple minima as seeds. Figure 3.6 shows seed components and

seed vertices found from the tree cluster. Two stems are well captured from clipped Σ′
tc, as two

seed components are isolated. Each seed component includes several minima colored in green

and red.

Figure 3.6: Detected seed components and seed vertices from the tree cluster. Two seed
components are colored in blue-gray, and corresponding seed vertices are in green and red,
respectively. The α-complex is pictured with light gray as the background.

65



Grow single trees. Once trees have been seeded, the TTS-TLS algorithm associates the remaining

minima to the seeds and combines all points to form single-tree point clouds.

TTS-TLS still uses the Forman gradient V as well as critical complexes (i.e., minima and 1-

saddles) previously computed. We compute a graph representing the connectivity of the minima

and 1-saddles. More specifically, starting from each minimum, we follow the V -path and find

its connected 1-saddle. If two minima are connected to the same 1-saddle, we call these minima

connected. The resulting graph is denoted as Gm = (N,A,R), where nodes in N correspond to

the minima of V and arcs in A connects two nodes if the corresponding minima are connected.

R is a label assigned to each seed node in N . Seed nodes belonging to the same seed component

have the same label. All remaining nodes are marked as unlabeled.

Then, we insert all nodes in N corresponding to tree seeds (i.e., minima labeled as seed

points) in a queue sorted in ascending order of elevation. For each node u extracted from the

queue, we retrieve the nodes in Gm connected to u. For each unlabeled node v connected to u,

we assign to v the same label as u (i.e., R(v) = R(u)) and we insert v in the queue. Figure 3.7

shows the minima labeling procedure. For illustration purposes, we place seeds (colored in red

and blue, respectively) and unlabeled yellow nodes based on their f values. As red seed 1 is

lower than blue seed 2 in Figure 3.7(a), we have a queue initialized as [1, 2]. We first check red

seed 1 and label its adjacent unlabeled nodes 4 and 7 (see Figure 3.7(b)). The queue becomes

[2, 4, 7]. Similarly, we grow blue seed 2 via merging its neighbor unlabeled nodes 3 and 6 in

the next step in Figure 3.7(c). As a result, we have the queue [3, 4, 6, 7] in an ascending order

based on their f values. When we check nodes 3 and 4, we see that there are no unlabeled nodes

adjacent to nodes 3 and 4, respectively. Therefore, there are no new nodes labeled. The queue

becomes [6, 7]. Finally, we work on node 6 and assign its unlabeled node 5. The queue is [5, 7]
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now. We notice that all neighbor nodes of nodes 5 and 7 are already labeled. Thus, all nodes are

labeled now as presented in Figure 3.7(d).

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

Figure 3.7: Demonstration of labeling minima nodes from seeds. (a) Seeds are colored in red and
blue, respectively. (b) Label neighbor nodes from the red seed. (c) Label neighbor nodes from
the blue seed. (d) Final labeled nodes.

Once all nodes in Gm have been labeled, we propagate the label assigned to each minimum

to its region of influence. This will start forming the tree point clouds and have input cluster

points labeled. Figure 3.8(a) and (b) shows the labeled minima at the initial and final stages,

respectively. In the beginning, only seeds at the bottom are labeled, while the remaining minima

are unlabeled. After growing trees from the bottoms, the remaining minima are successfully

assigned to the stems with a tree label. Points are labeled in Figure 3.8(c) where two trees are

successfully extracted from the tree cluster points, based on the minima-ascending regions.
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(a) (b) (c)

Figure 3.8: Minima labeling on a α-complex built on the tree cluster points. (a) Initial minimum
seeds are colored in green and red, respectively. Unlabeled minima are in blue. (b) All minima
are labeled in the end. (c) Labeled single-tree point clouds.

Append sparse points. The generated α-complex Σ may not include all tree points, especially

for poor quality point clouds with sparse treetop points. Generally, the single-tree point clouds

extracted up to this step will identify hard objects of the tress (i.e., trunks and branches), but they

might miss sparse treetop points. The final extraction step aims to assign sparse points to the

single trees Based on the minima-ascending regions,. The idea is to expand point labeling by

modifying the α-complex. To ensure connectivity for all points, we generate a new α-complex

Σl of entire forest points P with a larger value of α (i.e., αl = 0.3m). Then, we reuse the

same greedy search (demonstrated in Figure 3.7) based on the connectivity encoded in Σlg to add

missed points to each extracted single-tree point cloud. Figure 3.9 shows an example of the trees

segmented after the final step. Two trees are entirely extracted from the tree cluster points. As

shown in Figure 3.9(c), missed sparse treetops points are correctly added in Figure 3.9(b).
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(a) (b) (c)

Figure 3.9: Complete individual tree segmentation results. (a) Extracted single-tree points from
Σ. (b) Final single-tree point clouds after labeling sparse points. (c) Comparison between results
from (a) and (b) at the treetop. Points from (a) are colored in green, while results from (b) are
colored in red.

3.5 TTS-TLS tool

We have implemented TTS-TLS algorithm as a tool made of C++ programs and Python

scripts. C++ programs are core functions, such as alpha complexes generation (see Section 3.3.1),

and forman segmentation (see Section 3.3.2). We use Python scripts to control the segmentation

workflow and call C++ functions. The overall implementation design is specified for algorithm

development purposes so that we can focus on algorithm debugging and avoid trivial functions.

At the same time, we can still benefit from C++ implemented programs of fast processing dense

TLS point clouds.

alpha complexes generation function reads input forest point clouds from the text file in

XYZ file format and generates α-complexes with a user-defined α value. The implementation of
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α-complexes generation is based on the Computational Geometry Algorithms Library (CGAL),

which is a C++ computational geometry library and provides efficient functions for generating 3D

α-complexes from points [120]. Moreover, to achieve the best performances, we have used the

Fixed alpha shape 3 class, which is faster and more memory-efficient to build α-complexes from

points with a user-set value [120]. The generated α-complexes are encoded in 3D Triangulation

Data Structure (TDS 3D) [121]. TDS 3D is a ”tetrahedron”-alike container of four triangles,

six edges, and four vertices. Triangles are adjacent if they share the same edge. Similarly, we

have adjacent edges if they share the same vertex. Based on the adjacency relationship, we can

find all connected cells (i.e., tetrahedron, triangle, and edge) from the built α-complex through a

depth-first traversal. Finally, we output the connected components found to text files in Object

File Format (OFF) for the following steps.

Forman segmentation function is the core of TTS-TLS, based on the open-source C++

program SimplForman3D [117,122,123]. Forman segmentation function reads previously found

connected components in OFF format, and compute the Forman gradient. TTS-TLS obtains

segmentation regions from critical minimal points, as described in Section 3.4. To overcome

the over-segmentation issues, Forman segmentation function builds a network of critical minima

and labels minima from seeds. Recall that the computed minima are the nodes of the network,

and the arcs connect nodes corresponding to minima, which are connected to the same 1-saddle.

Seeds are first identified from clipped low part of input α-complexes components. Then, the

remaining nodes are labeled following the network. When we have all minima labeled, points in

each minimum originated regions have the same label as the originating minimum, showing the

final segmentation results. More algorithm details are presented in Section 3.4.2.

The primary purpose of Python scripts is to control the segmentation process. After generating
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α-complexes from input forest point clouds and outputting connected components to tree cluster

files via alpha complexes generation function, we utilize a multiprocessing Python library to call

Forman segmentation function to have multiple tree clusters processed simultaneously. We also

have a Python function to label sparse points from labeled tree cluster results, as introduced in

Section 3.4.2). Finally, the labeled point cloud is output to a text file. We also provide results in

VTK format [81] for visualization in ParaView software [82].

3.6 Experimental results

This section focuses on the results obtained with our Topology-based Tree Segmentation

(TTS-TLS) method on experimental TLS datasets. The selected experimental datasets cover

different forest types (i.e., from needleleaf to deciduous broadleaf forests) and exhibit TLS point

clouds with different characteristics (i.e., point density). Experiments have been performed on

a desktop computer equipped with an Intel ® Core™ CPU i7-8700 @ 3.20GHz and 32GB

memory of RAM. Due to the size of the largest dataset, Wytham Woods [124], we used another

computer with more memory (192GB) and an Intel® Xeon ® X5660 @ 2.8GHz to process it. We

investigated the performance of our segmentation method on two levels of validations: point-level

and tree-level.

3.6.1 Point-level experiments

In the point-level experiments, input TLS point clouds are labeled as the reference data.

Each point has location coordinates and tree label information (x, y, z, label). Points with the

same tree label consist of one individual tree. We provided multiple point-by-point valuation
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methods to thoroughly evaluate the single-tree point clouds extracted from labeled TLS point

clouds.

3.6.1.1 Datasets

Four different datasets were selected to test segmentation methods comprehensively in

different forest types and point densities. Following the definition from Wilkes et al. [24] and

Calders et al. [15], we calculated the vegetation point density as the average value of the distances

of the four nearest. Therefore, dense point clouds have smaller values of point density. Tree

set [125] includes four groups of single-tree point clouds. There are 60 trees in total, covering

evergreen sub-tropical trees, cherry, and pine trees. Each single-tree point cloud is scanned from

a single tree. We merge each group of single-tree point clouds into one forest point cloud to

simulate a labeled plot-level TLS point cloud. Therefore, the merged point clouds have the

densest points in our experiments with a point density of 0.64cm. Merged point clouds also

include adjacent trees with overlapped crowns, which can be found in the following discussions

(i.e., Figure 3.12). Labeled Fire data is extracted from Ferguson Fire Mensuration TLS data and

manually labeled by ourselves. The Ferguson Fire Mensuration TLS point clouds are provided by

the Global Environmental Analysis and Remote Sensing (GEARS) Laboratory [126]. The plots

are in the Northern Sierras forest, where pines are dominated. We manually labeled 58 trees

from the extracted areas. The point density of labeled point clouds is 5.07cm. 3D Forest sample

data [127] is from 3D Forest software [32, 128]. It includes 26 labeled trees. However, it has

the sparsest points in our experiments with a point density of 9.89cm. Wytham Woods [124] is

the largest and most challenging dataset we had in the experiment. The site is located in one
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broadleaf deciduous forest in Oxford, UK. This dataset includes 459 trees and very dense TLS

point clouds with a point density of 2.75cm. More details of labeled experimental datasets are

provided as additional material [129].

3.6.1.2 Comparing accuracy

(a) (b)

(c)

Figure 3.10: (a) Rand index, (b) directional Hamming distance and (c) mean Intersection over
Union values of test segmentation methods performed on labeled TLS point clouds. 3D Forest
sample data [127] and Wytham Woods data [124] are denoted as 3DF data and W.W data,
respectively.

We applied each test method to extract single-tree point clouds and then compared them

against the reference segmentation results. We used Rand index [130], normalized directional

Hamming distance [131] and mean Intersection over Union [132] to measure the similarity
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between the segmentation results R and true segmentation T .

Rand index. For each point pi, we have two labels li, l
′
i assigned on pi based on T and R

segmentation, respectively. We use Cpp to count the number of paired points which have the

same label pair in T and R. Given two points pi and pj , if li = lj and l′i = l′j , we add 1 to Cpp.

When li ̸= lj and l′i ̸= l′j , we also add 1 to Cpp. Finally, Rand index is calculated as

RI =
Cpp

|T |2
,

where |T | is the number of total points in T .

Directional Hamming distance. We denote DH(T ⇒ R) the Hamming distance when using

reference results T to check the segmentation results R. To compute DH(T ⇒ R), we start by

constructing the correspondences between each region of T with a region of R such that ti ∩ rj

is maximized. Then,

DH(T ⇒ R) =
∑
ri∈R

∑
tk ̸=tj ,
tk∩ri ̸=0

|ri ∩ tk|,

where | ∗ | shows the number of points in a set. Directional Hamming distance is further

normalized as,

DHD = 1− DH(T ⇒ R) +DH(R ⇒ T )

2× |T |
,

where |T | is the number of total points.

Mean Intersection over Union (IoU). Following the IoU-based assessment method used in

Wang [97], we first pair each reference tree point cloud with an extracted single-tree point cloud,
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if it exists. Then, we use entry cij to record the number of points from reference tree i in T

predicted as an extracted tree j in S. We sort extracted trees so that cii presents the number

of common points between the reference tree i and its matched tree. Then the IoU of tree i is

calculated as:

IoUi =
cii

cii +
∑

j ̸=i cij +
∑

k ̸=i ckj

Thus, the mean IoU (mIoU ) of all reference trees is computed by:

mIoU =

∑|Tref |
i=1 IoUi

|Tref |
,

where |Tref | is the number of reference trees in T .

All values (RI , DHD, and mIoU ) should be one when the segmentation matches the

ground truth results perfectly and are decreased when more mismatch exists between T and R.

3.6.1.3 Results and Discussion

We compared our TTS method to two segmentation approaches, 3D Forest [32, 128] and

Forest Structural Complexity Tool (FSCT) [35, 133]. Both are implemented as open-source

packages, well-maintained and documented. 3D Forest [32] is a classic bottom-up segmentation

method, and FSCT [35] focuses on plot-level tree measurements and supports single tree segmentation

by applying deep learning in its workflow (see Section 3.2).

Figure 3.10 presents validation results of test methods performed on labeled TLS point

clouds. Overall, our TTS method had the largest Rand index (RI), directional Hamming distance

(DHD) and mean Intersection over Union (mIoU) in all test data regardless of forest types and
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point densities. On average, we had 0.96 of RI, 0.90 of DHD and 0.78 of mIoU. All assessment

values were close to one, implying that our segmentation results were significantly similar to

the reference results. In contrast, 3D Forest [32] had 0.75, 0.79 and 0.46 for RI, DHD and

mIoU, respectively. And, FSCT [35] had the similar values, 0.79, 0.73 and 0.49 for RI, DHD and

mIoU, respectively. Considering the forest type, we observed that test methods tended to perform

better in coniferous forests from the labeled Fire data. In contrast, it was harder to extract single

trees from deciduous broadleaf forests (i.e., Wytham Woods data) and mixed forests, like 3D

Forest sample data, which includes multiple layers of trees and diverse forest morphology. As

presented in Figure 3.10(c), compared to the labeled Fire data, the IoU values of 3D Forest [32]

and FSCT [35] decreased by about 50% at complicated forests (i.e., 3D Forest sample data and

Wytham Woods data). Unlike this drastic drop, the IoU value of our approach only declined

by about 20%. A similar pattern can also be found in the Rand index and Hamming distance

results. For example, 3D Forest [32] had less than half of the Rand index in Wytham wood data

compared to the Fire data (see Figure 3.10(a)). It also had more than 20% drop of directional

Hamming distance value. Instead, our approach had a drop of less than 10% as presented

in Figure 3.10(b), indicating that our method was stable and resilient to different forest types.

The superior performance of our TTS approach is the result of improvements to stem detection,

branch isolation and crown delineation. Below we discuss the reasons for these improvements.

Our TTS method could identify stems correctly even in complicated forests, which is

critical for bottom-up methods like TTS and 3D Forest [32]. For example, Figure 3.11 shows

three trees having very close stems. Only TTS could distinguish these close stems correctly, as

presented in Figure 3.11(a). However, both 3D Forest [32] and FSCT [35] failed to isolate trees

and combined two trees into one tree (see Figure 3.11(b) and (c)).
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(a) (b) (c)

Figure 3.11: Details of three extracted single trees in 3D Forest sample data performed by (a)
TTS, (b) 3D Forest [32], and (c) FSCT [35], respectively.

The applied α-complex in our TTS approach could mark tree bottoms correctly and outlined

tree branches well. With discrete Morse theory-based analysis, TTS could study the tree shape

and divided close branches in various conditions. Even for more challenging tree shapes, such as

leaning trees and trees intersecting with each other (see Figure 3.12), our TTS method was still

able to correctly identify two trees by outlining tree branches. Unlike TTS, 3D Forest [32] could

not reveal two trees in Figure 3.12(b). Figure 3.12(c)-(f) shows a small understory tree extracted

by test methods. All three methods could detect this small tree without isolating its adjacent

vegetation. They were acceptable results for a multiple-stem tree. However, compared to 3D

Forest [32] and FSCT [35] results, the tiny tree branches of our extracted tree in Figure 3.12(d)

were complete and more like the reference result in Figure 3.12(c).

Besides better tree stem detection and branch isolation, our TTS approach could also

distinguish different tree-crown points better. For example, tree-crown points can be relatively
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sparse in TLS point clouds. Because limited by laser scanning, distant objects (i.e., treetops) to

the LiDAR scanners have fewer return points in TLS point clouds. Despite sparse tree-crown

points, our TTS method outperformed other methods for labeling tree-crown points. The mixed

forest from 3D Forest sample data [127] is more difficult because of various trees and complicated

tree structures. Our accuracy was much higher than that of any other methods (see Figure 3.10).

For example, the mIoU value of TTS was 1.7 times of that achieved by 3D Forest [32], and 2.2

times of FSCT [35]. One reason is that extracted trees from other methods were incomplete and

usually miss crown points. Figure 3.11 already shows detailed segmentation results of three trees

from 3D Forest sample data [127]. It is easy to see that 3D Forest [32] and FSCT [35] methods

had larger errors labeling the sparse treetop points. TTS could preserve complete tree crowns

and find label crown points correctly in Figure 3.11(a), even though green and blue trees have

very sparse treetop points. Figure 3.13 shows the segmentation results of entire 3D Forest sample

data [127] achieved by test methods. Once again, Figure 3.13(c) and (d) show that most crown

points were incomplete from 3D Forest [32] and FSCT [35], while TTS exhibited a better overall

segmentation result with more complete crown points in Figure 3.13(b).

When tree crowns have more points due to better LiDAR scanners and multiple TLS

scanning, the challenge becomes distinguishing trees from neighbors. Figure 3.14 presents

one big tree in the Wytham Woods [124] tile 45. Our method and FSCT [35] could extract

this big tree, while 3D Forest [32] failed to identify this tree from its segmentation results.

Considering that other close trees surround this big tree, our automated result segmentation result

was promising as our results were very similar to the reference results, even for crown branches.

On the contrary, FSCT [35] failed to extract single-tree points correctly, as there were points from

other trees in Figure 3.14(c).
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Compared to other test methods, TTS was aggressive at detecting stems. If low branches

of trees were very close to the ground, these branches were sometimes treated as tree bottoms by

TTS. Figure 3.15 shows the one tree with very low branches. These low branches are extremely

near the ground, and the branch ends are not close to the stem trunk. Thus, TTS set the low

branch as the tree stem. The problem is easily fixed by adjusting stem detection height thstem

(see Section 3.7) in TTS to detect tree bottoms. However, one of our motivations was to provide

the tree segmentation method without an intense tuning process, which could also be used to

improve the performance of 3D Forest [32] and FSCT [35]. Therefore, we kept using the same

height thresholds in all test data to make our method easy to use. Despite that, our method did

not over-segment single trees when tree trunks were clear. Even processing a multiple-stems tree,

TTS still considered one trunk because multiple stems were clustered. For example, two trees

with one connecting trunk were treated as one tree in our results presented in Figure 3.12(d).

There were other exceptional cases in actual TLS data besides low branches touching the

ground, such as falling trees or leaning trees. For example, one fallen tree touches two trees

in the 3D Forest sample data [127]. Extraction-focused methods, like TTS and 3D Forest [32],

still output this fallen tree in the final results and label fallen tree points to nearby trees (see

Figure 3.13(b) and (c)). However, measurement-focused FSCT [35] used cylinder fitting on

points to filter out this fallen tree. For the sake of simplicity, we did not handle such particular

scenarios at the current stage.

Considering all experimental results with labeled TLS point clouds, the experimental results

showed that our TTS method could achieve more accurate and more stable segmentation results

in different forest types. TTS was also robust to varying point densities. More importantly, TTS
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Dataset T.Den P.Den

Fire data [126]
Before-fire 762.17 5.31
After-fire 589.23 4.95

EuroSDR data [14]

Easy SS
659.18

0.92
Easy MS 0.87

Medium SS
1103.52

0.93
Medium MS 0.8
Difficult SS

1791.99
0.72

Difficult MS 0.66

Table 3.1: Unlabeled data overview. Column T.Den presents stem density (stems/ha) in the data,
and Column P.Den (unit: centimeter) records the average point density of experimental TLS point
clouds. Single-scanned and Multiple-scanned TLS point clouds are presented as SS and MS in
EuroSDR dataset.

worked without parameter tuning in all test datasets.

3.6.2 Tree-level experiments

The tree-level experiment aimed to examine the locations of the extracted single trees.

Many critical tree metrics are based on tree locations at the single and plot levels (i.e., stem

density, spatial pattern). Therefore, tree locations are commonly used to validate a method’s

accuracy [14]. This experiment evaluated the tree locations derived from vegetation segmentation

results with the conventional tree matching-based validation method.

3.6.2.1 Datasets

Two large datasets, Ferguson Fire Mensuration TLS data (namely Fire dataset in our following

section) [126] and EuroSDR benchmark data [14], involving different forest structures and point

densities, were selected in this experiment. Both datasets include TLS point clouds and reference

data, such as tree locations, heights, and DBHs. Table 3.1 presents an overview of experimental

datasets, including the tree numbers, stem density (stems/ha), and vegetation point density. Fire

dataset [126] includes point clouds scanned before and after the wildfire Ferguson 2018. The

80



EuroSDR benchmarking dataset [14] includes six plots divided into three levels. Each plot has

two versions of TLS point clouds in each plot: single-scanned (SS) and multiple-scanned (MS).

Single-scan (SS) data is achieved from the plot center scan, while co-registering all scan data

generate multiple-scan (MS) data [14]. Overall, the experimental data include a broad range of

stem densities, from 589 stems/ha to 1791 stems/ha. The TLS point clouds also present different

point densities from 0.6cm to 5.3cm. More information on the two datasets can be found in Xu

et al. [129].

3.6.2.2 Tree matching-based validation

In this level of experiments, we followed the traditional tree matching-based validation

method to check the accuracy of detected tree locations derived from segmentation results. The

tree matching-based validation method searches and finds pairs of extracted trees and field trees

that refer to the same trees. The details and scripts of tree matching steps can be found in [129].

Based on the tree matching results, we counted the field trees, |Tref |, extracted trees, |Tseg|,

and matched trees, |Tmt|, and then computed the Completeness, Correctness and Mean Accuracy

following the exact definition used in the EuroSDR benchmark [14]. In general, the larger values

of mean accuracy, the better results.

Completeness =
|Tmt|
|Tref |

,

Correctness =
|Tmt|
|Tseg|

,

MeanAccuracy =
2 ∗ |Tmt|

|Tref |+ |Tseg|
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3.6.2.3 Results and Discussions

The tree matching-based validation results, including completeness, correctness, and mean

accuracy, are presented in Figure 3.16 (a), (b), and (c), respectively. Overall, we found comparable

accuracy of detected tree locations. The average accuracy values of our TTS method, 3D Forest

[32] and FSCT [35] were 0.50, 0.25 and 0.54, respectively. Our accuracy was close to the best

result of FSCT [35]. Also, our accuracy was almost twice that of 3D Forest [32]. In the Fire

dataset [126], we observed that all test methods had better performance from after-fire data than

before-fire data. Moreover, TTS had the highest accuracy in the most challenging areas from the

EuroSDR dataset [14], scoring 1.29 times better than FSCT [35] and 5.5 times better than 3D

Forest [32].

We calculated Pearson correlation to investigate the correlations between segmentation

accuracy and data characteristics (i.e., point density and stem density). Pearson correlation range

is between -1 and 1. There is no correlation if the correlation value is 0. If the correlation

value is larger than 0, the correlation type is positive. Otherwise, it is a negative correlation.

Table 3.2 shows that our TTS method and 3D Forest [32] had a strong positive correlation

between point density and accuracy, with the correlation values of 0.4 and 0.7, respectively. In

contrast, FSCT [35] had a negative correlation value of -0.22. Please note that here a smaller point

density means a denser point cloud. Thus, the correlation values indicate that tree measurement-

focused FSCT [35] worked better at dense point clouds than in sparse areas. Compared to TTS

and 3D Forest [32], FSCT [35] was more conservative and cared more about the correctness
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Method ρacc−p ρacc−t

TTS 0.399 -0.857
3D Forest [32] 0.715 -0.958

FSCT [35] -0.219 -0.653

Table 3.2: Pearson correlation values between characteristics of experimental datasets and
accuracy achieved by test methods. Columns ρacc−p and ρacc−t show the correlation of accuracy
results on point density and stem density, respectively. Both ρacc−p and ρacc−t are computed on
the results of Fire data and EuroSDR Multiple-scanned data to ensure the same TLS scanning
type.

of detected trees that are thoroughly preserved in the point clouds. At the same time, TTS

and 3D Forest [32] focused on segmenting the forest point cloud into single-tree point clouds.

However, our TTS method was more resilient as our correlation value was about half of that of

3D Forest [32]. Table 3.2 also show that all methods had a strong negative correlation between

stem density and accuracy. Both Figure 3.16 and Table 3.2 show that it was more difficult to keep

high performance in dense and complicated forest areas. Despite that, our TTS method achieved

better performances in the densest ”Difficult” areas than other methods. This result showed that

our method was more stable and resilient to input data.Thanks to our small α-complex that can

outline trees comprehensively and our Forman theory-based segmentation that can investigate

trees and split trees correctly, TTS could find more trees and have the largest completeness values

among test methods in ”Difficult” areas (see Figure 3.16(a)). At the same time, there was also

more noise in dense and multiple-layer forest areas, so not all extracted trees from our results

were valid in the field data. For example, detected stems of small trees were not recorded in the

field data. Similar observations were also reported in Wang’s work [97]. Thus TTS had a lower

correctness value than FSCT [35] in Figure 3.16(b). However, considering both completeness

and correctness, TTS had better accuracy than FSCT [35], as presented in Figure 3.16(c).

Overall, our TTS method was robust to different forest types. It was also stable in forests
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after the wildfire. Moreover, automated TTS without parameter tuning achieved comparable

results in the dataset and outperformed other methods in the most challenging areas.Please note

that 3D Forest [32] was also tested in Liang et al. [14] under the name of RILOG (see Appendix

Section in Liang et al. [14]). Even with the human effort (i.e., manual single tree detection), the

accuracy of RILOG was still not ideal, especially for single-scanned TLS point clouds (< 75%).

This shows the difficulty of EuroSDR benchmarking datasets.

3.7 Parameter setting

Internal parameters are used in TTS including values of αs and αl, tree validation threshold

values thlow and thlen, and stem detection height thstem. Those parameters are tested through

experiments involving an eclectic mix of datasets.

Values of αs and αl. The value of α controls the 3D α-complex generated from points. TTS has

two α values: a small value αs and a large one αl. Fixed values of α have been used to generate

the α-complex of points P . For example, Bayer et al. [134] suggest using 0.25m while Hess et

al. [135] document better results using 0.5m. We utilize existing ground truth data including tree

locations (x,y) and DBHs to calculate boundary to boundary distances among tree stems. Given

trees p1, p2 with DBHs d1, d2 respectively, the boundary to boundary distance is calculated as

disbb = distance(p1, p2)− (d1+d2)/2. We find that the average value of disbb can be lower than

0.1m.

However, not all trees are well captured in TLS point clouds. Small trees are usually

incompletely scanned due to occlusions (i.e., blocked by larger trees), whereas the stems of large

trees are typically easier to model. At the same time, large trees have more points in the point
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cloud. Therefore, it is practical and critical to label large trees correctly in the segmentation

results. We observe that the shape of tree with the boundary to boundary distance around 0.1m

has been preserved well in TLS point cloud. Furthermore, in the α-complex generated with a

very small value of α (i.e., α < 0.1m), large tree stems can be over-segmented into multiple parts

(see Figure 3.18(b)). Considering factors mentioned above, it is important to acknowledge that

we prioritized large trees in our validation experiments and set αs to 0.1m.

Figure 3.17 shows one tree cluster point cloud including three trees. A 3D α-complex (α =

0.1m) is generated in Figure 3.17(b). The clipped stem points are presented in Figure 3.18(a),

where the right stem points are not complete due to the common occlusion issue in TLS sampling.

For the sake of simplicity and demonstration purposes, we present 2D α-complex generation

results in Figure 3.18, where built α-complexes with α = 0.05m, α = 0.10m, and α = 0.15m

are presented in Figure 3.18(b) Figure 3.18(c) and Figure 3.18(d), respectively. Figure 3.18(b)

shows that using a small value of α, the left tree stem points are split into multiple parts, while

a large value of α, all stem points are combined into one shape, as presented in Figure 3.18(d).

However, an appropriate alpha value brings the precise stem shapes (see Figure 3.18(c)) and

outlines tree woody objects (i.e., trunks and branches) correctly (see Figure 3.17(b)).

The α-complex with value of αl is generated to include all points, especially the sparse

crown points from the input point cloud. Our method is independent of this value, as any large

value should work, such as 0.25m from Baryer et al. [134] or 0.5m from Hess et al. [135]. For

simplicity, we fix αl to be equal to 0.3m in our implementation. Overall, αs and αl are applicable

to the range of tree sizes and point cloud properties tested.
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Threshold values of bottom elevation thlow and length thlen. Parameters thlow and thlen are

designed to find valid trees by checking the bottom elevation and length of extracted point clouds.

Recall that, tree length is defined as the elevation difference between the tree’s highest point and

the lowest point. Both parameters are used in two steps of TTS. The first usage is to check

tree clusters after finding components in the generated α-complex (see Section 3.4.1). The other

usage is to examine extracted single tree point clouds in Section 3.4.2. thlow is set to 1.5m to help

us get rid of ”float” trees where the tree bottoms are far away from the ground level. Combined

with thlen = 2m, we can better avoid low-vegetation in our results.

Tree height threshold value thstem. thstem is used to find stems from the generated 3D α-

complex of vegetation points (see Section 3.4.2). As tree bottoms are usually evident and reliable

in dense TLS point clouds [15, 32, 34], we set thstem as 0.5m to clip the α-complex below 0.5m.

The clipped α-complex components are considered tree stems.
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(a) (b)

(c) (d) (e) (f)

Figure 3.12: Examples of two trees extracted by test methods. (a) and (b) Segmentation results
of one plot (Quercus plot) in Tree set data achieved by TTS and 3D Forest [32], respectively. (c)
One small reference single-tree point clouds in Wytham Woods tile 45. Entire point clouds are
colored in gray as the background. (d), (e) and (f) Segmentation results from TTS, 3D Forest [32]
and FSCT [35], respectively.
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(a) (b)

(c) (d)

Figure 3.13: Segmentation results of 3D Forest sample data. Ground points are colored in gray.
Single-tree points are colored to distinguish each other. (a) Reference results. (b), (c) and (d)
Segmentation results from TTS, 3D Forest [32] and FSCT [35], respectively. The entire points
are colored in light gray as the background.

(a) (b) (c)

Figure 3.14: Details of one big tree in Wytham Woods tile 45. (a) Reference single-tree point
clouds. Entire point clouds are colored in gray as the background. (b) Segmentation results from
TTS, (c) Segmentation results from FSCT.
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(a) (b)

Figure 3.15: Bottom points of segmentation results in single-tree study area 7 in labeled Fire
data. (a) Input vegetation points. (b) Results performed by TTS.

(a) (b)

(c)

Figure 3.16: Tree matching results of test methods performing on experimental datasets. (a), (b)
and (c) show values of completeness, correctness, and mean accuracy, respectively.
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(a) (b)

Figure 3.17: Built α-complexes of point clouds with three close trees. (a) Input forest point cloud
colored by height. (b) Generated 3D α-complex with α = 0.1m. Three valid components in the
α-complex are colored.

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

Figure 3.18: Examples of built α-complexes of stem points from three close trees in Figure 3.17.
(a) Stem points with p.h < 1m. Built 2D α-complexes of stem points with (b) α = 0.05m, (c)
α = 0.1m, and (d) α = 0.15m.
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Chapter 4: Normalization Effects on TTS Segmentation Approaches

4.1 Introduction

This chapter aims to investigate the effect of point cloud normalization over Topology-

based Tree Segmentation (TTS) approaches. As an indispensable preprocessing for segmentation,

the point normalization step aims to calculate the point heights over the ground, which is usually

made of ground detection (GD) and spatial interpolation (SI) [31]. GD methods identify ground

points, and SI methods interpolate terrain surfaces when calculating the height over the detected

ground surface.

Point normalization quality varies based on GD and SI methods. Existing survey papers

[26, 136, 137] pointed out that no single ground detection method can handle all datasets, and

different point clouds (i.e., ALS and TLS point clouds) require different ground detection methods.

In addition to the variants caused by the ground detection methods, spatial interpolation methods

can also affect the normalization results. For example, the shape distortions introduced by spatial

interpolation may change crown shape [26, 47] in the normalized points. Additional challenges

in applying normalization methods involve their input parameters which need to be adjusted to

fit different experimental point clouds. In another study, we found that there was a lack of point

classification information (e.g., ground points, non-ground points) to validate ground detection

results, which made the normalization accuracy hard to examine automatically and objectively.
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Therefore, in this current study, we investigated the performance of TTS over different

normalized points. Together with open-source ground detection and spatial interpolation methods,

we generated more than six point normalization results for our experimental point cloud datasets

covering both ALS and TLS datasets in different forests. Then, TTS segmentation approaches

had been tested and validated among different normalized points. For TTS-ALS, with field-

recorded tree measurements and tree matching-based validation methods, experiments show that

the normalization process slightly affected the detected tree locations while strongly influencing

tree crowns. Instead, TTS-TLS was more sensitive to point normalization from experiments

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

from normalization results primarily affected segmentation accuracy, and normalization errors

also impacted the TTS-TLS’s performance in stem detection and tree growth. However, TLS

experiments also show that TTS-TLS could mitigate unsatisfactory normalization effects and

confine their influence to local regions so that TTS-TLS could still extract single-tree point clouds

even from imperfect normalized points. The lessons learned from TTS-TLS experiments can be

applied to improve the design and use of general bottom-up segmentation methods.

In the following sections, we first introduce related work about normalization approaches,

including ground detection and spatial interpolation methods in Section 4.2. As we find, only one

ground detection method can directly detect ground points from experimental TLS point clouds.

In order to support the experiments by generating different ground points, we design a new simple

but efficient ground detection method working on dense TLS point clouds of complicated forests,

which is introduced in Section 4.3. Section 4.4 presents the experimental results and our findings.
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4.2 Related work

In this section, we will briefly introduce ground detection and spatial interpolation methods

commonly used for the point normalization procedure of LiDAR point clouds. Interested readers

can find more details from survey papers by Sithole and Vosselman [136], Meng et al. [137],

Roberts et al. [26] and the documents of lidR package [31].

4.2.1 Ground detection methods

Ground detection methods aim to detect points representing bare-earth terrain from LiDAR

point clouds. They have also been widely designed for ALS point clouds [26, 32, 137]. Existing

ground detection methods are based on unique physical characteristics of the terrain surface in

the point clouds. For example, ground surfaces have the lowest elevations, gradual elevation

changes, and are relatively continuous and smooth [26, 137].

As pointed out by Meng et al. [137], ground points usually have the lowest elevations in a

local neighborhood. Thus, clustering-based methods, like 3D Forest (3DF) [32], aim to cluster

the lowest points. For example, after converting points into an adaptive grid on Octree or a fixed-

width voxelization, 3D Forest (3DF) [32] clusters the lowest points along the Z-axis in the grid.

However, manual adjustment is needed to remove non-ground points in the clustered points.

The interpolation step is also necessary to fill the areas without any ground points [32]. More

complicated surfaces with less homogenous heights or uneven point densities may be challenging

for 3DF and other clustering-based methods [26, 137].

Unlike clustering-based methods, surface-based ground detection methods generate parametric

surfaces from the local lowest points to approximate the terrain surface [26]. One commonly
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used surface-based method has been proposed by Zhang et al. [77], which is based on Cloth

Simulation Function (CSF). CSF flips input point clouds and simulate a cloth surface from

points. During cloth simulation, the points act as the nodes of the cloth. Both external and

internal forces are considered to determine the cloth surface shape, where the external gravity

force determines the node displacement on the underlying terrain, and the internal force slightly

modifies node positions to present the surface stiffness. Node positions are updated iteratively

until the simulated cloth closely fits the underlying terrain. Given the diverse terrains, it is

essential to carefully adjust CSF parameters to suit varying environments and point cloud datasets.

The implementation of CSF includes a Cpp library [138] and an R function in lidR package [31].

Another distinguishing terrain characteristic is the terrain slope, which is usually relatively

small among ground points than non-ground points on a local scale. For example, ground surface

steepness has also been utilized for ground detection methods. In [139], Vosselman proposed a

filtering function to find ground points where the height difference between each ground point

and its neighbors is smaller than the pre-set maximum height difference. However, the slope

threshold value needs to be adjusted for different surfaces [137]. Furthermore, the quality of the

point clouds, such as point density, also affects detection performances [139].

Besides the slight slope of the ground surface, the ground surface tends to be smooth

and continuous, while other objects (i.e., trees) are usually less smooth. These local aberration

points from non-ground objects can be identified with local curvatures [140]. Following the

surface curvature idea, Evans and Hudak [141] provided another surface-based ground detection

method, an iterative multiscale curvature classification algorithm (MCC), to detect and delete

non-ground points with larger curvature values from the interpolated surface. The surface is

built by thin-plate spline (TPS) surface interpolation [142], which is reported to give MCC a
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better performance than other interpolation methods (i.e., ordinary Kriging, Inverse Distance

Weighting, and triangulated irregular network (TIN)). There is a Cpp implementation of MCC

[143] and included lidR package [31].

Mathematical morphology-based filtering can also remove less smooth objects and identify

smooth ground surface points. This kind of filtering is made of two basic morphology operations,

namely erosion and dilation, and often operates based on them, such as opening (erosion plus

dilation) and closing (dilation plus erosion). However, setting window sizes of the filtering to

remove non-ground objects with different sizes is challenging. Zhang et al. [144] proposed

a progressive morphological filter (PMF) by gradually increasing the size of the windows and

using elevation difference thresholds. Through this PMF, non-ground points (i.e., vegetation and

buildings) are removed, while ground points are preserved.

Extra information is also utilized to detect ground points. For example, the efforts of ground

detection in TLS point clouds reported in Thies et al. [145] include point cloud rasterization

in 3D space and cells filtering within the grid with a-priori information about the estimated

maximum terrain height and slope. Working on TLS point clouds scanned by stationary terrestrial

LiDAR platform, Puttonen et al. [146] assumed that more high-quality points near the scanner

and ground surface are smooth within the scanning range. Thus, their method transfers points to

a cylindrical coordinate system and slices points along the azimuthal direction (angle of rotation

from the initial meridian plane). Each slice is further divided into bins, processed based on the

distance to the scanner in ascending order. Ground points in each bin are the lowest points inside

the boundary determined by the previous bin considering the user-set slope threshold. After

processing all bins, a spline is fitted to ground points in bins. The final ground points are points

close to the fit spline. Utilizing unique TLS scanning features, the method proposed by Puttonen
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et al. [146] is promising in their test experiment. More tests are needed for other TLS settings and

collected in larger areas. However, the requirement of scanner information may not be feasible,

or their assumption may not hold in other datasets. It also limits a wide range of validation

experiments without providing publicly available code.

Nowadays, emerging deep learning-based ground detection tools can perform semantic

segmentation of more general LiDAR point clouds, which are not limited to ALS point clouds.

For example, based on Pointnet++ [100], the Forest Structural Complexity Tool (FSCT) built

by Krisanski et al. [99] works on high-resolution forest point clouds and classifies points into

noise, terrain, vegetation, coarse woody debris (CWD), and stems. However, training data is

necessary for applying FSCT to other datasets. Another limitation is the higher computational

requirements. Both factors may limit FSCT, like other deep learning-based tools for processing

datasets out-of-box.

4.2.2 Spatial interpolation methods

Spatial interpolation (SI) is used to interpolate the ground surface for the area without

ground points. Commonly used SI methods in point normalization include deterministic interpolations

(i.e., inverse distance weighting (IDW), triangulated irregular network (TIN)-based methods),

and geostatistical interpolations (i.e., Kriging-based methods) [31, 147, 148]. Deterministic

interpolators use math functions, while geostatistical approaches use both math and statistical

functions for interpolation [147].

Inverse distance weighting (IDW) is a simple method to approximate the elevation of
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undetected ground points by nearby detected ground points:

Z(x0) =

∑n
i=1

wi

dpi
· Z(xi)∑n

i=1
wi

dpi

(4.1)

Z(x0) is the estimated value at the target location x0, Z(xi) is nearby detected ground

points, wi is the weight assigned to each data point xi and di is the distance between the target

location x0 and the data location xi. p is the power parameter that controls the influence of

the distance. Typically, p is set to 2 for Euclidean distance. The above formula calculates the

weighted average of the known ground elevations, where the weight of each data point is inversely

proportional to the distance between the target location and the data location raised to the power

p. The simplicity makes IDW fast, but it can also introduce unrealistic curvature artifacts [141].

Another fast interpolation method is based on a triangulated irregular network (TIN), which

estimates terrain elevations from triangle meshes made by detected ground points. TIN maintains

the elevation values of already detected ground points, but it can also produce large deviations

between existing ground points and weaken TIN-based interpolation at edges [31, 141].

Compared to IDW and TIN-based interpolation methods, by assuming that nearby points in

space are more similar than distant points, Kriging aims to find the best linear unbiased estimate

of the unknown values based on the existing ground points. Although it is often claimed that

Kriging provides the most accurate results [31, 147], Evans and Hudak [141] found that Kriging

can produce poor fit of point clouds and cause some surface erosion.

97



4.3 A TLS-oriented ground detection method: CMS

Ground detection is crucial for our current normalization experiments involving the generation

of ground points. Despite the various ground detection algorithms discussed in Section 4.2,

when working on the dense and large TLS dataset, we found that only one open-source ground

detection method can directly detect ground points from point clouds. Therefore, to facilitate

the experiments in this chapter, we have designed a new, straightforward, yet highly efficient

ground detection method tailored for complex forest environments captured in dense TLS point

clouds. We first split the entire point clouds into parallel slices, each perpendicular to the xy-

plane. Then, we extract ground points from each slice and combine them to form the entire

ground points. With different slice planes (e.g., xz-slices, yz-slices), we have detected different

groups of ground points. In the end, the common ground points from all results consist of the

final valid ground points. Since the ground point identification from each slice starts from points

clustering, followed by morphological-based filtering and the final slope-based validation, we

name our ground detection method as CMS in the following context.

We first introduce the way of dividing the input points into slices in Section 4.3.1. The

details of extracting ground points per slice are introduced in Section 4.3.2. Section 4.3.3 presents

the steps of forming the final ground points. In the end, we summarize the key parameters and

settings in Section 4.3.4.

4.3.1 Extracting slice points

The first step of CMS aims to divide the input point cloud P into sub-regions. To do so, we

decompose the bounding box of P into rectangular regions perpendicular to the xy-plane, namely
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Figure 4.1: The overview of our proposed ground detection method: CMS. Three steps
(Extracting slice points, Processing slices and Intersecting ground points) are placed in order.
As the three used key techniques (Clustering, Morphological filtering and slope-based checking),
our ground detection method is also called as CMS.

slices, by using a yz-plane following the X-axis or xz-plane at the Y-axis (see Figure 4.1). Each

slice has the exact size of a rectangular region with a width of thw.

(a) (b) (c)

Figure 4.2: (a) Input point cloud colored on the elevation divided into (b) yz-slices (b) and (c)
xz-slices, respectively. Bounding boxes of one yz-slice and one xz-slice are highlighted.

Figure 4.2(a) shows an input forest point cloud of complicated terrain, which is not flat

and contains tiny objects (i.e., brushes, fallen trees). After point division, we have two groups of

slices presented in Figure 4.2(b) and (c).
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4.3.2 Processing slices

After extracting slices, CMS starts to identify ground points from each slice. Because of

the small width thw of the slice, we convert the points from 3D space into 2D space. For example,

the point coordinate is changed from (x, y, z) to (y, z) for yz-slices and (x, z) for xz-slices. By

decreasing the dimension of points, we have Ps′ points in each slice.

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

Figure 4.3: A sequence process of slice points. (a) Computed low points LP are colored in green,
with the entire slice point colored in a blue-red colormap based on elevation. (b) Valid clustered
points LP are in red, while others are in gray. (c) Valid Morphological-based filtered points are
green, while invalid points are gray. (d) Detected ground points (red) in the entire slice points.

The main idea of ground detection is to identify the lowest points in a local neighborhood.

Taking the example of working on the yz-slices, CMS divides Ps′ into thbw-width bars following

the Y-axis direction and finds the lowest point inside each bar. We set the bar elevations from the

inside lowest points and use the center point to represent each bar. These bar points are called

low points LP below. Figure 4.3(a) shows computed low points from the demo yz-slice. Low

points are highlighted in green, while the entire slice points are colored based on elevation as the

background. It is clear that there are green points from the upper branches and even the canopy

apart from the ground points. Thanks to the dense TLS points, ground points are clear, and stems

are measurable [99]. In other words, ground points at the local region are close and prone to

be grouped. Thus, we cluster PL by using DBSCAN [102] to remove outliers and have new

clustered points PL. Section 4.3.4 introduces the automated way of setting DBSCAN parameters
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eps and dbn. Figure 4.3(b) shows clustering results from previously found low points. The old

low points are colored in gray, while new low points are marked in red. The results show that

ground points are clustered while most tree branches and canopy outliers are deleted. However,

there are several float points from the low branches misclassified as ground points.

Sparse or no ground points beneath non-ground objects, like the branch points presented

in Figure 4.3(b), are a common issue in TLS point clouds [26]. Morphological filtering has been

reported for the good performance of removing these points [26, 144]. CMS applies the opening

morphology operation (window size of 8∗ thbw), made by erosion and dilation operations, of low

points PL to have adjusted point elevations. A B-spline [149] is fitted from the adjusted points so

that points from PL that are close to the line (i.e., < 1.0m) are selected to form the new low point

PL. Figure 4.3(c) shows morphology filtering results, where tree branch points above the terrain

are removed successfully. There are bars with no elevations in some relatively sparse points. To

fill the ”gaps” in PL, CMS interpolates the elevations from 10-neighbor points via simple linear

regression. Finally, PL are examined regarding slope to ensure a gradual elevation change (i.e.,

< 45◦). With final valid low points PL, CMS finds that ground points from the slice points are

that close to the bar PL with a distance smaller than the given threshold value thh.Final ground

points are presented in Figure 4.3(d), where ground points are correctly identified, even a small

region has sparse ground points.

4.3.3 Completing ground points

After merging the ground points, we have two groups of ground points PG1 and PG2 from

yz-slices and xz-slices (see Figure 4.4 (a) and (b), respectively). We focus on decreasing over-
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(a) (b)

(c) (d)

Figure 4.4: Detected ground points from yz-slices (a) and xz-slices (b). (c) Final ground points
after intersecting points from (a) and (b). (d) Highlighted ground points inside the entire input
with forest point cloud colored in gray as the background.

detection errors for the final valid ground points by avoiding the errors of mislabeling non-ground

points as ground points. As pointed out by many studies [26, 150], over-detection is more severe

than missing ground points because, thanks to the continuity of the terrain surface, interpolation

can well migrate the consequences of missing ground points. The noises of non-ground points can

dramatically deteriorate the accuracy of digital terrain models (DTM) and affect the downstream

products. Thus, CMS is conservative in determining the final valid ground points. More specially,

CMS aims to locate ground points with high confidence, where ground points should be detected

in both direction slices. To do so, we intersect ground points PG1 and PG2 to find the common

points which make up the final valid ground points in Figure 4.4(c).

Please note that in the normalization step in our research, after detecting ground points, we

also apply spatial interpolation methods (i.e., IDW, TIN, Kriging) to interpolate missing ground

points and calculate the height over the ground for each point.
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4.3.4 Parameter settings

There are several critical parameters required for CMS. Because CMS is designed for dense

TLS point clouds that share similar point characteristics (i.e., point spacing at the millimeter

level), our suggested values of critical internal parameters can provide reasonable results of

different TLS point clouds out-of-box. Moreover, all parameters are physically meaningful,

which are easy to adjust for optimal ground detection performance to meet the application demand

based on data quality.

Slice width thw and bar width thbw. The slice width thw is used in two ways. In Section 4.3.1,

thw controls the width of parallel slices extracted from input forest point clouds. In Section 4.3.2,

the value of thw is the starting width of the bar to find the low points from slice points. Together

with the slice width and bar width, width values mimic the resolution concept used in the raster-

based methods (such as 3D Forest software [32]) where terrain surface in the small area, defined

in a ”cell” or ”voxel”, is homogeneous and considered as a flat surface. Thus, thw for the slice

width should be small. The bar aims to find the lowest points representing the ground level.

However, the tiny thbw can lead to too many gaps for the points with larger point spacing or more

complex terrain with objects blocking terrain. In order to have an optimal bar width, we have an

adaptive way of setting bar width thbw starting from thw. More specifically, we check the number

of valid bars with non-empty elevations. If the number is fewer than 80% of all bars, we increase

bar width thbw with 0.1m until we have enough non-empty bars. Inspired by existing studies [77]

and tested in our experiments, 0.25m is set as the default value of thw in our method, and we find

it works well for experiment datasets.
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Distance eps and number dbn in DBSCAN. DBSCAN [102] clustering method is used to

cluster computed low points and remove outliers (see Section 4.3.2). Two essential parameters,

distance eps and number dbn, are set automatically. eps is based on the bar width thbw, as

eps = 3 ∗ thbw, and we set a fixed number 4 for dbn. Because there are usually enough ground

points from dense TLS point clouds, ground points should be clustered. After removing outlier

points, if the number of clustered points is fewer than 80% of the total points, we increase 0.1m

to thbw and update eps until there are enough clustered points.

Ground height threshold value thh. thh filters ground points close to the valid terrain elevation

(see Section 4.3.2). We set thh as 0.2m for experiments in this chapter. Fixed values are usually

used in ALS-based ground detection methods. However, Roberts et al. [26] pointed out that

these large fixed values, like 0.5m in CSF tool [77], used in ALS point cloud are not ideal

for TLS point clouds. For example, compared to centimeter-level point spacing in ALS point

clouds [26, 27], TLS points have a much smaller spacing (i.e., < 1mm [151]), showing that

other objects can be sampled from mm over the ground surface. Moreover, Fan et al. [151]

found that because of the low laser penetration depth of grass (an average level of penetration

of 35% with a varied spatial difference), the lowest points in the vegetation TLS point clouds

are not always true bare earth points, but also includes grass points. Post-processing is also

needed to achieve the most accurate detection results of ground points. Considering that a variety

of factors affects elevation accuracy in TLS point clouds, such as ground vegetation and TLS

scan configurations (i.e., angles, resolutions) [11,151], an optimal value should be deduced from

specific TLS point clouds to meet the application requirement. The applied point normalization

in this study supports the segmentation task, where points close to the ground surface (i.e., grass,
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low-profile vegetation) are removed before running our TTS approaches. Thus, we provide a

suggested value of 0.2m for thh in CMS, which is capable of labeling ground points for the point

normalization used in our experiments.

4.4 Experimental results

There were two groups of experiments applying our TTS segmentation approaches to

ALS and TLS point clouds, respectively. We first generated different normalization results

from combinations of ground detection and spatial interpolation methods. Then, we applied

our designed segmentation tools (TTS-ALS and TTS-TLS) to extract single-tree point clouds

from normalized points. In the end, we validated the segmentation results and compared them to

investigate the performance over normalized points. With the help of field-measured tree metrics

(i.e., tree locations) and tree matching-based validation methods, ALS experiments analyzed the

point normalization effects on detected tree locations and delineated crown areas. Thanks to the

labeled TLS forest point clouds, we were able to validate segmentation at the point level in TLS

experiments. The finer validation results let us investigate the normalization effects in detail,

such as the TTS-TLS’s performance of stem detection and tree growth, as well as influences

from ground detection and spatial interpolation methods used in the normalization procedure. In

the following section, we first discuss TTS results on normalized points of ALS point clouds in

Section 4.4.1 and then TLS point clouds in Section 4.4.2.
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4.4.1 TTS-ALS on point normalization results

We used NEWFOR and SERC ALS datasets from Study 1 2 to support the ALS segmentation

project. Both include ALS point clouds and field-recorded tree measurements (i.e., tree locations).

Three ground detection (CSF [77], PMF [144], MCC [141]) and three spatial interpolation methods

(IDW, TIN, and Kriging) were applied to normalize the ALS point clouds. More details of these

GD and SI methods can be found in Section 4.2. We also used the GD-SI format to represent

one combination of ground detection (GD) and spatial interpolation (SI). For example, CFS-IDW

means the normalization made by CSF ground detection and IDW spatial interpolation.

(a) (b)

(c) (d)

Figure 4.5: (a) The histogram of ground point differences from test point normalization results of
all test ALS study areas. The relative performance of tree localization achieved by TTS-ALS in
experiment datasets (b) NEWFOR and (c) SERC with normalized points made by three ground
detection methods (CSF, PMF, and MCC) and three spatial interpolation methods (IDW, TIN, and
Kriging). (d) The histogram of delineated tree crown differences from TTS-ALS segmentation
results among all test areas.
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Point normalization results. We had nine different normalization results in each study area.

To measure the similarity among two normalized point clouds Pa and Pb, we filtered ground

points p.h < 2.0m from Pa and Pb, respectively, and then calculated the F-score Fa,b between Pa

and Pb. In the end, the points difference between Pa and Pb was set as PDa,b = 1 − Fa,b. The

larger PDa,b means that ground points in the normalization results differ more between a and b.

The ground point difference is presented as a histogram in Figure 4.5(a). In 26 study areas in

the ALS experiment, more than 20 had a minor point difference value (< 0.05), indicating that

detected ground points were similar in the normalization process.

Tree localization results. To investigate the segmentation performance over different normalization

results, we examined TTS-ALS segmentation results with two key tree measurements: tree

locations and crowns. The locations of trees detected by our TTS-ALS on normalized points

were checked via tree matching-based validation methods, which are reported in Chapter 2.

After applying matching-based validation methods to examine detected tree locations, we

computed the average F-score of the entire study areas to measure the TTS-ALS segmentation

performance in NEWFOR and SERC datasets. To better reflect the performance difference

among different normalized points, we used the relative performance for each normalization

result, which is the rate between the F-score based on test normalized points and the best F-

score value among all test versions of normalized points. Figure 4.5(b) and (c) show the relative

performance in the NEWFOR and SERC datasets, respectively. Working on 11 conifer-dominated

study areas, TTS-ALS had similar tree localization results among nine versions of normalized

points. As presented in Figure 4.5(b), the smallest relative performance was larger than 95%,

showing that the worst accuracy was still 95% of the best one. Like the NEWFOR experiments,

107



the TTS-ALS performances of tree detection on 15 SERC tiles were similar, as the largest

performance difference was smaller than 15% presented in Figure 4.5(c). Figure 4.5(c) also

shows that TIN worked slightly better than other spatial interpolation methods in SERC datasets.

Tree crown delineation results. In addition to tree localizations, we compared the crown

boundaries achieved from TTS-ALS segmentation results on different normalized points. Unlike

tree locations, tree crown results showed a different pattern of very dissimilar results among test

normalized points. We used Delaunay triangulation to outline single tree crown boundaries from

single tree point clouds extracted by TTS-ALS. Due to the lack of ground truth tree delineation

results, we accumulated the tree crown boundary at each study area. Then, we checked the

similarity between the two accumulated results achieved on the different normalized points by

calculating the Intersection of Union (IoU) value (iou) of tree crown polygons. Last, the crown

difference between the two test normalization results was set as 1 − iou. Naturally, the crown

difference value is between 0 and 1. The large values show that delineated tree crowns derived

from TTS-ALS results differ from test normalized points. For each study area, we had nine

results of normalized points and nine crown delineation results. After comparing all 36 pairs of

results, we found the most significant crown difference values for each study area and plotted

them in a histogram of the crown difference of the entire 26 study areas in Figure 4.5(d). Only

a few tiles had small crown difference values (< 0.2), indicating that tree crowns differ from

different normalization methods.

Another crown difference investigation was based on crown areas in SERC datasets, where

crown areas can be estimated from field records with the existing allometric functions [29].

Following the area-level validation method in Study 1 2.6, we generated the quantile-quantile

108



(a) (b)

(c)

Figure 4.6: The quantile-quantile plots of crown areas from the field data and estimated crown
areas from segmentation results achieved on normalized points made by ground detection
methods (a) CSF, (b) PMF, and (c) MCC along with spatial interpolation methods IDW, TIN,
and Kriging.

plot (Q-Q plot) to evaluate the crown size distribution of segmented trees in SERC datasets. A

quantile-quantile plot is a scatterplot comparing two probability distributions. We generated nine

quantile-quantile plots of field-estimated crown areas against the delineated crown areas from

segmentation results obtained by TTS-ALS on each normalization result. Since only over 442

trees have large crown areas > 100m2, we focused on the trees with the majority crown areas

< 100m2. We found apparent differences among spatial interpolations in Figure 4.6, where TIN

had a large deterioration for big trees 40− 80m2 for each ground detection method, as light blue

points, representing TIN-involved results were far distant from the diagonal lines in Figure 4.6.
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Both Figure 4.5(d) and Figure 4.6 present the varying crown delineation results from TTS-ALS

segmentation on different normalization methods. One possible reason for the different crown

delineation results is the shape distortion caused by spatial interpolation methods. As Vega et

al. [47] showed, tree crown shape can be largely changed during the normalization, which affects

the crown delineation and area estimation.

The results of TTS-ALS experiment showed that the normalization process slightly affected

the detected tree locations while strongly impacted the delineated tree crowns.

4.4.2 TTS-TLS on point normalization results

We used two labeled TLS point cloud datasets, 3D Forest (3DF) sample data and the

Wytham Woods dataset, to investigate the normalization effects on TTS-TLS segmentation methods.

The complete details of experimental datasets can be found in Chapter 3. Unlike the relatively

simple and small 3D Forest sample data, due to the big data size of Wytham Woods point

clouds, only CSF and our designed ground detection method CMS could detect ground points

directly. Thus, we had two ground detection results by CSF and CMS ground detection methods

in Wytham Woods data, while three different SI methods were still used with normalized points.

In the following sections, we present the experimental results of 3DF and Wytahm Woods data,

respectively.

4.4.2.1 3D Forest Sample data

In the 3DF sample data, we had four ground detection and three spatial interpolation

methods to normalize points. There were 12 versions of normalized points in total. Segmentation
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results achieved by TTS-TLS on each version of normalized points were then validated at the

point level using the mean Intersection over Union (IoU) score (see Section 3.6). The larger the

IoU values, the better the segmentation results.

We first checked the point similarity among 12 normalized points. We calculated the point

difference by following the same method in TTS-ALS experiments (see Section 4.4.1). Due to

the relatively simple terrain condition and forest structure, we found that the largest ground point

difference value was smaller than 0.1, showing that low-height points were similar among all

normalized points.

Figure 4.7: Segmentation accuracy (IoU) of TTS-TLS achieved from 3D Forest sample data
with normalized points made by four ground detection (CMS, CSF, PMF, and MCC) and three
interpolation methods (IDW, TIN, and Kriging).

Later, we compared the accuracy of extracted single-tree point clouds from normalized

points. Figure 4.7 shows the IoU scores over a total of 12 normalized points, where the segmentation

accuracies were similar across different combinations of ground detection and spatial interpolation

methods. The best TTS-TLS segmentation result was from normalized points made by CMS-TIN,

while the worst is from CMS-Kriging. On average, ground detections PMF and CMS allow

TTS-TLS accomplished better results than MCC and CSF methods. Similarly, IDW was slightly

better among spatial interpolation methods than TIN, followed by Kriging. Because bottom-up
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TTS-TLS rely on low points to locate stems and grow single trees, the similar ground detection

results help TTS-TLS have similar segmentation results.

4.4.2.2 Wytham Woods dataset

Unlike the simple one-tile 3D Forest sample dataset, Wytham Woods includes 45 tiles

covering simple and complicated forest structures. Moreover, the size of the point clouds of

Wytham Woods tiles, with an average value of 6,724,988 points, is much larger than the 474,379

points from 3D Forest sample data. Only two ground detection methods (CMS and CSF) directly

worked on the Wytham Woods points. Due to the large data size of dense TLS point clouds,

among three spatial interpolation methods (IDW, TIN, and Kriging), Kriging could not work on

detected ground points directly. Thus, we applied a raster version of Kriging, where we rasterized

ground points into grids with 0.1m width and interpolated the value of empty cells by Kriging.

Point normalization results. Similar to the ALS experiments, we compared the ground point

(p.h < 1.0m) difference among normalized points to check the similarity between different

normalization results in Figure 4.8(a). Overall, CMS and CSF had significantly different results

in seven tiles, while kept similar detected ground points in the rest tiles. Among 45 tiles, we

had an average point difference value of 0.013 with a minimal value of 0.002 and a maximal

of 0.094. For example, as presented in Figure 4.8(a), Tile 121 and Tile 120 had large point

difference values. Furthermore, when checking the point difference for each ground detection

method, we found that CMS had a much smaller (0.002) value than CSF (0.008), showing that

CMS was more stable with different SI methods and could be helpful for the stable performance

of the TTS-TLS segmentation method.
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(a) (b)

(c) (d)

Figure 4.8: (a) Ground point difference per tile in Wytham Woods data. (b) Segmentation
accuracy (IoU) of TTS-TLS achieved from normalized points made by two ground detection
(CMS and CSF) and three interpolation methods (IDW, TIN, and Kriging). (c) IoU difference
in each tile. (d) Correlation between points and segmentation accuracy classified into ground
detection (CMS and CSF), and spatial interpolation methods (IDW, TIN, and Kriging).

Segmentation accuracy. Each tile had six different normalization results, and TTS-TLS segmented

each normalization result. The segmentation results were validated at the point level by computing

Intersection over Union (IoU) values (see Section 3.6). We compared segmentation accuracies

from different normalized points and ploted IoU scores in Figure 4.8(b) and (c), where Figure 4.8(b)

presents the average IoU values of all 45 tiles for each combination of ground detection and

spatial interpolation method, and Figure 4.8(c) shows the largest IoU difference for each tile.

Overall, the segmentation accuracy of TTS-TLS differed in normalization results, where the

segmentation difference was significant (i.e., IoU difference > 0.2) in several test tiles. Considering

the average accuracy of the entire 45 tiles, we had the best segmentation from CMS-Kriging
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and the worst from CSF-Kriging. As presented in Figure 4.8(b), CMS had an average value

of 0.82, which is larger than 0.80 of CSF. Compared to CSF, CMS kept higher IoU values with

all test spatial interpolation methods, indicating that CMS could work well with different SI

methods and generated high-quality normalized points for the TTS-TLS segmentation method.

At the same time, SI methods had similar average values, around 0.81. Thus, GD methods had

more influence than SI methods over segmentation results.

Compared to the average segmentation accuracy, the accuracy difference was more evident

in tiles. For each tile, we checked all IoU values (ious) from six versions of normalized points

and calculated the largest IoU difference as max(ious)−min(ious). Figure 4.8(c) presents the

IoU difference for each tile. Accross the 45 tiles, we had an average IoU difference value of 0.1

and up to 0.296. There were more than ten tiles with difference values larger than 0.15. These IoU

values showed varied segmentation performance on different point normalization results in the

same tile. We also found that CMS had a smaller IoU difference value (0.0526) than CSF (0.07),

indicating that TTS-TLS was more stable with the CMS ground detection method. Among test

SI methods, Kriging had an average value of 0.050, TIN 0.042, and IDW 0.040, showing similar

SI performance.

Correlation between normalized points and segmentation accuracy. To investigate the relationship

between normalized points and segmentation accuracy, we combined Figure 4.8(a) and Figure 4.8(c)

to calculate the Pearson correlation (see Figure 4.8(d)). The Pearson correlation between the

point difference and the corresponding IoU difference from 45 tiles was 0.276, a positive value

showing that the segmentation accuracy and normalization results correlate overall. We also

checked the correlation for ground detection and spatial interpolation methods. Since we tested
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three different spatial interpolations for each ground detection method, we could generate the

Pearson correlation for each ground detection method by using the ground point difference and

IoU difference from corresponding normalized points. Similarly, we had the correlation values

for SI methods. As presented in Figure 4.8(d), we found that the correlation value of CMS

(0.012) was only 1/18 the time of CSF (0.21), indicating that the TTS-TLS performance was

more stable with CMS than with CSF. However, both values were tiny, showing that if ground-

detected points were set, the spatial interpolation results had less influence over segmentation

accuracy. While, Kriging had the smallest value (0.075) among the three SI methods while the

largest value was 0.4 from IDW, their difference was much smaller than GD methods with a ratio

of about 0.4/0.075 = 5.3. It showed that different GD methods brought significant differences

to the TTS-TLS segmentation accuracy for the same SI method. Once again, the above results

showed that the performance of the TTS-TLS method was more closely related to the ground

detection methods.

All correlation results showed a positive relationship between point difference and segmentation

accuracy difference. In other words, the performance of TTS-TLS was varied based on normalized

points. Both ground detection and spatial interpolation methods had the ability to affect segmentation

accuracy. Furthermore, noises and errors introduced by the normalization step could dramatically

deteriorate segmentation accuracy. We discuss the normalization effects on TTS-TLS segmentation

performance in more detail in the following sections.

Influence of ground detection on segmentation accuracy. Correlation results in Figure 4.8(d)

show that detected ground points during the point normalization step could affect segmentation

accuracy. We also found tiles with significantly different normalization and segmentation results
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(a) (b) (c) (d)

(e) (f) (g)

Figure 4.9: Detected ground points of Tile 120 in Wytham Woods. Top view of results by (a)
CMS and (b) CSF. Points are colored based on elevation. Front view with reference labeled trees
with results from (c) CMS and (d) CSF. Low height points (p.h < 1.0m) from normalized points
in Wytham Woods Tile 120 made by (e) CSF-IDW, (f) CSF-TIN, and (g) CSF-Kriging,
respectively.

in Figure 4.8(a) and (c). Take Tile 120 as an example, which had one of the most significant

point difference values (about 0.05) among all tiles. At the same time, TTS-TLS had very

different segmentation results from CSF- and CMS-derived results, with average IoU values of

0.833 and 0.926, respectively. As presented in Figure 4.9(a)-(d), the ground detection results

vastly differed between CSF and CMS methods. Unlike CMS results, CSF failed to identify

ground points in the center area with many trees in Tile 120. Naturally, the normalized points

based on CSF-detected ground points were inaccurate, such as the incorrect heights over the

terrain. For example, low height points below 1.0m were not fully captured in Figure 4.9(e)-(g),

especially for the CSF-IDW combination, which made it difficult for TTS-TLS to identify stems

and grow individual trees. As observed from Figure 4.9(f), we found that CSF-TIN had the more

complete low height points where stem covered. However, other SI methods with CSF failed to
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locate enough ground points (see Figure 4.9(e) and (g)). The visual results of normalization

performance also aligned with TTS-TLS performance results where the maximal IoU value was

from CSF-TIN (0.928), followed by CSF-Kriging (0.882) and CSF-IDW (0.689).

(a) (b) (c)

(d) (e) (f)

Figure 4.10: Low points (p.h ∈ (1.5 − 2.0m)) of recorded trees 1 and 5 in Wytham Woods Tile
64. Original (a) points. Normalized results by (b) CMS-TIN and (c) CSF-TIN. (d)-(f) α-shapes
of low points.

Influence of normalization errors on segmentation accuracy. Besides apparent errors in

normalized points, where both point difference and accuracy difference were large in Figure 4.8(a)

(i.e., Tile 120 presented in Figure 4.9), we also found that large IoU difference in the tiles with

similar normalization results, indicating that tiny errors and noises insides normalization points

could also highly affect TTS-TLS results. For example, in Tile 64, TTS-TLS had one of the

most considerable segmentation performance differences among 64 tiles, while the ground points

were similar among test GD methods. As the TTS-TLS had a significantly lower accuracy value

of 0.646 from CSF-TIN normalized points than 0.842 of CMS-TIN, we examined extracted
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single tree points from CMS-TIN and CSF-TIN, respectively. Figure 4.10 shows low points

(p.h ∈ (1.5 − 2.0m)) of two trees as an example. α-complex of the original points (XYZ

point clouds) had two distinct components representing two stems (see Figure 4.10(a) and (d)).

Normalized points (XYH point clouds) from CMS-TIN also had two objects in its α-complex.

However, only one object existed in the normalization results from CSF-TIN because everal

points were miscalculated as stem points from CSF-TIN, which made the TTS-TLS fail to

identify stems correctly from stem delineations. With inaccurate stem seeds, the TTS-TLS had

poor segmentation results from CSF-TIN normalized points.

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

Figure 4.11: Detected ground points of Wytham Woods Tile 104 by (a) CMS and (b) CSF, with
reference tree marked in Cyan. Stem points (p.h < 1.0m) of the reference tree extracted by
TTS-TLS from normalized points from (c) CMS-IDW and (d) CSF-IDW. The stem lengths are
marked for each result.

The inaccurate point heights from normalization results also affected the quality of extracted

single tree point clouds and raised concerns for downstream usage (i.e., tree modeling). For

example, Figure 4.11(a) and (b) present the detected ground points from Tile 104 by test ground

detection methods where CSF failed to identify the ground surface at the right side. SI methods,

like IDW, could interpolate terrain surfaces and had point heights over the terrain. Our TTS-

TLS performed individual tree extraction of CSF-IDW normalized points and isolated single tree

points, but extracted single tree point clouds differed from results from CMS-IDW. For example,
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we clipped stem points (p.h < 1.0m) of one tree from extracted single tree points from both

CMS-IDW and CSF-IDW and presented in Figure 4.11(c) and (d), respectively. However, when

validating the stem points, the detected stem points from CSF-IDW only had a short length of

0.257m while stem length from CMS-IDW was about 1.0m, showing that there were apparent

errors in CSF-IDW-derived results. We further found that the height of ground points around

the test tree in CSF-IDW was more than 0.5m, far from the correct value of 0.0m. Inaccurate

point heights are hazardous for future analysis based on single tree point clouds, such as tree

measurements and modeling, even though TTS-TLS can isolate single trees from normalized

points with poor ground detection results as shown in Figure 4.11.

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

(e) (f) (g)

Figure 4.12: Tree stem points (p.h ∈ (1.5− 2.0m)) of Tile 66 in Wytham Woods. (a) Reference
points in XYZ. (b) CMS-IDW, (c) CMS-TIN, (d) CMS-Kriging, (e) CSF-IDW, (f) CSF-TIN,
and (g) CSF-Kriging.

Influence of shape distortion on segmentation accuracy. Shape distortion is common in

normalization results [26, 47]. We found that both stem and crown shapes could be altered

in the normalization step and affected TTS-TLS segmentation. For example, both normalized
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points from in Figure 4.10(b) and (c) had different stem changes from the original points in

Figure 4.10(a). These stem changes reflect a noticeable shape distortion problem in normalization

steps. It happened in many tiles, such as Tile 66 (see Figure 4.12), where CSF ground detection

methods had more stem points persevering stem shape than CSF. Moreover, we also found that

rasterization of points changed stem shape, as Kriging, the only raster version SI, had more severe

shape distortions than other SI methods in both CMS and CSF detection methods. The largest

distorted stem points in Figure 4.12(g) made TTS-TLS have the lowest IoU score among all six

tested normalized points.

(a) (b) (c)

Figure 4.13: Low part two reference tree in Wytham Woods Tile 66. (a) Reference segmentation
results in XYZ point clouds. Segmentation results in colors from normalized points of (b)
CMS-Kriging and (c) CSF-Kriging, respectively.

The shape distortion also affected tree branches and canopy points. For example, as presented

in Figure 4.13, CMS-Kriging had more tangling branch points and poor segmentation results

in the end, despite identifying two tree stems correctly. The results showed that TTS-TLS could

be more affected during individual tree growth, which also explained why Tile 66 had a small

point difference value at the stem height level but with a large IoU difference value.
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Finally, there were some tiles with small IoU difference values in Figure 4.8(c) but large

ground difference values in Figure 4.8(a). We found that even though the entire ground points

differed significantly from test normalization methods in these tiles, normalized points around

recorded trees were similar. For example, despite the different detected ground points (see

Figure 4.8(a)), there were only two trees in Tile 158. Moreover, the normalized points around

the two trees were similar in all test normalization results, and TTS-TLS had similar single tree

point clouds of these two trees from all test normalization points. Even in some tiles with poor

ground detection results by CSF (i.e., Tile 121 and 160), no reference trees were located in these

poorly normalized areas. On the contrary, recorded trees had normalized points with correctly

detected ground points. Thus, TTS-TLS maintained similar segmentation results among all test

normalization results. These findings indicated that TTS-TLS could minimize the impact of

unsatisfied normalization results and limited normalization influences in the local regions.

Overall, TLS experiments showed that TTS-TLS was affected by the normalization step,

where ground detection methods had more severe effects than spatial interpolations over segmentation

accuracy. Noises and errors (i.e., inaccurate point heights) in the normalization results could be

hard to find but could affect TTS-TLS segmentation seriously. Shape distortion introduced by

the normalization step made it difficult for TTS-TLS to segment normalized points accurately.

Despite challenges with the normalization step, TTS-TLS could mitigate unsatisfactory normalization

effects and confine their influence to local regions. As a result, TTS-TLS could still extract single-

tree point clouds even from imperfect normalized points.
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Chapter 5: Additional Research Contributions

This chapter will present two additional research during the dissertation study of individual

tree extraction from forest point clouds. In Section 5.1, we introduce another object detection

approach of delineating building footprint from ALS point clouds. In Section 5.2, we provide a

literature review of methods of tree geometrical reconstruction, which is the subsequent processing

after extracting single-tree point clouds.

5.1 An unsupervised building footprints delineation approach for large-scale

lidar point clouds

5.1.1 Introduction

This work was published in the 2022 ACM SIGSPATIAL conference [46] and rewarded

as the second place winner in the 11th SIGSPATIAL GISCup competition1. The competition

considered the problem of delineating building footprints from point clouds generated by airborne

laser scanning (ALS). ALS can preserve the 3D structure of objects in large-scale point clouds

with high spatial resolution. The possibility of detecting spatial objects from ALS point clouds

has been proved in existing studies, such as single tree extraction in Study 2 (see Chapter 2). ALS

1https://sigspatial2022.sigspatial.org/giscup/index.html

122



point clouds have also been explored for automatically generating building maps at a large scale

in various applications, such as cellular network planning [152] and smart city planning [153].

To achieve accurate building maps, it is first necessary to identify every building and compute the

footprint of detected objects (i.e., building boundary) in the point cloud.

As large-scale ALS point clouds also contain a large portion of vegetation, the pipeline of

traditional methods includes distinguishing vegetation points from building points [154], which

complicates the entire process. New deep learning techniques have also been utilized in the

semantic segmentation from LiDAR data, including building detection [155]. At the same time,

the high computational requirements and sophisticated system design raise the bar for users using

such tools. Furthermore, external information, like satellite images, is also imported to help

delineate buildings in the point clouds [152]. However, such external information is not feasible

everywhere and introduces more challenges in registering different data sources. We proposed

a novel unsupervised approach that works on points without any other external information to

provide an effective and easy-to-use building footprint delineation method for large-scale point

clouds. The approach uses terrain ruggedness index [156] and vector ruggedness measurement

[157, 158] to find flat surface areas and applies α-complex [111] to outline building shapes.

5.1.2 Method Overview

Our building footprint delineation method contains three steps. Given input ALS point

cloud, our method first detects building bottoms on the ground. Then, the algorithm identifies the

building tops from the entire point cloud as plane areas. Finally, valid buildings are filtered by

finding detected bottoms that cover enough flat areas.
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5.1.2.1 Detecting building bottoms

We assume buildings are impenetrable and leave no return points at the low level of ALS

point clouds. Thus, the first step aims to delineate building bottoms where there are no laser

return points at the low height (i.e., ground points). The ground points are already labeled in the

competition data. Otherwise, other tools (i.e., lastools [159]) can detect ground points. Then we

generate a Digital Terrain Model (DTM) from low points. The cell width is 1m, and the value of

each cell is the average elevation value of points inside the cell. Thus, the buildings are located

in cells without any value. Then, we collect the center points of empty cells and generate a α-

shape [111] with the value of α = 1.1m (see Section 5.1.3). Finally, the boundaries of connected

components in the α-shape delineate building bottoms.

A running example is presented in Figure 5.1. Input point clouds are colored based on

elevation in Figure 5.1(a). The generated DTM is shown in Figure 5.1(b), where empty cells,

which are also called pits, are presented in white. The center points of such pits are presented

in Figure 5.1(c). We generate an α-shape of pit points that outlines the boundaries of objects

in Figure 5.1(d). Two building details are zoomed in Figure 5.1, where a large building is well

delineated in Figure 5.1(e). Even surrounded by trees, our method can still detect the building

bottom in Figure 5.1(f).

5.1.2.2 Detecting flat surfaces

However, as presented in Figure 5.1(d), other objects are also detected from low points

except buildings. As buildings usually have planar roofs, which are different from other uneven

objects (e.g., treetops), our goal in this step is to outline flat surfaces. We fill empty cells in the

124



(a) (b) (c)

(d) (e) (f)

Figure 5.1: Example of delineated polygons at the ground points. (a) Input point clouds colored
by elevation in a blue-red colormap. (b) Generated Digital Terrain Model (DTM) with empty
cells colored in white. (c) Center points of empty cells. (d) Generated α-shape of center points.
(e) Delineated bottom polygon for a big building. (f) Delineated bottom polygon for a building
surrounded by trees.

generated DTM by interpolating the value of an empty cell as the average value of its nearby cells.

Then we calculate the height over the DTM for all points and generate a digital surface model

(DSM) in a grid with a width of 1m. Working on DSM, we use the terrain ruggedness index

(TRI) [156] and vector ruggedness measurement (VRM) [157, 158] to measure the planarity of

surface. TRI [156] expresses the height difference between one cell and its adjacent cell. To

compute the TRI value of each cell, we first compute the height difference between it and its

eight neighbor cells. We then calculate the mean value of squared height differences. The TRI

measurement value for the cell is the square root of the calculated mean value. Unlike TRI,

VRM [157, 158] measure the surface roughness by considering both slope and aspect. For each
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cell, we first set a neighbor region NxN (i.e., 3x3). Later, we decompose the slope and aspect

into 3-dimensional vectors and calculate the resultant vector magnitude |Vr| within the neighbor

region. In the end, the VRM value of the cell is computed as 1− |Vr|
N2 .

After calculating TRI and VRM over DSM, we find flat cells if v ⊂ [TRImin, TRImax],

or v ⊂ [V RMmin, V RMmax], where v is the cell value, TRImin, TRImax, V RMmin, V RMmax

are threshold values, which are discussed in Section 5.1.3. Then, similar to the previous step, we

compute the α-shape over flat cells.

(a) (b) (c)

(d) (e) (f)

Figure 5.2: Example of delineated polygons at the top points. (a) Generated terrain ruggedness
index (TRI) grid of input points, colored based on the TRI value in a blue-red colormap. (b)
Generated vector ruggedness measure (VRM) grid. (c) Center points of selected flat cells. (d)
Generated α-shape of center points. (e) Delineated top polygon for a big building. (f) Delineated
top polygon for a building surrounded by trees.

Figure 5.2(a) and (b) shows the TRI and VRM grid generated on points in Figure 5.1(a),

respectively. Flat points are presented in Figure 5.2(c) and our computed α-shape is showed in
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Figure 5.2(d). We observe that flat roof areas from the big building and tree-surrounding building

are well delineated(see Figure 5.2(e) and (f)).

5.1.2.3 Filtering buildings

In the last step of our method, we filter valid buildings, where the detected building bottoms

should cover enough flat surfaces. We provide a series of heuristic filtering to find buildings

correctly. First, we consider rectangularity for each detected bottom Pb. The rectangularity (RI)

of Pb is computed as RI = Pb∩Pmb

Pb∪Pmb
, where Pmb is the minimum bounded rectangle of Pb. If a large

bottom b has a larger RI value than the set value thRI , we mark the bottom as a valid building

footprint. Otherwise, we search the flat surface t overlapped with b and calculate the Intersection

with Union (IoU) [132] between b and t. If the value of IoU is larger than the set value thIoU , we

also mark b as a valid building footprint.

(a) (b) (c)

Figure 5.3: (a) Final delineated building footprints. (b) The detected big building over the satellite
image. (c) The detected tree-surrounding building over the satellite image. Both satellite images
are provided by Google Earth.

Figure 5.3(a) shows the final detected buildings. We also compare our delineated building

with the satellite images from Google Earth. Large building with the concave shape is well

captured (see Figure 5.3(b)). Even a small building surrounded by trees, our method can still
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delineate it in Figure 5.3(c).

5.1.3 Experimental results

Five experimental datasets were provided by the GISCUP competition, including various

environments. For example, a town in North Carolina within the humid subtropical climate zone

is surrounded by vigorous forests. Three towns within the warm summer continental climate

zone are located in Montana, New York, and Wisconsin, respectively. Moreover, a city in New

Mexico under the zone of tropical and subtropical steppe climate sits on an unforested, dry and

grassy plain. On average, each test area includes 39 buildings in an extensive area (1,592,057

m2). The LiDAR data is provided by the United States Geological Survey (USGS) as part of the

3D Elevation Program (3DEP)2. And, the ground truth building footprints are provided by the

competition board.

The validation was based on Intersection over Union [132]. For one test area i, given ALS-

derived results O and ground truth G, the IoU value is calculated as IoUi = Area(O)∩Area(G)
Area(O)∪Area(G)

,

where Area(O) is the union of all polygons in O and Area(G) is the union of the all polygons

in G. If more polygons are detected in O, IoUi is further scaled as IoUi = IoUi · |G|
|O| , where | ∗ |

shows the number of polygons. The final accuracy is set as the average of IoUi for the total five

test areas.

Our proposed method could delineate buildings automatically from ALS point clouds with

an average IoU value of 0.62, which was 17% higher than the baseline results achieved by

Microsoft Building Footprints3. Visually checking our results, evident buildings were correctly

2https://www.usgs.gov/3d-elevation-program
3https://www.microsoft.com/en-us/maps/building-footprints
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outlined (see Figure 5.3(b)). Buildings adjacent to trees could also be delineated, such as the one

in Figure 5.3(c).

Several parameters used in our method reflect the real physical characteristics of buildings,

which makes them easy to adjust. During the experiment, with manually tuned parameters, the

overall accuracy can be increased 10%. However, the default settings can be starting points and

provide good results. The key parameters in our method include the value of α, threshold values

of terrain ruggedness index (TRI) [156] and vector ruggedness measurement (VRM) [157, 158]

to filter flat cells and the values of rectangularity and IoU to find valid buildings. The value

of α controls the α-shape from points, which is used in delineating both building bottoms and

flat surfaces (see Section 5.1.2.1 and 5.1.2.2). We set a fixed value of 1.1m, which is suitable

for drawing the boundaries of buildings of interest (i.e., with each width larger than 2.2m). We

use TRI and VRM to filter flat cells (see Section 5.1.2.2). The smaller value of TRI means that

the cell is flatter. We set TRImin as 0, and TRImax = 0.22m. Considering the grid width is

1m in our method, the 0.22m also means a low slope (12◦). For the VRM value, 0 shows the

flat, and 1 means the most rugged. Inspired by the study by Sappington et al. [158], we found

that V RMmin = 0, and V RMmax = 0.05 are applicable for test areas. Two threshold values

rectangularity thRI and thIoU are used to find valid buildings (see Section 5.1.2.3). Our method

finds building footprints if the delineated shape is very close to a rectangle. Thus we set a high

value of thRI = 0.72. The IoU value is used to check whether the bottom area has a flat surface,

and we set thIoU = 0.36.
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5.2 A short literature review of individual tree geometrical reconstruction

Tree reconstruction is the next step after tree localization and isolation in the automated

pipeline of processing forest point clouds [13], as geometrical tree reconstruction generally

requires single-tree points clouds extracted from forest point clouds first to explicitly reconstruct

tree structures in 3D space [15]. Various reconstruction methods are reviewed in different survey

papers. For example, Liang et al. [11] considered reconstructed tree modelings in different

levels of detail (LoD). Wang et al. [160] briefly discussed vegetation modeling in urban areas.

Chaudhury et al. [161] conducted a thorough review of data-driven modeling pipelines and

introduced a number of state-of-the-art techniques used in the pipeline. Okura [162] provided

an interdisciplinary review of plant and tree modeling across multiple fields, including computer

vision, graphics, plant phenotyping, and forestry.

Rather than attempting to cover numerous single-tree reconstruction methods, our focus

was in a more in-depth examination of reconstruction methodologies. Our investigation aimed

explicitly to understand how these methodologies address the challenges inherent in reconstructing

individual trees from point clouds and how they impact the resulting tree models. Hence, we

provided a brief overview of representative tree reconstruction methods, as summarized in Table 5.1.

It is worth noting that the majority of tree reconstruction techniques utilize single-tree point

clouds derived from Terrestrial Laser Scanning (TLS) data, either extracted from TLS forest

point clouds or directly acquired using TLS devices. This preference for TLS is driven by its

ability to ensure sufficient coverage and point density for individual trees. In Table 5.1, only one

method, as presented by [163], employs Airborne Laser Scanning (ALS) point clouds. However,

due to the inherent sparsity and incompleteness of points beneath the canopy, this particular
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Table 5.1: Representative tree reconstruction methods overview. Column Method Type present
method type (point-based or space-based). Column Method records the paper. The output model
and its level of detail (LOD) are noted in Column Output Model and LoD, respectively.

Method Type Method Output Model LoD

Point-based

treeQSM [20, 164] solid model trunk, branches
SimpleTree [165] solid model trunk, branches

FSCT [35] solid model trunk, branches
[163] solid model canopy shape
[166] skeleton to surface model trunk, branches, leaves
[167] skeleton to surface model trunk, branches
[168] skeleton to surface model trunk, branches, leaves
[169] skeleton to solid model trunk, branches
[170] skeleton to solid model trunk, branches
[171] skeleton to solid model trunk, branches, leaves

[172, 173] skeleton to solid model trunk, branches, leaves
[174] skeleton to solid model trunk, branches
[175] skeleton to solid model trunk, branches

Space-based

[176] skeleton voxel trunk, branches
[177] skeleton voxel trunk, branches
[178] solid voxel model trunk, large branches
[179] solid voxel model trunk, branches

[180, 181] solid voxel model trunk, branches
[135] solid voxel model trunk, branches

approach focuses solely on modeling tree canopies. Furthermore, it primarily serves visualization

purposes due to the limited level of detail preserved in the canopy-only model. In contrast, the

remaining reconstruction methods listed in Table 5.1 are predominantly designed for accurate tree

metrics calculation. Given the research emphasis on tree-level forest inventory, our subsequent

discussions in this section will concentrate on tree reconstruction using Terrestrial Laser Scanning

(TLS).

5.2.1 Reconstruction methods

Geometrical reconstruction of single-tree point clouds aims to reconstruct trees in 3D

space with information on both geometry (i.e., shape and locations) and topology (i.e., the
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connectivity and associativity of the tree components) [11, 161, 162]. However, it is challenging

to generate good tree models because of (1) irregular point densities of point clouds [168, 171–

173, 176, 180, 181], (2) missing data in point clouds [20, 35, 164–166, 172, 173, 178, 179], (3)

noises/outliers occurring in point clouds [35, 165, 176], and (4) complex biological structures

[174, 176, 179]. Various reconstruction methods are proposed to overcome those challenges,

which can be grouped into namely point-based and space-based, with respect to how to manipulate

points. A space-based method divides the space of input points into sub-regions by transferring

points to a grid voxel space [176, 178–181]. Then, this kind of method considers each subregion

as a unit to generate tree models. On the other hand, point-based methods manipulate points

directly [20, 35, 164, 165]. Each point is the basic process unit. As we observed, there are two

common strategies widely used in both approaches, namely modeling with skeletons and with

clustering.

5.2.1.1 Reconstruction with tree skeletons

As presented in Table 5.1, both point- and space-based approaches may extract tree skeletons

first and then generate a further detailed model among skeletons. A tree skeleton is a compact and

abstract representation of a tree shape, including geometry and topology features [182], which

can be used to guide tree modeling of more details [169–176]. In the below, we introduce skeleton

extraction methods.

Point-based methods. Point-based methods can extract tree skeletons from points directly via

point transformation (i.e., point contractions). A contraction operation is a transformation that

moves two points closer. In Preuksakarn et al. [169] work, they contracted points by shifting
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points from the border of the shape towards its center axis. To do so, they proposed a simple

adaptive contraction scheme inspired by Giannitrapani et al. [183], where the nearest neighbor

distance-based point density is used to control the point contraction. After obtaining the contracted

point set, a space colonization algorithm [184, 185] is used to extract the skeleton of a tree from

input data. Starting from the root node, they method creates a skeleton as an arborescence of

nodes by adding new nodes from existing ones following the direction which is estimated by

principal component analysis (PCA) [186]. Unlike the method from Preuksakarn et al. [169]

to reconstruct tree skeletons from point clouds, Landes et al. [174] applied a Laplacian-based

contraction developed by Cao et al. [187], which iteratively contracts the point cloud based on

nearest neighbors. In the work of Landes et al. [174], they first use CloudCompare to extract

points representing tree components (i.e., stems and trunks) and then compute skeletons via the

Laplacian-based contraction. Finally, all skeletons are joined to form the tree’s skeleton.

Some methods can also use points adjacency information to generate a graph and extract

tree skeletons. Working on the graph, minimum spanning tree (MST), and Dijkstra’s algorithm

(DA) [188] are popular techniques to extract skeletons. A minimum spanning tree (MST) is

calculated from a weighted graph including all nodes so that the sum of edge weights is minimal.

The edge weight is usually set as the distance between connected nodes. Dijkstra’s algorithm

(DA) [188] can find the shortest path for each node to the root node and generate a tree with

the minimal sum of edge weights from each node to the root node. The shortest paths found

by DA are usually visually matched with the actual branches. However, DA misses the spatial

distribution information of local points and lacks essential details [172]. At the same time, an

MST can preserve the local spatial structure of the point cloud while it is sensitive to noise

[172]. Livny et al. [168] embedded the skeleton extraction step into the construction of a Branch-
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Structure Graph (BSG), where a BSG represents every single tree. Their approach first identifies

tree stems from projected points on the ground where low-density points form the terrain surface,

and high-density points indicate tree locations. Then, a graph is built from input points. The

square of the Euclidean distance of two points is set as the edge weight in the graph. Finally,

their method applies Dijkstra’s algorithm [188] to extract a minimum-weight spanning tree from

points based on the distance to each root node, and the extracted tree forms a tree BSG. Wang et

al. [172,173] developed skeleton extraction methods working on incomplete point clouds. Similar

to Livny et al. [168], a graph is constructed from points where close points are connected, and the

corresponding edges connecting two points are associated with the Euclidean distance between

the two points. The tree bottom nodes are specified as internal information before computing

skeletons from the built graph. Wang et al. [172, 173] developed a new algorithm similar to

Prim’s algorithm [189] to extract a distance minimum spanning tree (DMst) as a coarse skeleton.

Compared with the tree made by the shortest path (i.e., Dijkstra’s algorithm), DMst has a smaller

weight sum. However, DMst has shorter distances for each node connecting to the root node

compared to the MST. In the original version [172], they compute the branch stretching direction,

which is used in structure-aware global optimization (SAGO) to recover missing data. Then, the

DMst is applied again to obtain a refined skeleton from the optimized point data. An improved

method based on [172] was introduced in Wang et al. [173], where a dictionary-based algorithm

[190] is applied to learn local tree structures to recover missing points better.

Statistical methods can also analyze points (i.e., L1-median) before generating the graph

from points to form tree skeletons. Given a set of points, L1-median is a point that has the

minimal sum of the Euclidean distances to other points [191]. Thus, it can be seen as a center

of the given points [192]. Huang et al. [193] adapted L1-medians locally on a sub-set of input
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points representing a geometric shape and then combined computed L1-medians to form one

curve skeleton of input points. The L1-median algorithm developed by Huang et al. [193] works

on points directly and is reported to be robust to noises [193]. Later, Mei et al. [175] applied a

hybrid strategy that integrates the L1-median from Huang et al. [193] and the minimum spanning

tree (MST) algorithms to extract a smoothed skeleton from an incomplete point cloud. Their

method first applies the L1-median algorithm [193] to extract a coarse skeleton from an input

point cloud. With the coarse skeleton, the point densities and branch directions are later used

to recover the missing data so that an optimized point cloud can be produced. Later, both the

L1-median and the minimum spanning tree (MST) algorithms are used to extract a fined skeleton

from the optimized point cloud. In particular, they combine coarse skeleton points with newly

added points and set edge weights according to point types (i.e., coarse skeleton points, new

optimized points). Finally, their L1-MST algorithm extracts refined tree skeletons, where the

sum of all edge weights is the smallest, and the edge-weight sum from each point to its root is

the smallest as well.

Other techniques are also combined with MST to have a tree skeleton from point clouds.

Using both principal curvatures and spanning tree techniques, Aiteanu et al. [171] proposed a

tree skeleton extraction approach, which first computes principal curvatures to help ellipses fit on

dense points. Then the centers of detected ellipses are connected to be a skeleton presenting dense

tree areas (i.e., stems, trunks, branches). A spanning tree algorithm is applied to approximate the

branch skeletons in the sparse areas. After that, all extracted sparse skeletons will be connected

to the dense skeletons.

Different point clustering has also been reported to analyze points and extract tree skeletons.

Xu et al. [166] first connect close points to form a graph and segmented the built graph into a
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small set of points according to their distance to the root computed based on Dijkstra’s shortest

path algorithm. The cluster point centers are then used to form a tree skeleton. Similar to Xu

et al. [166], when extracting tree skeletons from points, Yan et al. [167] first segment points

into clusters by applying a variational k-means clustering algorithm introduced by Lloyd [194].

Later, an adjacency graph is built from clusters, where each node represents a cluster. Working

on the graph, the approach designed by Yan et al. [167] first locates the tree root that contains the

lowest points and then computes the tree skeletons as the shortest paths from the root to all the

other nodes in the graph. Different from Xu et al. [166] using cluster point centers to calculate

the distance between two clusters, Yan et al. [167] find junction points located around cluster

boundaries and calculate the cluster distance as the sum of the distances from the junction point

to the centers of the two clusters. In addition, Belton et al. [170] segment tree points into clusters

first. However, their approach slices tree points into horizontal slices and utilizes the center of

each ellipse found in a cluster at each horizontal slice to form a graph, which represents a tree

skeleton.

Space-based methods. Space-based methods need to transfer points into a 3D voxel (raster)

domain [176] before extracting skeletons. A voxel usually means a cube with a specified length,

width, and height, namely spatial resolutions, which are the most critical parameters to determine

the size of a single voxel. Gorte et al. [176] developed an algorithm to produce voxel models for

individual tree skeletons. In their method, 3D neighborhood operators are applied to close gaps

and holes in the voxel domain after transferring the point clouds into the 3D voxel. Then, their

method extracts skeletons from voxels by removing voxels without breaking the branches (i.e.,

discounted from other branch cells). The remaining voxels form a single voxel-wide tree skeleton.
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5.2.1.2 Reconstruction with tree components

Clustering-and-fitting is a common divide-and-conquer strategy for both space and point-

based reconstruction methods in Table 5.1, where points or voxels are grouped first and then

modeled to represent tree components. Please note that point clustering has also been reported

in extracting tree skeletons. Here, the modeling with clustering aims to have complete tree parts

(i.e., branches) instead of tree skeletons.

Point-based methods. Representative point-based method applies the clustering-and-fitting

strategy is Quantitative Structure Modeling (QSM), which usually group points to represent tree

components (i.e., branches) and modeled by cylinder fitting on points. For example, Raumonen

et al. [20, 164] designed treeQSM to reconstruct trees from point clouds by quantitative structure

modeling (QSM). treeQSM adopts a large number of cover sets to partition the point data into

several clusters and then performs the 3D reconstruction [164]. This method can be regarded as a

local approach in which the input point cloud is covered with a group of small sets corresponding

to connected surface patches on the tree surface. For these cover sets, their neighbor relations and

geometrical properties (i.e., eigenvectors, normal, and principle components) are first determined.

Then, these patches distributing along the visible tree surface are used to derive several segments

via a surface growing method. After that, these segments are approximately modeled with a

collection of cylinders. Finally, small gaps between cylinders will be filled. In an improvement

work, Calders et al. [93] extended treeQSM algorithm to handle plot-level datasets.

SimpleTree is another QSM method developed by Hackenberg et al. [165] to reconstruct

the tree structures from their roots to tips by following multiple-order branches with the usage
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of searching spheres. For each searching sphere, its surface partitions the tree point cloud into a

collection of spatially unconnected subsets. In these subsets, a number of circles are fitted using

the Maximum Likelihood Estimation Sample Consensus (MLESAC) algorithm, and their radii

are regarded as the radii of preliminary fitted cylinders. Then, these cylinders are enhanced using

a non-linear least squares fitting routine. This fitting process iterates until the sphere reaches

the tip of the tree or a large gap arises in case of occlusion [195]. In the end, each tree is

presented as a hierarchical collection of cylinders. To the best of our knowledge, SimpleTree

has been abandoned as a standalone tool. The successor of the SimpleTree, namely SimpleForest

is integrated into the Computree platform.

Semantic segmentation based on deep learning tools is also applied to TLS point cloud

analysis. For example, Krisanski et al. extend their deep learning-based semantic segmentation

method [99] to extract single tree point clouds and design the software of Forest Structural

Complexity Tool (FSCT) [35]. In FSCT, PointNet++ [100] is used to classify forest points

into terrain, vegetation, coarse woody debris, and stem points. Tree skeletons are generated

by grouping stem points via density-based clustering methods, such as HDBSCAN [101] and

DBSCAN [102]. Cylinder fitting via two-dimensional random sample consensus (RANSAC)

[103] is repeatedly applied on skeleton points to generate cylinders representing stems and branches.

The complete tree structures are achieved by grouping close neighbor cylinders if the angle

between the principal axes of cylinders is within an angle tolerance defined by the user. Finally,

points are assigned to the closest tree cylinder to form the single tree point clouds.

Space-based methods. Among voxels, tree stems and branches can be identified first and then

merged to form the final tree models. For example, after converting points into voxels, Hosoi et
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al. [178] use the manually found stem and large branches to classify voxels of stem, large and

small branches by checking neighbor voxels adjacent to the labeled voxels. Because the laser can

not pass through stem and thick stems, empty space in the detected stem/branch needs to be filled

up. To do so, Hosoi et al. [178] process each one-voxel thick slice by interpolating contours of

classified stem and branch voxels and filling up inside voxels. The final solid tree model is made

by merging the filled stem and branches. Many tree models share a similar workflow of Hosoi

et al. [178] with improvements in filling up empty interior space of the tree model. Bienert et

al. [179] apply neighborhood analysis sweeping in the X and Y direction of each filled voxel to

find the interior voxels of detected tree components (stems, branches). Putman et al. [180, 181]

use a direct least-squares ellipse fitting algorithm [196] in their TreeVolX algorithm to achieve

better interior fill performance.

Hess et al. [135] proposed another reconstruction method, which separates each tree into

two parts (the stem and crown). For the crown, their method first representes it by α-complex and

then convertes it into a voxel grid. Another representation is a direct voxelization for the crown

and stem points. The completed voxel grid tree model is generated by merging two voxel models

and is reported to have a precise canopy space delineation at the local neighborhood level.

5.2.1.3 Comparing point- and space-based methods

The difference between space-based and point-based tree reconstruction can be illustrated

by how they overcome modeling challenges.

Space-based methods. Overall, space-based reconstruction methods have intrinsic abilities to

deal with irregular point density by transferring point clouds into grids and interpolating empty
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cells. Because the laser can not pass through thick trunks and leave void/holes inside stems, it

is common for space-based methods to close stem contour boundaries and fill up empty stem

cells [178,179]. The noise and outlier cells can also be detected by checking adjacent cells [176].

At the same time, the grids make a smaller size of processing data than the raw 3D point cloud.

The small dataset is beneficial for computation performance, but the details may be lost and more

errors introduced. Apart from point cloud challenges, biology characteristics are another key

point concerned in reconstruction methods [162]. For example, loops are avoided in the final

voxel solid model [176]. Symmetrical stem shapes are kept intentionally to save real tree shapes

in the voxel tree model, [179].

Point-based methods. Unlike space-based methods, point-based reconstruction methods have

more techniques for tackling noises, irregular point densities, and missing data. Besides manually

cleaning input point clouds, numerous types of point clustering are used to segment single trees

while detecting noises and removing small segments from the entire tree point cloud [165]. Ad-

hoc methods (i.e., DBSCAN [102]) are also designed and used during the shape fitting at the

local points (i.e., point subsets). Finally, detected or fitted shapes can be examined and removed

if they are incomplete or not reasonable [35].

Because point-based methods process points directly, they face a more complex problem of

irregular point densities. One common way is to set point weight to tackle varying point densities

[168, 172, 173]. Another way is to use different sets of parameters, and even reconstruction

methods for sparse and dense point clouds, respectively [171].

Repairing missing data has been attracting lots of interest in point-based methods. The

most popular way is to find gaps in the model (i.e., cylinders) and fill the gaps with interpolated
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shapes (i.e., cylinders) [20,35,164,165]. For every tiny object, like tree leaves, synthesized leaves

are added based on biological theories (i.e., L1-system, self-similarity) [166]. Another strategy

is to analyze coarse skeletons detected from raw incomplete points and interpolate missed tree

parts so that missing points can be repaired [175]. However, it is limited to a small number of

missing points.

Concerning biology features, point-based methods commonly use smoothness to polish the

skeleton or final model [20,164]. Cylinders at fork areas (i.e., branches attached to the trunk) are

optimized and adjusted to achieve a more realistic model [165]. Self-similarity is also considered

to make final produce promising. Missing or blocked tree components are found and interpolated

by detected tree branches/objects [166]. However, all these validations may require external

information (i.e., allometric rules) to guide the modeling, which limits a wide range of usage.

5.2.2 Output model types

Considering the output tree model in Table 5.1, commonly generated tree models include

surface model (i.e., polygon mesh model [166, 167]) and solid model, which has two subtypes:

Primitive Instancing (i.e., cylinder models) [20,35,164,165] and Spatial Enumeration (i.e., voxel

models) [135,180,181]. Please note that a tree skeleton is a typical intermediate result that is used

to generate surface or solid models. The tree skeleton is usually made of curves or single-voxel

wide voxels [176,177]. Overall, the surface model is appropriate for rendering and visualization,

while the solid model is suitable for attribute computation (i.e., tree locations, heights, DBHs,

volume). The skeleton model is versatile and can be converted to other types if more information

is provided. Generated tree models also present different levels of details (LoD) [11]. The bare
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tree model only covers the tree trunk, while more detailed tree models can include more branches

and leaves. For example, the voxel model is simple but loses many details by keeping trunk

and large branches only [178]. The other solid models, like cylinder tree models, can preserve

comprehensive details which are made of a hierarchical collection of cylinders and include more

tiny branches [20, 35, 164, 165]. The surface model can even include leaves [168] and present

more details.
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Chapter 6: Conclusions

This chapter provides the conclusion to the thesis, where we first summarize major contributions

in Section 6.1 and then introduce the future work in Section 6.2.

6.1 Major contributions

The contributions of the dissertation are mainly in extracting single-tree point clouds from

forest point clouds. Two proposed algorithms share the methodological features of being based

on topological tools.

TTS-ALS algorithm. In Chapter 2, we proposed a new automated topology-based tree segmentation

algorithm for ALS point clouds (TTS-ALS), implemented as a TTK [43] plugin and a standalone

C++ program. The algorithm uses topological techniques rooted in watershed transform [69]

and persistence-based simplification [197], ensuring the robustness of different datasets with

ease of use. The preliminary results of this study were first presented in the fall meeting of

the American Geophysical Union (AGU) in 2019 [40]. A first version of the algorithm was

published in the proceedings of ACM SIGSPATIAL in 2020 with a journal-like peer-review

process [41] and presented at the ACM SIGSPATIAL conference. A new version of the algorithm,

with an extensive experimental analysis and comparison with state-of-the-art tools appeared in
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GeoInformatica [42] in 2023.

TTS-TLS algorithm. In Chapter 3, we have proposed a novel automated topology-based tree

segmentation algorithm for TLS point clouds (TTS-TLS), implemented as a software tool made

by C++ programs and Python scripts. TTS-TLS leverages α-complex [111] and discrete Morse

theory [94] for extracting single trees from forest point clouds, enhancing the ease of use and

improving the accuracy of tree extraction results among different forest types and point densities.

Preliminary research was reported at the conference of the Association for Forest Spatial Analysis

Technologies (ForestSAT) in 2018 hosted by the University of Maryland and NASA Goddard

Spaceflight Center. Tentative research results were presented in the AGU Fall meeting in 2021

[44]. After advancing our designed algorithm, improving validation methods, and including more

experimental datasets, we finished the entire work and had it published in International Journal

of Applied Earth Observation and Geoinformation in 2023 [45].

TTS algorithm over point normalization results. In Chapter 4, we conducted comprehensive

experiments investigating the effects of key preprocessing step point normalization over TTS

algorithms. The results showed that TTS-ALS’s performance of detected tree locations was

slightly affected by normalized points, while tree crowns were strongly influenced. TTS-TLS

segmentation accuracy was more sensitive to normalized points. However, TTS-TLS could

effectively limit errors introduced by point normalization in local regions and maintained consistent

results across entire areas. Furthermore, to better support the point normalization of dense TLS

point clouds, we have proposed a novel ground detection method (CMS) designed for dense and

large TLS point clouds to accompany the TTS-TLS algorithm at TLS point clouds.
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Additional research contributions. In Chapter 5, we presented two additional research contributions

including a new method to delineate building footprints from ALS point clouds and a literature

review of tree reconstruction methods. We designed a novel unsupervised approach to delineate

building footprints on large-scale LiDAR point clouds. The proposed approach works on points

without external information and effectively provides building footprint delineation results for

large-scale point clouds with ease of use. This work was published in the 2022 ACM SIGSPATIAL

conference and awarded second place in the 11th SIGSPATIAL GISCUP competition [46]. We

also reviewed tree reconstruction methods by classifying methods into point-based and space-

based methods, studying reconstruction strategies: reconstruction with tree skeletons and with

tree components, and discussing output model types. This review serves as the foundation for

our future work in tree reconstruction using the extracted single-tree point clouds.

6.2 Future work

We will improve TTS algorithms in the future to enhance the segmentation performance

and tackle the challenges of big data point clouds. Moreover, we plan to work on tree modeling

following our extracted single-tree point clouds to better support the automated analysis of forest

point clouds. Both future works are discussed below.

6.2.1 Further developments of TTS algorithms

Facing continuously developed LiDAR instruments and increasing sizes of point clouds

with high spatial resolution, we plan to enhance TTS algorithms, including applying Stellar tree

data structure, improve stem detection function in TTS-TLS, and open-sourcing both TTS tools,
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which are discussed in the following paragraphs.

Stellar tree data structure. We plan to apply a more efficient way of encoding inferred topology

in both algorithms to better deal with incoming big data challenges. In TTS-ALS, we use the

triangulation class in the TTK plugin and 2D array lists in a standalone C++ program to encode

graphs built from input point clouds. Both data structures encode entire data in the memory and

are not suitable for storing graphs of big points. Indexed data structure with Adjacencies (IA) is

the data structure used in TTS-TLS to encode the α-complex built from points. However, IA data

structure is reported to occupy more space of triangle mesh [198].

To overcome these challenges, we plan to study and use the Stellar tree [199], a open-

source topological C++ framework for performing efficient topological queries on simplicial

and non-simplicial meshes (i.e., graphs and triangle meshes). Stellar tree also features spatial

decomposition (i.e., nD-quadtree and kD-tree) to deal with large spatial datasets (i.e., point

clouds), like the applied ANN library [80] in TTS-ALS to search nearest neighbors and generate

graphs of points. Because Stellar tree [199] provides a scalable and compact representation

by encoding the minimal information to locally reconstruct the topological connectivity of its

indexed elements, it is expected to provide topological information used by TTS algorithms

efficiently with very low memory consumption compared to other data structures. With the help

of Stellar tree [199], we will improve both TTS software to scalable tools capable of running

efficiently on large point clouds.

Furthermore, the open-source Stellar tree library already implements algorithms for computing

critical points and the discrete Morse decompositions [200], which are core functions of TTS-

TLS algorithms. We are also interested in developing a distributed algorithm for computing α-
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complexes on Stellar trees, as well as designing and implementing the entire TTS-TLS approach

on Stellar trees.

Stem detection in TTS-TLS. Stem detection is essential in our TTS-TLS algorithm, determining

the tree’s location and affecting the following tree growth. We plan to improve tree localization

methodology in the TTS-TLS algorithm, as our further investigations show that noises from

the normalized point can dramatically affect the segmentation performance by worsening stem

detection (see Chapter 4).

Instead of using tree basal stems to identify tree locations, the new method aims to identify

tree trunks, which are more resilient noises at the ground. With the experiences from TTS

developments, the proposed tree localization method will integrate methodology proved suitable

for forest point clouds analysis, including TTS segmentation methods, layer-stacking [71], and

PCA analysis [186]. More specifically, we first segment the input forest into single-tree areas,

where distant trees are separated. Concerning multiple close trees in the same segmentation

area, a layer-stacking technique is used to find trunks. After horizontally slicing points in each

segmentation, we group points via distance-based clustering (i.e., DBSCAN), identify valid

trunks using PCA [186], and compute the center points of labeled trunk points on each layer.

Finally, close trunk centers are grouped, representing the same tree, and their geometric medians

are tree positions.

Preliminary results have been achieved with the prototype Python program of the proposed

algorithm. The experiment employing TLS point clouds of a dense plantation forest in Japan

shows that our approach successfully locates all trees, despite the challenging thick understory

vegetation that makes identifying tree basal trunks difficult. These results demonstrate the promising

147



potential of our new stem detection approach. We will have more comprehensive experiments

involving different types of point clouds to test the proposed tree localization method and investigate

its refinement for TTS algorithms.

Open-source of TTS algorithms. We plan to develop and provide an open-source library that

integrates both TTS algorithms into a scalable tool for automated tree segmentation. Our goal

is to create a robust standalone tool that users can readily adopt without relying on external

preprocessing tools. The library will also incorporate preprocessing algorithms for ground detection

and point cloud normalization, fundamental steps in preparing a 3D forest point cloud for segmentation.

To enable efficient processing of large point clouds, our tool will integrate specialized data

structures (i.e., Stellar tree [199]) designed for encoding and handling billions of dense 3D

points. We will also provide a generic interface for users, including wrappers for commonly used

programming languages like Python and R, along with pre-built executable tools. Therefore, such

an open-source library will broaden the adoption of TTS approaches within scientific communities,

facilitating scientific discoveries in forest ecology and biodiversity studies.

6.2.2 Individual tree reconstruction

We plan to design a point-based tree reconstruction method from our extracted single-

tree point clouds, after reviewing the existing tree reconstruction methods in Chapter 5.2. The

proposed method will follow the clustering-and-fitting strategy. TTS-TLS segmentation method

already shows the capability to segment a single tree into tree components in the noise points,

where we merge different tree parts to form the complete individual tree point cloud. Moreover,

the connections among tree objects are already available from the critical point network by Morse
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theory (see Section 3.3.2). Thus, tree components’ geometry and topology information can be

determined by TTS-TLS. The fitting step on the clustered points will be achieved by α-complex,

which has demonstrated good delineation results of tree stems and trunks in our segmentation

experiments. We will also apply weighted α-complex [111] to achieve solid modeling of trees

while the weight can be adaptive to the varying point density and have models with high levels of

detail (LoD) [11]. Lastly, post-processing to check biology features (i.e., branches attached to the

trunk) will be employed to ensure reasonable and realistic results. Because of the topology-based

segmentation method, we can easily retrieve the topology and geometry information at the point

level and tree components (e.g., clustered points with TTS-TLS segmentation results), which will

help run the biology check. Moreover, biological characteristics (i.e., symmetrical features) can

also help us fill missing parts in the points. In the end, the proposed tree modeling will finish

the automated pipeline of forest point cloud analysis and strengthen the ability to accurately and

non-destructively estimate several tree attributes, such as wood volume, branching structure, and

above-ground biomass [20], which will support more scientific discovery in forest and ecology

studies.
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