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Abstract

Detailed forest inventories are necessary for almost all modern activity related to
managing forests, from responsible harvest planning to modeling and regulating
atmospheric C'O,. Remote sensing data is extensively used to facilitate conducting
such inventories over extensive areas, which are unfeasible for traditional manual
forest inventories. The current state of commercially available sensors allows for very
detailed observations, unlocking the possibility of working on the scale of individual
trees but requiring robust algorithms for detection and segmentation of individual
trees in multimodal data. Such algorithms already exist for forests that are either
sparse or predominantly coniferous, but robustly segmenting dense mixed forests
with complex canopy structures remains an open problem. Targeting UAV-based
LiDAR point clouds augmented with RGB orthophoto data as the main input source,
I present my work on a framework that uses deep learning to segment point clouds
over dense mixed forests into individual trees and post-process the segments with
a collection of specialized classic machine learning models to predict the required
forest attributes for each individual tree. I use original datasets of a detailed forest
inventory covered by UAV LiDAR and RGB orthophoto surveys and a collection of
manually extracted point clouds of individual trees collected in Perm Krai, Russia, to
train the segmentation network and the attribute prediction models for classifying
and regressing individual trees into the required parameters. The segmentation
network is trained on patches of synthetic forest constructed from point clouds of
individual trees, heavily relying on data augmentations to mitigate the drawbacks of
a having a small dataset and make the synthetic forest look more realistic. The thesis
contains a description of the design, implementation, and experimental verification
of the proposed framework, as well as recommendations for further improvements.
Both datasets were released into open access during the work on this thesis. The
code is also open-access.
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Chapter 1

Introduction

This chapter aims to give a general introduction to the research project and put it
into wide scientific and societal context. It defines the main research question and
the hypothesis, and gives a high-level overview of the proposed framework. It also

provides the links to the original datasets and the code.

1.1 Context

Forests are a crucial part of the global ecosystem, both environmentally and eco-
nomically. They cover a third of the land area, contain over 80% of terrestrial
biodiversity, and somewhere around one-third of humanity depends on forests and
forest products for their livelihoods [Aerts and Honnay, 2011, Sta, 2020]. Forests
are an essential renewable natural resource and a huge, dynamic part of the global
carbon cycle. Figure 1-1 offers a map of the global tree coverage based on data from
Hansen et al. [2013] to highlight the extent of forests on the planet. Responsible
management of forests allows using the resources efficiently and sustainably, preserv-
ing the biodiversity, and regulating atmospheric C'O,, which is becoming especially
important as the anthropogenic climate change is ongoing and accelerating [Fahey
et al., 2010, Forster et al., 2024]. This drives the need for accurate, detailed, up-to-
date information about various forest attributes such as distributions of tree species,
average heights and ages of trees, estimates of trunk diameter, timber volume, and

above ground biomass, and others.
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Chapter 1. Introduction 1.1. Context

The traditional manual forest inventories that rely on people going out into
the forest to count and measure trees will always remain the most reliable and
accurate way to assess forest parameters [Burley et al., 2004]. However, they are
also extremely labor-intensive and time-consuming, which makes them infeasible to
cover extensive areas with sufficient detail, speed, and frequency. They will always be
required for quality assessment and validation of any indirect method of estimating
forest parameters through remote sensing, but better methods of estimation will
help to reduce these the time and effort. This is especially relevant in countries
where massive areas are covered by forests, such as Russia, Brazil, Canada, USA,
and China, which are the top five countries for forest area according to Glo [2020].
For that reason, various remote sensing techniques are widely used to extend and
extrapolate the traditional forest inventories. All sorts of data, from satellite and
aerial imagery to very detailed terrestrial Light Detection and Ranging (LiDAR)
surveys, are used in all sorts of applications that require mapping forest attributes.
Some such applications are mentioned in the next chapter dedicated to reviewing
the literature.

Many national space agencies even provide open access to satellite data that can
be used for mapping forests. European Space Agency offers free and open access?
to the Sentinel missions through its Copernicus Data Space Ecosystem platform,
including C-band synthetic aperture radar (SAR) data from Sentinel-1 and medium-
resolution multispectral data from Sentinel-2, both with global coverage. They also
have an upcoming P-band SAR mission called BIOMASS, designed specifically to
study global forest biomass and carbon cycles [Quegan et al., 2019|, which further
indicates the growing importance and interest in the topic of forest mapping. NASA
provides free access to an abundance of satellite data through its Earthdata plat-
form, Landsat mission with the Operation Land Imager (OLI) instrument and Terra
mission with the Moderate Resolution Imaging Spectroradiometer (MODIS) instru-
ment being the most relevant for forest mapping applications. The Indian Space

Research Organisation, Brazilian National Institute for Space Research, National

! Although the access is not open for everyone equally, as I have observed silent bans of the
accounts connecting from Russian IP addresses without any response to support inquires in the
previous platform, and an outright IP ban in the current one.
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Figure 1-1: Global tree cover for 2010. Area occupied by tree canopies relative to
the total area of the pixel. Data from Hansen et al. [2013]

Space Research and Development Agency of Nigeria all offer free satellite data that
can be used for this purpose. NASA and ISRO also have a joint upcoming mis-
sion called NISAR with two fully-polarimetric SAR sensors at L-band and S-band
|[Kellogg et al., 2020|, which will benefit forestry applications greatly.

The open satellite data is an essential tool for wide-area studies, but it usually
has coarse resolution (tens to hundreds of meters per pixel), which limits the achiev-
able accuracy and level of detail. It also offers no ability to control the observation
parameters, as they are fixed by the instrument configuration and orbit parameters,
both of which are outside the data consumer control. Higher resolution data with a
limited ability to control the acquisition parameters is available commercially, but
the prices are steep. Aerial observations with sensors mounted on planes or heli-
copters are both more controllable and cheaper alternatives, although still expensive
and sill limited in the flexibility of the control of acquisition parameters. A much
more affordable and controllable alternative is UAV-based observation. It allows for

fine-grained control and on the fly adjustment of many important parameters such
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Chapter 1. Introduction 1.1. Context

as flight height, flight path overlap, combination of used sensors, and so on.

The most common way to use UAV remote sensing, be it LiDAR, multispectral,
hyperspectral, or other data modalities, for mapping forest attributes in industry is
what is known in the LiDAR community as the area-based approach, described in
detail in Section 2.3. It is based on extrapolating measurements from ground plots
made in traditional inventories by aggregating remote sensing data to the grid with
cell area of a ground plot, which results in coarse resolution maps. It is easy to
use, but its results are often not detailed enough when working on smaller scales.
However, modern sensors and processing techniques allow working on the level of
individual trees without any aggregation on data level. This is as detailed as a survey
can possibly get, allowing for any level of aggregation for downstream tasks. This
requires robust algorithms that allow detecting individual trees in dense multimodal
data. The task is relatively? easy in urban environments, manually planted and
managed forest stands, or forests that are either sparse or predominantly coniferous,
where the structure of the canopy is easy to interpret. In some such environments,
state-of-the-art results can be achieved by simple local maxima detection algorithms,
that rely on the assumption that a tree can be detected by finding peaks of canopies
because they correspond to tree tops. Forest that are mixed and dense, which are a
huge part of forests in countries mentioned earlier, are much harder to work with and
are a very active area of research for developing methods of detection of individual
trees. The canopies in such forests are very complex, especially because the top of
the crowns of deciduous tree species often do not have a single pronounced height
maximum, and crowns of nearby trees often overlap.

The framework described in this thesis focuses on the fusion of two remote sens-
ing data sources, UAV LiDAR point clouds and UAV RGB orthophotos, to detect
individual trees in dense mixed forests and predict required attributes for each tree
individually, producing the most detailed maps possible. The choice of data sources
is driven by their complementary nature, which is key for semantically parsing such

complex environments. LiDAR is an active sensor, which means it does not depend

2The word relatively does a lot of heavy lifting here, as the problem is by no means easy on its
own and takes a lot of effort from many researchers to continue to make progress on.
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Chapter 1. Introduction 1.2. Research question and hypothesis

on external conditions such as lighting. Cloud and terrain shadows, incidence angles,
and weather conditions do not affect LiDAR surveys. Moreover, LiDAR provides 3D
vertical structural information about the forest, as laser pulses penetrate the canopy
and reach both the undergrowth and the ground. This structural information is es-
sential for understanding complex environments like dense forests. High-resolution
RGB imagery does depend on the illumination conditions, but is still an invaluable
tool, as it offers detailed data with fixed resolution, continuous coverage of sur-
faces, unlike the discrete representation of laser scanning, and captures many fine
details and textures. It can also benefit from a huge variety of well-established tools
and processing techniques from the field of computer vision. Neither of these data
sources on their own is enough to reliably and with sufficient robustness separate
individual trees in dense mixed forests, and the key to success lies in their fusion.
According to the Design Research Methodology framework [Blessing and Chakrabarti,

2009], this research project can be classified as type 3: Development of Support.
The Descriptive Study I is review-based, as understanding of the existing situation
is obtained primarily from the literature review, and the most focus is on the com-
prehensive prescriptive study, followed by an initial Descriptive Study II to evaluate

the results.

1.2 Research question and hypothesis

The main research question could be formulated as follows: "How to reduce effort
and cost required for detailed inventories of dense mixed forests without losing ac-
curacy?" The main hypothesis is then: "An accurate and detailed inventory with
reduced effort and cost can be achieved through fusion of UAV LiDAR and RGB
data using machine learning". The benchmarks to measure against are both the
traditional manual forest inventory and the widely used area-based approach.

Cost and effort are closely connected, as any effort is in the end converted to
cost. Still, it often makes sense to separate the two to highlight the nature of the
effects the proposed system should have. The cost reduction was partly addressed

in the previous section during the discussion of the platform of choice: UAV-based
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Chapter 1. Introduction 1.3. Overview of the framework

remote sensing offers a great balance of upfront cost, effort to operate, and versatility
in observation parameters. The effort reduction comes from greatly decreasing the
amount of field inventory data required when using the proposed system, from the
relative ease of collection of remote sensing data compared to alternatives, and from

relative ease of tuning the system to operate in new areas.

1.3 Overview of the framework

The thesis describes a framework — details a possible way that a system for estimat-
ing forest parameters on the scale of individual trees can be built, with a relatively
accessible amount of data and effort. Potential ways to create all the components
a system like that needs are described, as well as the way they are assembled into
a complete system. The heart of the proposed approach is the reduction of effort
required for data collection for training a tree segmentation model. It is achieved
by circumventing the need to create very labor-intensive datasets of fully segmented
point clouds of forests where each point is assigned an ID of the tree it belongs to by
using a significantly easier to create data of individual trees extracted from a larger
point cloud of a forest. The individual trees are then arranged into synthetic forest
patches, in which the per-point tree ID labels arise naturally from ordinal numbers
and positioning of the trees within a patch, creating a reasonable alternative to
manual segmentation.

The proposed framework consists of neural network-based tree segmentation in
UAV LiDAR point clouds enhanced with RGB orthophoto-based features, with fur-
ther processing of the segments using a collection of specialized classic machine
learning models that predict the parameters of interest for each detected tree. The
tree segmentation model is trained on synthetic forest patches constructed from a
dataset of point clouds of individual trees extracted manually from a large UAV Li-
DAR survey, heavily relying on augmentations to make the synthetic forest closer to
real forest. The parameter prediction classification and regression models are trained
on the same dataset of individual trees, each specializing in a single parameter of

interest that is available for the extracted tree — species, dbh, etc.
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Chapter 1. Introduction 1.3. Overview of the framework

The most important parts of the framework are the approach to generation of
data for training the tree segmentation network and the arrangement of the compo-
nents into a single system. All other components can be swapped with different ones
that serve a similar purpose. In fact, as mentioned in Section 5.1, such replacement
are encouraged to improve the system. For example, the example implementation
described in the thesis uses PointNet++ as the backbone for the segmentation net-
work, but any other architecture that can operate directly on point clouds and out-
put per-point predictions can be used instead. Using a more modern and powerful
architecture will be beneficial, as the PointNet++ was chosen for ease of implemen-
tation and experimentation. Similarly, the specialized parameter prediction models
in the example implementation are Random Forests trained using a collection of
widely used manual point cloud features. Models trained on better feature sets, or
any other models that can reduce a point cloud to a single prediction can be used
instead, even neural network ones, even though the source dataset will probably
need to be considerably larger for training even a small network.

Figure 1-2 is a schematic representation of the framework, showing the required
inputs in red, processing steps in yellow, and artifacts in cyan. The field inventory is
phased out, but it is still required, as application of any framework requires quality
assessment and validation. The system consists of a trained tree segmentation neural
network and a collection of trained attribute prediction models. The inputs for
the framework are a UAV LiDAR point cloud and an RGB orthophoto. The point
cloud is preprocessed by removing duplicates and noise points, classifying the ground
points, and normalizing height. The orthophoto is processed by a feature extractor
that encodes context information, and the planar coordinates of points of the point
cloud are used to sample the orthophoto to combine both data sources into one. The
tree segmentation neural network is then applied to the augmented point cloud to
separate it into individual trees. The segments are then processed by a collection of
specialized models, each predicting a single parameter of interest, like tree species,
diameter at breast height, or others. The overall results are both the map with
locations of individual trees, that can be created by reducing the segments into

single planar points, and the required predictions of the parameters for each of the
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Figure 1-2: The schematic representation of the framework in the application stage.
The required inputs are a UAV LiDAR point cloud and an RGB orthophoto used to
augment the point cloud. The augmented point cloud is segmented into individual
trees by the segmentation neural network. The segments are then processed by a
set of specialized tree parameter prediction models.

trees.

Figure 1-3 is a schematic of the preparation step for the framework. Each indi-
vidual node is described in detail in Chapter 3. To create a working implementation,
a manual forest inventory covered by a UAV LiDAR point cloud and an RGB or-
thophoto are required. The inputs are used to create a dataset of point clouds
of individual trees — which is significantly easier than to fully segment the point
cloud into individual trees. This dataset is then used for generating synthetic forest
patches for training the neural network and for training the tree parameter predic-
tion models. The trained models are then used during inference as described in the

previous paragraph.

1.4 Thesis Structure

Chapter 1 - Introduction The Introduction chapter aims to give a general in-
troduction to the research project and put it into wide scientific and societal
context. It defines the main research question and the hypothesis, and gives
a high-level overview of the proposed framework. It also provides the links to

the original datasets and the code.
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Figure 1-3: The schematic representation of the framework in the preparation stage.
The required inputs are a manual forest inventory and a UAV LiDAR point cloud
and an RGB orthophoto that cover it. The inputs are used to create a dataset of in-
dividual tree point clouds used for generation of synthetic forest patches for training
the segmentation network and for training the parameter prediction models directly.
The resulting trained models are then used for inference as shown in Figure 1-2.

Chapter 2 - Literature Review The Literature Review chapter aims to give an
overview of the scientific literature on topics most relevant to the project. Its
main goals are to provide the reader with context for the research described
in the thesis, provide references for in-depth materials on topics that are out
of scope of this work, and to highlight the research gap that the work tries to

address.

Chapter 3 - Materials and methods The Materials and Methods chapter de-
scribes in detail the datasets, methods and methodological choices used in the
proposed framework. Its aim is to make the work reproducible and to explain

the methodological choices made.

Chapter 4 - Results The Results chapter describes the results of each stage of
the framework preparation and the validation approach used to verify its ap-

plicability and effectiveness on realistic data.

Chapter 5 - Conclusion The Conclusion chapter offers a brief summary of the
thesis as a whole, potential perspectives for further improvement of the pro-

posed framework, and some concluding thoughts.
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Chapter 1. Introduction 1.5. Data and code availability

1.5 Data and code availability

Original datasets described in the thesis are openly available on Kaggle here and
here. All the code used for the project is available on GitHub at iod-ine/phd. An
HTML version of this thesis is hosted through GitHub Pages and is available here.
The thesis document was developed using Quarto Allaire et al. [2024] using the lit-
erate programming approach Knuth [1984], and a link to an HTML version hosted
through GitHub Pages is available in the repository. The deep learning part is im-
plemented using PyTorch Ansel et al. [2024], PyTorch Geometric Fey and Lenssen
[2019], and PyTorch Lightning Falcon and The PyTorch Lightning team [2019], with
experiment tracking using MLflow. Classic machine learning models implementa-
tions are from scikit-learn Pedregosa et al. [2011]. NumPy Harris et al. [2020], SciPy
Virtanen et al. [2020], pandas The pandas development team, scikit-image van der
Walt et al. [2014] libraries are used for processing the data. ratserio Gillies et al.
[2013/], geopandas, laspy, lazrs libraries are used for working with geospatial data
formats. matplotlib Hunter [2007] and seaborn Waskom [2021] libraries are used for

visualization.

21


https://www.kaggle.com/datasets/sentinel3734/tree-detection-lidar-rgb
https://www.kaggle.com/datasets/sentinel3734/uav-point-clouds-of-individual-trees
https://github.com/iod-ine/phd
https://iod-ine.github.io/thesis

Chapter 2

Literature review

This chapter provides an overview of the current state of literature on a variety of
subjects related to the thesis. Its main goals are to provide the reader with context
for the research described here and to highlight the research gap that the work tries
to address. Where appropriate, references for in-depth materials on topics that are

out of scope of this work are provided.

2.1 Remote sensing for forestry applications

As was mentioned in the introduction, remote sensing is widely used for extending
labor-intensive and time-consuming manual forest inventories. This section provides
examples of various remote sensing techniques used in various forestry applications,
before going in more detail into specifically UAV LiDAR and RGB, which are the
focus of the described framework.

Hansen et al. [2020] explore the usage of C-band SAR data from the Sentinel-1
mission for binary land use classification into forest/non-forest using a collection of
classic machine learning classifiers. SAR is an active sensor, making it independent
on external conditions and observation time, and it penetrates cloud cover, making
it very reliable during almost any weather. They report accuracies from 80% in the
worst case to the 93% in the best case, depending on the area of application.

Ferrari et al. [2023] use Fully Convolutional Networks [Long et al., 2015| for fusion
of multispectral Sentinel-2 and C-band SAR Sentinel-1 data for clear-cut logging
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detection in the presence of clouds, which limit the use of optical-only approaches
and are very common in tropical areas. They show that fusion performs better than
single-modality variant for pixels obscured by clouds. This combination of active
SAR and passive multispectral data is very common, as the sensors compliment each
other nicely, similarly to laser scanning and orthophotos.

Sinica-Sinavskis and Grube [2022| combine LiDAR point clouds with Sentinel-2
images to predict timber volume on a stand level. They use an unusual approach,
using Sentinel-2 images for species detection by clustering, LiDAR point clouds for
estimating tree counts and average tree heights, and combining them into two vari-
ables used to fit the final regression models. The reported relative root mean squared
error (RMSE) values are 14-22%, with errors larger for deciduous tree species.

[larionova et al. [2021] use multispectral satellite imagery for mapping dominant
tree species. They utilize a hierarchical set of binary classification neural networks,
first separating the image into forest /non-forest, then separating the forest into conif-
erous and deciduous, and finally separating deciduous forest into aspen and birch
and coniferous into spruce and pine. The proposed approach achieved a significantly
better Fj-score than straightforward multiclass classification: 0.84 versus 0.70.

[larionova et al. [2022] use 5-meter resolution WorldView-2 VNIR data to predict
canopy height with a convolutional neural network. They use airborne LiDAR data
to create the canopy height map used as the target for training the model. They
achieve a mean absolute error of 2.4 meters and show that the predicted canopy
height map can be successfully used as an additional input for the tree species
classification task.

LiDAR has been used for forestry applications for a long time, with publications
on the topic dating back 40 years. Nelson et al. [1984] is one of the earliest studies
that explores usage of airborne LiDAR for measuring forest canopy profiles and
estimating tree heights and canopy closure (a measure of forest canopy coverage
that indicates what proportion of the sky is obscured by the tree crowns when
viewed from the ground). Nilsson [1996] is a study looking into tree height and
timber volume estimation using airborne LiDAR across a range of point densities

and seasons on a coniferous forest stand. Neesset [1997a] and Naesset [1997b| are
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studies exploring the use of airborne LiDAR for estimating mean tree height and
timber volume, suggesting the ways to correct the systematic underestimation of
height and showing how regression on LiDAR-derived metrics can predict volume.
Carson et al. [2004] offers an overview of some of the applications and approaches

and a summary of contemporary state-of-the-art.

2.2 Machine learning and deep learning on point
clouds

The reader is assumed to be familiar with general concepts of machine learning
and deep learning. For an introduction or a refresher, one of the best resources is
Goodfellow et al. [2016]. For a more detailed exploration, Wang et al. [2020] offer a
selection of papers on topics relevant to modern deep learning techniques. As point
clouds are a less well-known modality in machine learning and deep learning, the
reader is also referred to Bello et al. [2020] and Guo et al. [2021], offering detailed
reviews of the deep learning approaches used in various problems related to pro-
cessing point clouds. Figure 2-1 is a high-level taxonomy of these approaches. Two
main groups are structured grid-based, which rely on transformation of point clouds
into regular structures that are then processed by 2D or 3D convolutional neural
networks, and raw point cloud based, which consume point clouds directly. There
are also more modern and powerful approaches, like the transformer-based Point
Transformer [Zhao et al., 2021, Wu et al., 2022, 2024b| that utilizes the power of the
attention mechanisms that dominates natural language applications and performs
well in computer vision. Another novel addition is PointMamba [Liang et al., 2024],
another architecture popularized in the natural language processing domain, aiming
to improve on the transformer architecture by using a less computationally complex
algorithm called state space model. The section is focused on providing a very short
overview of these topics as it relates to the framework that is the focus of the thesis.

Classic machine learning approaches rely on feature engineering: manual prepa-
ration of features used as inputs for models based on domain expertise and various

feature selection techniques. Two main groups of tasks are per-point predictions,
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Figure 2-1: A high-level taxonomy of deep learning approaches for point clouds.
Figure from Bello et al. (2020)

which is in many ways similar to the task of semantic segmentation of images, that
requires per-point features, and per-cloud predictions that either process entire point
clouds or individual segments, separated by some preprocessing routine. Weinmann
et al. [2013| show that careful selection of features is crucial for accurate and efficient
semantic interpretation of point cloud data: a shotgun approach of using many sim-
ple features without much consideration results in worse performance than a surgical
approach of using a few carefully selected ones. They also provide definitions of some
of the most used manual features that aim to describe the 3D structure of point sets.
The features are based on combinations of eigenvalues of local covariance matrices of
coordinate vectors of a set of points. They can be calculated on a per-point basis by
using fixed-size or nearest-neighbor neighborhoods, or for whole segments of point
clouds. The used features were originally introduced by West et al. [2004], Pauly
et al. [2002], and Mallet et al. [2011], and include linearity, planarity, and scatter,
aiming to indicate the presence of a linear, planar, or volumetric structures, and

also omnivariance, anisotropy, eigentropy, the sum of eigenvalues, and curvature.
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The formulas for the features are provided in Section 3.5, where they are used for
training parameter prediction models for segmented trees. Simpler features, that
are especially often used in area-based approach, include various statistics describ-
ing height and reflection intensity distributions of points, like percentages of points
above mean height, deciles of height, cumulative percentages of points below height
deciles, and others. Since many LiDAR sensors can record multiple reflections from
a single pulse, features that use the reflection numbers are also often used, i.e.,
relative return number and total number of returns.

Point clouds are by their nature irregular, and non-uniform point densities across
the cloud often become a problem for both manual feature creation and represen-
tation learning as part of a deep learning model. Many researches explore ways to
handle this non-uniformity. For example, Ozdemir [2021] proposes a framework for
semantic segmentation of photogrammetric point clouds in urban environments, the
key components of which are voxel-grid filtering-based downsampling for equaliz-
ing the point density across the cloud, manual addition of geometric features in a
nearest-neighbor neighborhood, and processing the result with a convolutional net-
work for assigning labels to each point, followed by a post-processing step to upscale
the labels back to original point cloud size.

The first deep learning model to work directly on point clouds without construct-
ing any intermediate representation that can be processed by convolutional models
is the PointNet introduced by Qi et al. [2017a]. Figure 2-2 shows its architecture. A
critical aspect of any model that aims to operate directly on point clouds is permu-
tation invariance, as point clouds are unordered sets, and shuffling the points does
not change the point cloud semantically. PointNet achieves that invariance by using
a combination of shared multilayer perceptrons (MLPs) to process point coordinates
and features and max pooling for construction of global feature vector. That feature
vector can then be used directly for point cloud classification tasks, or concatenated
with point features and processed further by shared MLPs for per-point predictions.

Qi et al. [2017b] introduces PointNet++, aimed to address the main drawbacks
of the original PointNet model, namely the use of only two scales for context encod-

ing — per-point and global, which limits the ability of the model to respond to local
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Figure 2-2: PointNet architecture. Figure from (Qi, Su, et al. 2017)

structures and fine patterns and thus work in complex scenes. To address this, Point-
Net-++ uses a hierarchical architecture that applies PointNet recursively on nested
subsets of the original point set, allowing to learn features on multiple increasing
scales. To achieve that, network uses stacked set abstraction layers, that first sam-
ple a subset of the point cloud using farthest point sampling — an algorithm aimed
to create representative subsets even for point clouds with uneven point density
that selects the next point by maximizing its distance to already selected set — then
constructs a neighborhood around each selected point using either fixed distance or
fixed number of neighbors, and finally applies PointNet to each neighborhood to
reduce into a feature vector for the sampled point. Then, similar to the original
PointNet, the subset can be further reduced to a final global feature vector used for
point clouds classification, or passed to an upscaling branch with skip-connections
and k-nearest neighbors interpolation to upscale the features to the original point

cloud coordinates. The architecture is visualized in Figure 2-3.

2.3 Area-based approach

The most common way to use LiDAR for mapping forest attributes is the area-based
approach (ABA) [White et al., 2013]. Figure 2-4 shows its schematic representation.
It consists of a LIDAR survey covering the whole area of interest and a manual forest

inventory providing ground truth data for fitting statistical models and validating
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the results. The inventory usually consists of many circular ground plots with every
tree within counted and attributes of interest either directly measured or calculated
and averaged. The point cloud is clipped by the extents of the ground plots, and for
each plot it is reduced to a collection of manually selected metrics. The metrics usu-
ally include descriptions of the height distribution of the points, but often reflection
intensities and other sensor-provided information is used as well, such as the return
number, the number of returns, etc. (a brief discussion on the use of intensity-based
features can be found in Section 3.1). In general, any summary statistic that can
be derived from a collection of points can be used, including features mentioned in
Section 2.2. These metrics are then used as input features for fitting regression and
classification models to predict the forest attributes measured on the corresponding
plots. The same metrics are calculated for the entire area of interest, using a grid
with a cell size similar in area to the area of a single ground plot. The models are
then applied to the grid, generating an extrapolation of the required attributes.
Area-based approach is extensively used both in research and in industry because
it provides many advantages. It is relatively easy to implement. In fact, basic
familiarity with the R programming language is enough to create your own area-
based approach pipelines since a full, scalable implementation exists in the 1idR
package [Roussel et al., 2020]. It is also straightforward to extend with other data

sources such as satellite or aerial images, and it works even with sparse data: for
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successful plot and stand level modeling point densities as low as 0.5 points per
square meter have been reported to be enough |[Treitz et al. [2012]; Jakubowski et al.
[2013]]. Still, it requires a lot of field inventory data to work, since every ground
plot becomes a single example for the models. The models that can be used are
also relatively simple, because of how expensive the data collection is. Data-hungry
approaches like neural networks usually do not have enough data to train. The
results are also very coarse — predicted on a grid with the size defined by the area of
a plot (a common plot shape is a circle with 9-meter radius, which is approximately
equivalent to a square grid cell with 16-meter side). This is why they are usually

further aggregated to stand level.

2.3.1 Examples of studies using ABA

As mentioned, area-based approach is used widely both throughout industry and
research. I have personally taken part in a couple of projects where it was used for
mapping forest attributes on large scales. This subsection offers some examples of
its continuing use in research.

Bouvier et al. [2015] suggest a set of 4 metrics they use to fit models for predicting
timber volume, above ground biomass, and basal-area on stand level, instead of most
commonly used metrics based on the distribution of height. Their metrics are aimed
to capture different aspects of the canopy geometry. The authors argue that usage
of a very limited set of carefully engineered diverse metrics results in improvement
of model generalization ability without loss of accuracy.

Zhang et al. [2023] use a modification of the area-based approach to predict
plot-level diameter at breast height (dbh) by utilizing known allometric dependen-
cies between tree height and dbh to limit the size of the hypothesis set for fitting
regression models. They use airborne LiDAR measurements with an average density
of 9.6 points per square meter and report a relative error of 11

Vermeer et al. [2023] use a U-Net [Ronneberger et al., 2015] image semantic seg-
mentation model on LiDAR-derived 1-meter resolution digital terrain models and
canopy height maps to predict the distribution of three main tree species in a Norwe-

gian forest. They achieve a macro F; of 0.70 when including the background class,
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and 0.63 when including only the target species classes, as evaluated on independent
field inventory plots.

Kc et al. [2024] is a classic example of an area-based approach study utilizing
airborne LiDAR survey to predict forest above ground biomass. They use a set of
32 metrics derived from height distribution of points, an automatic feature selec-
tion procedure, and two regression models: linear regression and Random Forest to
compare the results. They report coefficients of determination of 0.85 and average

errors around 83 tons per hectare.

2.4 Individual tree-based approach

With the constant improvement of accessibility and quality of high-resolution remote
sensing data, there is a growing interest in the development of methods that operate
on the scale of individual trees. This subsection gives an overview of some of the
research in this area, split by the main data source.

Li et al. [2012] developed a well performing algorithmic method for segmentation
of individual tree crowns in LiDAR point clouds for coniferous forests that relies on
the point shape characteristic of many coniferous species and segments the trees
from top to bottom.

Lucas et al. [2019] use the set of eigenvalue-based features calculated for each
point in a fixed-radius neighborhood, with other geometrical features including max-
imum local height difference and height standard deviation, local radius and local
point density, to identify linear vegetation elements in segmented point clouds. They
also use two point-based features that do not rely on a neighborhood: the number
of returns and the normalized return number, proposed in Guo et al. [2011], and
use Random Forest classifier to separate the points that belong to vegetation after
first removing the planar features corresponding to grass, soil, and water surfaces.
The approach is somewhere in the middle between the area-based and individual
tree-based, but still is a useful example of application of classic machine learning to

segment out vegetation from larger point clouds.
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2.4.1 Image-only

Many approaches rely only on images, mostly high-resolution RGB and multispectral
ones, but lately also hyperspectral. The main advantage of such approaches is a well-
established and well-known toolbox in terms of both algorithmic processing and deep
learning, as many of the most important deep learning milestones were achieved in
the field of computer vision. They also can rely on consistent resolution, capture
of fine details and textures, and continuous representation of sensed environments.
The main disadvantages were mentioned in the introduction: passive sensors rely on
the sun as the source, and thus greatly depend on lighting such as cloud and terrain
shadows, time of day, season. They also offer no information on vertical structure.
Still, they are very popular and achieve outstanding results in many environments.

Weinstein et al. [2020] introduces a Python package for training and inference
of ecological object detection neural networks in airborne imagery. It uses a con-
volutional object detection network described in Weinstein et al. [2019] to predict
bounding boxes for individual trees. The data the model is trained on is not as
dense as the forests that are the target of this thesis. Moreover, the model requires
fine-tuning to be applicable to new data, which greatly limits its applicability, since
developing bounding box annotations for individual trees within dense forests is an
extremely tedious and labor-intensive task.

Lassalle et al. [2022] use high-resolution satellite imagery to delineate individual
tree crowns in mangrove forests by using DeepLabv3-+-based Multi-Task Encoder-
Decoder network (MT-EDv3), originally proposed by La Rosa et al. [2021], to predict
for each pixel the distance to the tree crown border. This distance map is then
enhanced by applying the Laplacian over Gaussian filter, and finally the watershed
segmentation algorithm is applied to delineate individual crowns. The approach
seems to rely on there being semi-clear separation between the tree crowns, which
is rarely the case when the forests are dense and mixed.

The same network was also successfully used to map tree species in tropical urban
environment in Rio de Janeiro, Brazil in Martins et al. [2021]. They develop a post-
processing approach to combine the semantic segmentation map and the distance

map to classify tree species with an average Fij-score of 79.3% and resulting in a
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realistic tree species map.

Osco et al. [2020] use a convolutional neural network on UAV multispectral
images to count citrus trees in an orchard by predicting a confidence map that
shows the likelihood of each pixel containing a tree. They report Fj-scores of up to
0.95, which is impressive even for managed stands.

Ventura et al. [2024] describe a network they call HR-SFAnet, consisting of a
VGG-16 [Simonyan and Zisserman, 2014] backbone feature extractor, a confidence
head, and a parallel attention head, for detecting individual trees in urban en-
vironments using high-resolution multispectral images. The network is a deeper
modification of the SFANet proposed in Zhu et al. [2019] for counting the number
of people in photos. They report Fij-scores of 0.75, with average positioning error of

2.2 meters.

2.4.2 Terrestrial LIDAR

Terrestrial LiDAR surveys usually provide very dense and detailed point clouds.
Most importantly for the task of localizing individual trees, terrestrial measurements
always capture the trunks of the trees clearly. Tree trunks are very useful for tree
detection and segmentation, and there are many algorithms that use bottom-to-top
approaches that trace the trunks into the canopies.

Burt et al. [2018] introduce treeseg, a software package written in C++ for
extracting individual trees from LiDAR point clouds. Even though it is designed
and presented as a platform-agnostic method made to operate on both terrestrial and
UAV LiDAR point clouds, it relies on trunk detection, which is common for many
methods based on terrestrial LiDAR and often is not applicable to UAV LiDAR
data.

Lopez Serrano et al. [2022] introduce another software package called AID-FOREST
for fully automatic processing of terrestrial LIDAR point clouds based on trunk de-
tection. The software takes in a raw point cloud, performs all required preprocessing
steps, and runs an object detection neural network on a series of horizontal slices
to find cross-sections of trunks, and then processes the detection results from each

level to track individual trees.
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Allen et al. [2022] describe an approach for classifying terrestrial LIDAR point
clouds of individual trees extracted by treeseg using multi-view representation
based on Goyal et al. [2021] and a convolutional ResNet network [He et al., 2016].
They report high classification accuracies both overall and per-species on a dataset
of almost 2500 individual trees.

Wilkes et al. [2023] introduce TLS2trees, another automated framework for seg-
mentation of individual trees in terrestrial LIDAR point clouds, consisting of a set of
Python command line tools. The framework consists of three steps: preprocessing,
semantic segmentation, and instance segmentation into a set of individual trees. Af-
ter that, a set of attributes are computed for each tree. The software is designed to
be horizontally scalable (meaning it’s easy to speed up calculations by using more
machines doing them in parallel, as opposed to vertically, meaning by increasing
the computational resources available to a single machine) to address huge datasets
produced during terrestrial laser scanning surveys.

All these software packages are impressive, but non-applicable to the data de-
scribed in this work.

Viana et al. [2022] use a small dataset to compare tree-level inventory metrics
extracted from a terrestrial LiDAR survey and from a manual inventory. They
report very good results, showing that terrestrial LIDAR can serve as a replacement
for manual inventories in diverse secondary forests (secondary forests are forests that
regenerate naturally after significant disturbances like logging, storms, or fires).

Nurunnabi et al. [2024] offer a compelling example of how detailed terrestrial
LiDAR point clouds can be used to provide very detailed analyses on tree level. The
authors report high accuracies on the task of segmenting the point clouds into wood
and leaf points by utilizing geometric features mentioned earlier to locate linear
and non-linear areas. They then apply an octree-based segmentation algorithm to

develop a precise 3D structure of a tree.

2.4.3 UAV LiDAR

A common approach to utilize LiDAR point cloud data for tree detection is by calcu-

lating canopy height maps (CHMs) — images where each pixel represents the height
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of vegetation — and applying the same techniques as for image-only approaches.

A substantial number of different tree detection algorithms are variations of the
local maxima filter, differing in what the filter is applied to, how many times, with
what windows, and how the results are combined or preprocessed. For example,
Douss and Farah [2022] offers an exploration of how different window size functions
for the local maxima filtering applied to LiDAR-derived canopy height maps affect
the quality of individual tree detection. They show that for a moderately dense
forest in France, it is possible to find the parameters for the local maxima filter
window that produce satisfactory results. It is, however, clear that it requires great
deal of manual adjustment, and visual inspection of the results of detection makes
it clear that they are only locally consistent. Any change in the canopy structure
patterns noticeably affects the quality of the detection even for sophisticated window
functions.

Lisiewicz et al. [2022] propose a way to improve the results of canopy height map-
based individual tree segmentation algorithms. Their approach consists of three
steps. The first step is the classification of segments into correct, under-segmented,
or over-segmented using a Random Forest classifier, the second step is the refinement
of under-segmentation errors by re-segmenting them with adjusted parameters, and
the last step is the refinement of over-segmentation errors by merging with the
correct segments using an algorithmic approach based on a collection of intensity-
derived features. The authors suggest that this approach is universal in terms of
forest composition and complexity, unlike many other ad-hoc correction methods
based on the study area and thus non-generalizable.

Wang et al. [2023] propose a two-stage network they call Tree Region-Based
Convolutional Neural Network (RCNN) to detect trees in UAV LiDAR point clouds.
The first step is generation of dense anchors across the point cloud that are then
processed by the RCNN to generate proposals for individual tree locations. The
second step involves multi-position feature extraction to refine the proposals. The
approach is evaluated on the NewFor benchmark [Eysn et al., 2015] and outperforms
all benchmark methods that come with it.

Fu et al. [2024] propose a method for segmenting individual trees in UAV LiDAR
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point clouds based on a multiscale adaptive local maximum filter applied to the
smoothed canopy height map to detect tree tops, a region-growing method for crown
delineation that are then refined by a voxel-based clustering algorithm. The method
is developed and tested on 21 synthetic plots and one actual survey, and the authors
report good accuracy for estimation of both tree locations and heights. Worth noting
that both the synthetic and real forest have relatively well-defined an unambiguous

canopy structure.

2.4.4 Fusion of data

Many works do not just use one data source and instead combine multiple compli-
mentary ones for better representation. This subsection gives an overview of data
fusion approaches for forestry applications on individual tree scale.

Lian et al. [2022] describe an approach for calculating individual tree biomass by
combining UAV multispectral, UAV LiDAR and terrestrial LIDAR data. Terrestrial
and UAV LiDAR are merged to get a more representative point cloud, showing the
trees equally well both from above and from the ground. The multispectral image
is used to generate a species classification map, which is then used to segment the
point cloud. The segmented cloud is then used to estimate diameter at breast height
and height and calculate above ground biomass.

Li et al. [2023] explore the contributions of multispectral images, very high reso-
lution panchromatic images, and LiDAR data during fusion on feature and decision
level for tree species classification using Support Vector Machine and Random Forest
classifiers on manually delineated tree crowns from an urban environment. They re-
port that fusion consistently improves the results over using each of the data sources
on its own. They also report that fusion on decision level resulted in the highest
overall accuracy metrics.

Balestra et al. [2024] offers a review of 151 publications concerning fusion of
LiDAR data with other remote sensing data. The authors report that in most
cases fusion improves the results. Most relevant to this thesis, they report that
for individual tree segmentation the results of fusion-based approaches compared to

LiDAR-only ones are consistently better. La et al. [2015] show an increase from
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63% to 92% for low-density forests, and from 62% to 70% for high-density forests,
Aubry-Kientz et al. [2021] show and improvement by 5%, and Zhen et al. [2014] and
Arenas-Corraliza et al. [2020] improved their results by 2-4%.

Ferreira et al. [2024] use a U-Net semantic segmentation model for fusion of VNIR
images and airborne LiDAR-derived feature maps including surface normals of the
canopies, reflection intensities, canopy heights, and leaf-area index for mapping tree
species in urban tropical areas. Their results show that adding LiDAR-based features
improves F'-scores across all considered species, with average F)-score 84.1. They
also use the segment anything model [Kirillov et al., 2023] to automatically segment
tree crowns with outstanding 98% boundary Fj-score.

Wu et al. [2024a] use a combination of high-resolution RGB images and LiDAR
to classify urban tree species by extracting seven different feature types and using a
Random Forest for pixel-level classification. They report on seven experiments using
different combinations of extracted features. The results show an improvement of

18.5% in accuracy when using fusion of LIDAR and RGB compared to RGB-only.

2.4.5 Summary

There is a lot of research going on currently on individual tree-level inventories us-
ing UAV remote sensing data. Most results that can be considered successful are
either in more mild environments, such as urban or managed forests, in predomi-
nantly coniferous forests, or use a much more detailed, but at the same time much
more labor-intensive data source — terrestrial LIDAR. Mild forest types usually have
canopy structures that are a lot easier to interpret, since the trees often stand far
enough apart to be separable. At the same time, they allow for much more signal
penetration, resulting in a good representation of tree trunks in the data, which
is tremendously useful for the task of detecting trees. Predominantly coniferous
forests, even dense ones, also have a canopy structure that is easy to interpret
because conifer trees have a characteristic triangle shape that results in spikes in
canopy height even when trees are standing close to each other. Terrestrial LIDAR
data is different from UAV LiDAR in the amount of detail and, most importantly,

the perspective. It surveys the trees from below, virtually guaranteeing the presence
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of trunks in the point clouds. Several fully automated approaches to detailed forest
inventories using terrestrial LIDAR data exist that rely on the detection of trunks. A
gap persists in solutions that would consistently work on UAV remote sensing data
over dense mixed forests, with complex overlapping canopies. The active nature and
the vertical structure information provided by LiDAR is essential in such complex
environments. At the same time, many results indicate that fusion of LiDAR point
clouds with other data sources consistently improves the results in forestry applica-
tions, which is why the proposed framework relies on fusion of LiDAR with RGB

imagery.
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Chapter 3

Materials and methods

This chapter describes in detail used datasets, processing techniques and the meth-
ods, and comments on the reasoning behind the choices. The code of the project on

my GitHub might be a helpful addition for that.

3.1 Lysva dataset

The main original dataset used in the study is the Lysva field inventory dataset,
named by the closest town to its location. The dataset is released into open access
with an accompanying paper that describes the data in detail and provides a basic
baseline for individual tree detection [Dubrovin and Fortin, 2024]. The study area
is located in Perm Krai, Russia, 86 kilometers to the east of Perm. The forest in
the region is natural, with the average age of coniferous trees over 85 years and
deciduous over 60 years. The dataset consists of a field inventory of 3600 trees
across 10 rectangular ground plots 100 meters in lengths and 50 meters in width
fully covered by a UAV LiDAR and RGB orthophoto surveys. Figure 3-1 shows the
locations of the ground plots over the full size RGB orthophoto and a visualization
of the field inventory for a single plot on top of the LiDAR point cloud. The low
vegetation areas visible on the orthophoto are naturally regenerating old logging
and agricultural sites. No artificial afforestation has been done in the area. Colored
points represent trees, with different colors mapping to different species. The point

cloud is visualized as a 2D scatter plot with points colored by height (darker points

39



Chapter 3. Materials and methods 3.1. Lysva dataset

A 0 200
[ —

58.190°N

58.185°N

58.180°N

57.780°E 57.790°E 57.800°E

Figure 3-1: The study region for the Lysva field inventory dataset. Left: The
locations of field survey plot boundaries on a full-size RGB orthophoto. Each plot is
a 50 by 100 meter rectangle, with every tree with dbh of 6.1 cm or higher measured
and recorded. Buffered cutouts of the orthophoto come with the dataset, along with
LiDAR point clouds. Right: A close up of plot number 4. Each colored point
represents a single tree of a different species, on top of a point cloud colored by the
value of the height of each point (lower points are dark, higher points are bright)
and the same orthophoto. Note that the points of the point cloud are unsorted, and
some lower points overlap higher points. Figure reused from Dubrovin et al. [2024].

are lower, brighter points are higher, and points are unsorted — some lower points
end up over higher ones). The baseline is a simple one-pass local maxima filter
applied directly on the point cloud with a fixed window size.

The field inventory is a tabular dataset where every row represents a single tree.
According to the state-mandated requirements that were in place during the col-
lection of the data, all trees with dbh starting from 6.1 centimeters were included.
Table 3.1 shows a random sample of entries from the field inventory table. Every tree
is represented by a point in UTM 40N coordinate reference system (EPSG:32640).
The coordinates of the trees were determined using the South NTS-360R total sta-
tion with a reflector prism using the closed traverse method. The total station
measurements used two points basis determined using a dual-frequency South G1
Plus IMU GNSS receiver in Real-Time Kinematic (RTK) mode. The basis points

were selected to have reliable satellite signal. The average error of coordinate mea-
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surements is 10 centimeters, with a maximum of 30 centimeters. Every tree has a
species label and diameter at breast height (dbh), measured with calipers at 1.3 m
from the ground at two perpendicular directions and averaged. Figure 3-2 shows the
distribution of species in the data: the dominant species is spruce, but overall the
trees are evenly split between deciduous and coniferous, 1793 and 1807 respectively,
with seven species in total: spruce, birch, fir, aspen, tilia, alder, and willow. Ap-
proximately 20% of the trees have height data measured during the inventory, and
10% have ages measured on core samples, shown in the table in meters and years
respectively.

Table 3.1: Example of data in the field inventory table. Each row is a recorded

tree and is represented by a point in UTM 40N coordinate reference system
(EPSG:32640). Coordinates are not shown.

Plot Tree ID Species d; ds dbh  Age Height Angle Comment

7.0 111.0 Birch 23.0 23.0 23.00 - - 0.0 -
5.0 136.0 Fir 23.5 23.0 2325 90.0 17.5 0.0 Rotten
3.0 119.0 Aspen  36.1 42.1 39.10 89.0 25.5 0.0 -
9.0 345.0 Spruce 19.7 22.0 20.85 - 15.9 0.0 -
6.0 267.0 Spruce 129 129 1290 - - 0.0 -

The LiDAR sensor used for the survey is AGM-MS3 produced by AGM Sys-
tems. It has 640 kHz acquisition rate, 300-meter range, and spatial accuracy of
3-5 centimeters. The raw point clouds were processed with the combination of the
AGM ScanWorks software from the sensor vendor and the TerraScan software. The
point clouds were preprocessed by removing duplicate points and high and low noise
points. The duplicate removal was run with a threshold distance between points of 1
mm. Noise was removed by visually inspecting the point cloud and manually select-
ing height thresholds to cut off points that are lower than the ground or higher than
the canopies. Ground point classification was performed and ground points were
used to normalize height by subtracting the ground level from the Z coordinate of
every point. Height normalization allows treating the Z coordinate as height above

ground rather than the absolute elevation, which simplifies many subsequent steps.
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Figure 3-2: Distribution of species in the Lysva field inventory dataset. The domi-
nant species is spruce, but overall the split between coniferous and decidious species
is even: there are 1807 coniferous and 1793 deciduous trees. Figure reused from
Dubrovin et al. [2024].

The camera used to collect raw digital images for creating the orthophoto is Sony
A6000. Agisoft Metashape software was used to generate the orthophoto mosaic. A
canopy-height map was created from the LiDAR point cloud and used as a reference
for adjusting the planar coordinates of the orthophoto to align them. The resolution
of the orthophoto is 7 centimeters per pixel. Figure 3-3 is a 3D visualization of the
point cloud over plot number 10. It shows the unmodified point cloud on the left,
with points colored by height above ground, and a point cloud enriched with color
information by sampling the orthophoto at the planar coordinates of the points.
Figure 3-4 shows the orthophoto for the same plot. The carrier UAV used for the
LiDAR survey is DJI Matrice 600 Pro hexacopter. The speed during the survey was
10 meters per second. The UAV was configured to follow the terrain at 150 meter
height using the SRTM elevation map as a reference [Farr and Kobrick, 2000]. The
carrier UAV used for the orthophoto survey is the fixed-wing Geoscan 201 Geodesy.
The speed during the survey was 16.6 meters per second. Figure 3-5 shows the UAVs
used for the remote sensing data collections. Table 3.2 summarizes the sensor and

platform characteristics, as well as some of the acquisition parameters.
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Figure 3-3: A 3D visualization of the UAV LiDAR point cloud of plot 10.

Table 3.2: Summary of the equipment used for remote sensing data collection in for
the Lysva dataset.

LiDAR survey Orthophoto survey
Sensor AGM-MS3 Sony A6000
Resolution 37 points/m? 7 cm/px
Carrier UAV DJI Matrice 600 Pro Geoscan 201 Geodesy
Carrier UAV type Rotary-wing (hexacopter) Fixed-wing
Acquisition height 150 m 150 m
Acquisition speed 10 m/s 16.6 m/s

43



Chapter 3. Materials and methods 3.1. Lysva dataset

120

100

0
-

Relative coordinates [m]
= =h
= o

20

0 20 40 60 80
Relative coordinates [m]

Figure 3-4: A visualization of the orthophoto of plot 10.
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Figure 3-5: UAVs used for data collection (photos from vendor websites). Left: DJI
Matrice 600 Pro that was used for the LIDAR survey. Right: Geoscan 201 Geodesy
that was used for the orthophoto survey.

Table 3.3: Statistics for the plots in the Lysva dataset.

Plot Tree count Point density Dominant type

1.0 420 31.7 Deciduous
2.0 365 47.9 Deciduous
3.0 332 40.3 Deciduous
4.0 2061 33.5 Coniferous
5.0 208 14.2 Coniferous
6.0 290 39.1 Coniferous
7.0 408 41.9 Deciduous
80 341 35.5 Coniferous
9.0 459 42.1 Coniferous
10.0 518 42.9 Deciduous

Table 3.3 shows some descriptive statistics for each plot in the field inventory:
the number of trees in the plot, average LiDAR point density in points per square
meter, and dominant species type. The overall average point density is 37 points
per square meter. Exactly half of the plots are predominantly coniferous and half
are predominantly deciduous. Figure 3-6 shows two point clouds clipped by plot
bounds in 3D, highlighting the differences in canopy structure complexity between
predominantly deciduous and coniferous plots. The figure highlights that the forest

is indeed dense and mixed, with non-uniform, complex canopy structure.

On using intensity-based features

Even though some sources report intensity-based features as some of the most im-
portant ones Shi et al. [2018], the features seem to me unreliable in the context of

forestry because of the physics of light reflection. There are simply too many factors
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Figure 3-6: 3D visualizations of point clouds from plot 1 (predominantly deciduous)
and plot 6 (predominantly coniferous). Note the difference in the canopy structure:
it is relatively easy to tell conifers apart visually, while deciduous species do not have

pronounced shapes and are hard to discriminate. Figure reused from (Dubrovin and
Fortin 2024).

that affect the amplitude of the reflected signal, which might be useful when imaging
stable targets such as urban environments but become completely unpredictable on
highly unstable targets such as trees: they move in the wind in the time span of a
single survey, they grow in the time span between repeated surveys, the leaves and
branches are angled in every possible way. Moreover, the quality of the recorded
intensities highly depends on the used sensor. As an example, Figure 3-7 shows the
distribution of intensity values for every point in the Lysva dataset, and shows plot
number 10 in 3D with points colored by their recorded intensity. The distribution
of intensities seems like an artifact of faulty quantization (the fact that the maxi-
mum overall value is 63 makes me suspect it is stored by the hardware using a 6-bit
unsigned integer, probably an ad hoc optimization by the sensor vendor). With
this distribution in mind, it is not surprising that coloring points by their intensity
values results in images that look like noise, and there is no signal to be exploited
for predictive modeling.

Some sensors do provide more consistent values. However, relying on intensity-
based features limits the applicability of developed models and methods, as any such

model would surely fail on data like this.
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(a) Distribution of intensity over all points in

the Lysva dataset.
(b) A point cloud of plot 10 with points col-
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Figure 3-7: An example of the unreliability of the intensity attribute.

Comparison to other datasets

Our dataset is in many ways similar to the NewFor benchmark Eysn et al. [2015].
It serves the same purpose and also offers overlapping field survey ground plots
and UAV LiDAR point clouds. There are, however, many notable differences. The
NewFor benchmark covers much more diverse regions, including ground plots from
France, Italy, Switzerland, Austria, and Slovenia, while all our data comes from the
same area. The tree species covered by the datasets are also different: both contain
spruce and fir, but the NewFor data also has beech, Scots pine, larch, sycamore, and
poplar, while ours also has birch, aspen, tilia, alder, and willow. Our dataset has
more than twice as many individual trees as the Alpine benchmark, and the forest is
denser and more complex, making it more complicated to detect trees in. Our data
contains very mild terrain variations, while the slopes of the terrain in Alpine data
are very steep, which plays a role during height normalization, since subtraction of
steep terrain introduces artificial slope to the points in the canopy, changing the
overall shape of the tree. Our dataset has an additional information source — an
RGB orthophoto that allows development of algorithms that fuse multimodal data,

which, we believe, is a key to success in such complex environments. Our dataset
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has species labels for every surveyed tree, but only partial coverage of tree heights
and no timber volume information at all.

Another similar dataset is the NeonTreeEvaluation Benchmark Weinstein et al.,
which offers bounding box annotation for tree detection across a wide range of
different forest types. It offers coregistered RGB, LiDAR, and hyperspectral images
over 31,000 individual trees. The main difference in the reference data between
the NeonTreeEvaluation Benchmark and our dataset is the source: our data comes
from a field inventory and thus has additional tree information that can be used in
downstream tasks, such as species classification or timber volume prediction, while
the NeonTreeEvaluation Benchmark annotations are created from the RGB photo
and thus only offer the positions and sized of trees.

Another dataset is the IDTReeS 2020 Competition Data Graves and Marconi
[2020] aimed to develop algorithms for delineation and species classification of in-
dividual tree crowns in RGB, LiDAR, and hyperspectral data. It offers bounding
box annotations for 1200 individual trees covered by RGB, LiDAR, and hyperspec-
tral images in 3 national forests in the USA. Similarly, the source of the data is
annotation of images, not a field inventory.

There are also datasets available that do not have LiDAR point cloud coverage,
or use terrestrial LiDAR instead of UAV LiDAR, or use photogrammetric point
clouds instead of LiDAR point clouds. We do not mention them here because we

specifically focus on UAV LiDAR.

3.2 Individual tree point clouds dataset

The main dataset used for training the models is a collection of point clouds of
individual trees, sometimes referred to in this text as tree clouds, extracted manually
from larger UAV LiDAR point clouds. The dataset is released into open access,
and was originally presented in [Dubrovin and Fortin, 2024|, although it has been
expanded since and now contains twice as many individual trees. It consists of 394
trees, 192 of which are extracted from the previously described Lysva survey, and 202

from other surveys in Perm Krai. The distinction between the parts is important
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Figure 3-8: Distribution of tree species in the individual trees dataset. It contains
394 point clouds of individual trees: 201 coniferous and 193 deciduous. Note the
presence of pine trees, as there are no pine trees in the Lysva field inventory — all of
the pines come from other field surveys.

because the Lysva dataset has RGB orthophoto coverage, making it possible to
infuse the tree clouds with orthophoto-based features. Thus, for training the tree
segmentation networks that rely on these features, the effective size of the dataset
is 192 tree clouds, as only the former part is used. However, the whole dataset is
used for training regression and classification models that process segmented trees.

Figure 3-8 shows the distribution of species in the individual tree point clouds
dataset. The split between coniferous and deciduous trees is almost even: there are
202 coniferous and 193 deciduous trees. There are seven species in total: spruce,
birch, aspen, pine, fir, alder, and tilia, with most focus on 4 most important species
listed first. Note the presence of pine trees, which are not present in the Lysva
field inventory data, and the absence of willow trees. All the pine trees are from
other field surveys. Willows are skipped intentionally, since they are of little interest
in terms of timber harvesting: they are considered low quality, and their ripening
cycle is mismatched with main timber species — when the overall plot is ready to be
harvested, the willows are already rotten.

Figure 3-9 is a visualization of the data. It shows a random tree of every species
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(a) Cross-sections of random trees of every species (ignoring the

Y dimension). (b) A spruce in 3D.

Figure 3-9: Visualizations of the individual tree point clouds in the dataset. Most
of the tree clouds are top-heavy because of the observation from above, and some
are artificially tilted because of slight terrain slopes and height normalization. The
ground points are present.

as a 2D scatter plot and a single spruce as a 3D scatter plot with points colored by
height. Because the observations are made from above, many trees have the highest
concentrations of points at the top of their canopy and a very limited number of
points along the trunk. Additionally, slight slopes of the terrain manifest as artificial
tilt in some of the trees because of the height normalization of the original point
cloud.

An important note is that the extracted trees were not chosen for extraction ran-
domly but were selected by humans based on whether it was possible and relatively
easy to separate from the surrounding trees. So there is a selection bias in there
favoring the trees that are easily separable, standing outside of large dense clusters.
Because of that the trees do not exactly represent what a tree closely surrounded
by other trees is like in a point cloud. It is especially apparent in very pronounced
trunks of all the visualized trees. In a dense forest, such as the one visualized in
Figure 3-6, there is hardly ever enough penetration for such detailed trunk cover-
age. In fact, as mentioned in the literature review, good coverage of trunks is an
immensely useful feature of terrestrial LIDAR surveys, which consistently show very

good results using algorithm that segment trees from the trunk up.
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3.3 Synthetic forests generated from individual trees

To train tree segmentation models, training data where every point is assigned to
an individual tree is required. Data like that are very labor-intensive to label. An
alternative way to create such data is by generating it from a set of tree clouds, as
the per point labels arise naturally in this case. I used the dataset of individual tree
point clouds described in the previous section to generate a synthetic forest to train
a tree segmentation PointNet+-+.

Synthetic forest is generated in patches of set height and width by sampling
individual trees from the full set and placing them from left to right, until the set
width is extended, then from bottom to top, until the set height is extended. A
height threshold is applied to each tree before placing it to remove ground points
and non-tree reflections. This results in patches that are slightly bigger than the
set size, but that can be cropped into the exact size. This has an added benefit
of mimicking cutoff trees at the edges of the patch that are inevitable when the
model is applied in a sliding window. The trees can be sampled with or without
replacement, but since a set of augmentations described in Section 3.4.2 is applied
to each tree individually, exact same tree never occurs in the patch fed to the model
even when sampling with replacement. When trees are placed, their planar bounding
boxes are tracked to avoid overlap. However, since some overlap might, in fact, be
desired to better represent actual forests, a parameter that controls the amount of
overlap is added to the dataset generation process. Each tree is also assigned a
label, which simply tracks its ordinal number in the patch. An example of a 20 by
20 meter synthetic forest patch with 0.75 meter overlap and 2 meter height threshold
is shown in Figure 3-10 from two different perspectives and using two color schemes:
the label, i.e. the ordinal ID of the tree within a patch, and RGB color sampled
from the orthophoto.

For comparison, a patch of the same size from a real point cloud over one of the
plots of the Lysva survey is shown in Figure 3-11.

An alternative approach to creating patches of synthetic forest can be to use

a fixed number of trees instead of fixed patch size. However, it poorly correlates
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Figure 3-10: A visualization of a synthetic forest patch used for training the tree
segmentation network. Patch width and height are set to 20 meters, overlap is set
to 0.75. Top: Top-down view of the patch. Bottom: 3D view of the same patch.
Left: Points colored by label: unique tree ID within the patch. Right: Points
colored by RGB color sampled from the orthophoto.
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Figure 3-11: A piece of the Lysva LiDAR point cloud over plot 10 in within a 20
by 20 meter window. Top: Top-down view. Bottom: The same patch in 3D view.
Left: Points colored by height. Right: Points colored by RGB color sampled from
the orthophoto.
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with how the final model will be applied: in windows of fixed size, not windows
with varying size but fixed number of trees. And size of the patch the model sees is
important because the scale is normalized, and using a different patch sizes changes
the scaled coordinates and confuses the model that learned to rely on them.

Enriching point clouds using only color information from RGB orthophotos pro-
vides limited utility because it adds only local information to the points. As was
mentioned in the introduction, one of the aspects of the complementary nature of
the two data sources is that images provide continuous representations and cap-
ture textures. To enrich the image features with context, they can be preprocessed
with feature extractors that encode context into pixel values and thus provide more
information for the segmentation network. The feature extractors can be simple
algorithms or specialized convolutional network feature extractors. For the same
reason a simple PointNet++ is used as the architecture for the tree segmentation
network, a simple collection of multi-scale features are used as orthophoto features,
including intensity, edge, and texture features, extracted from the orthophotos using
the scikit-image Python package. The features are calculated on different scales
by applying Gaussian smoothing with varying parameters before calculation. Fig-
ure 3-12 shows example features from every mentioned group on a very fine scale.
The top left image is the original orthophoto of plot 10 from the Lysva survey, the
top right image is the intensity calculated from it, and bottom images are examples
of an edge feature and a texture feature. The same features but on a coarser scale
are shown in Figure 3-13.

It is worth mentioning that using synthetic data for training comes with poten-
tial biases that are important to keep in mind. The biases present in the source
dataset can easily become exaggerated. In this case, the selection bias mentioned in
Section 3.2 is the main potential culprit. The limited size of the source dataset also
limits the variability of the examples, which can easily lead to complex overfitting.
In this case, the range of shapes of the trees within each species is small, making
it hard to generalize well. Moreover, different species will most likely have different
accuracies associated with them. Models trained entirely on synthetic datasets are

also a lot harder to properly evaluate. These drawbacks are partially addressed by
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Figure 3-12: Basic orthophoto-based features used (on a single scale with sigma=1,
actual features are across multiple increasing scales). Top left: The original or-
thophoto for plot 10. Top right: Intensity feature. Bottom left: Edges feature.
Bottom right: Texture feature.
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Figure 3-13: Basic orthophoto-based features used (on a single scale with sigma=16,
actual features are across multiple increasing scales). Top left: The original or-
thophoto for plot 10. Top right: Intensity feature. Bottom left: Edges feature.
Bottom right: Texture feature.
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carefully choosing the augmentations for the training procedure, but they cannot be

completely circumvented.

3.4 Training tree segmentation neural networks

The architecture chosen to serve as the tree segmentation network is the Point-
Net-++ [Qi et al., 2017b], described in detail in Section 2.2. It is a relatively simple
architecture, and further potential quality improvements might be achieved by using
more modern and advanced architectures instead. However, the main goal of this
thesis was to develop and verify an overall framework, and thus the choice was set on
a model that is simple to implement and work with to allow easy experimentation
with other parts of the proposed system.

The architecture of the used PointNet++ is similar to the segmentation archi-
tecture shown in Figure 2-3. The main differences from the shown architecture are
the use of one more stacked set abstraction layer to make the network deeper, and
the use of a regression head that predicts a continuous value for each point instead
of a classification head that predicts per-point class scores, since the model needs
to assign a unique ID to every tree in the patch. The three stacked set abstraction
layers have the proportions of points sampled set to 0.75, 0.5, and 0.5, and neigh-
borhood radii for feature aggregation set to 0.1, 0.2, and 0.4. Note that the scale
of the input is normalized (see next subsection for details), so the radii are not in

meters. The model has 30 million trainable parameters.

3.4.1 Coordinate and feature normalization

It’s a well established practice to scale the inputs to neural networks that is known
to improve the speed and accuracy of gradient descent convergence [Bishop, 2006].
Before going through the network, a set of augmentations and transformations is
applied to each synthetic forest patch. The augmentations are described in detail
with visualized examples in Section 3.4.2. The transformations include scale and
feature normalization — the coordinates are centered and normalized to the interval

(—1,1) and the features are normalized to the interval (—1,1) without centering.
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3.4.2 Data augmentation

The primary objective of data augmentation is to enhance the quantity, quality, and
variety of data used for training [Mumuni and Mumuni, 2022]. This is especially
important when the sizes of the available datasets are limited, like in the case of
the individual trees data that is the base of the synthetic forest datasets. Carefully
selected augmentations allow increasing the effective dataset size. However, it is
important to pay attention that the chosen augmentations keep the transformed
examples semantically equivalent to the original. A readily understandable example
of a bad augmentation in the task of digit classification, which is often used as the
"hello world" of deep learning with the MNIST dataset of handwritten digits [Deng,
2012], is a vertical flip, as most digits lose meaning when upside down. A flip is also
a bad augmentation example for a synthetic forest patch described in Section 3.3,
as it changes the order of the trees within a patch, thus breaking the labels that are
assumed to increase in a specific pattern.

In the scenario when the data for is created by combining several smaller inputs,
there is a possibility of applying augmentations on two different scales. The most
simple approach is to treat a synthetic forest patch as a whole and apply augmen-
tations directly to it. However, it is also possible to apply per-tree augmentations,
effectively increasing the size of the underlying tree set from which synthetic forest
patches constructed. Only the latter kind are used for training the tree segmentation
network.

The first transformation that changes the shape but does not affect any semantics
for an individual tree is a random rotation around the vertical axis. A tree remains
completely the same when rotated, but the coordinates of all points change. Fig-
ure 3-14 shows the effect of applying random rotation transformation of different
magnitudes to a single aspen tree. For visualization purposes, the rotation is forced
to apply with full magnitude for every parameter. During training, the angle is uni-
formly sampled from the specified range. For the final tree segmentation model, the
range is set to [—180, 180] degrees, as no amount of rotation breaks the semantics.

Another transformation that keeps the tree the same but changes the coordinates

of the points is random scaling. It simply multiplies the coordinates by a scaling
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Figure 3-14: Visualization of the random rotation around Z axis augmentation on a
single aspen tree. The effect is forced to happen with full amplitude for visualization
purposes, during training a rotation angle is uniformly sampled from a set range.
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Figure 3-15: Visualization of the random scale augmentation on a single aspen tree.
The effect is forced to happen with full amplitude for visualization purposes, during
training a scale factor is uniformly sampled from a set range.

factor, making the tree larger or smaller in all directions. Unlike random rotation
around the vertical axis, however, the range needs to be chosen much more carefully,
as there is a possibility of making unrealistically large or small trees that would
confuse the model during training. Figure 3-15 shows the effect of applying random
scale transformation to a single aspen tree. Again, for purposes of visualization, the
scale is forced to apply with full magnitude. During training, the scale is uniformly
sampled from the specified range. For the final tree segmentation model, the range
is set to [0.8,1.2].

Another way to change the positions is to slightly translate each point for a ran-
dom distance in a random direction. That transformation is commonly referred to
as random jitter. Since LiDAR sensors have limited spatial accuracy, introducing
random translations within the accuracy range should not have any effect on the

result of tree segmentation. Going further, small translations even outside the accu-
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Figure 3-16: Visualization of the random jitter augmentation on a single aspen tree.
The translation magnitude is uniformly sampled from a set range for every point.

racy range make sense, since they have very limited effect on the overall shape of the
tree. Figure 3-16 shows this effect on a single aspen tree. The amount of translation
is uniformly sampled independently for each point from a set range. Note that the
random jitter augmentation is applied before the scale normalization. It matters
because the augmentation’s only parameter is the translation range, which depends
on the scale. The parameters on the figure are thus in the original coordinate units —
meters. Note how the shape of the tree almost does not change when the maximum
range is set to 20 centimeters, and starts to become fuzzy and loose shape at 1 meter
and higher. For the final tree segmentation model, the maximum translation is set
to 30 centimeters.

Another useful effect augmentations can provide is to make synthetic data look
more like real data. As was mentioned in Section 3.2, there is a selection bias in
the dataset of individual trees: the trees that are easiest to manually separate are
exponentially more likely to end up in the data. As such, the tree clouds in the
individual tree dataset are significantly different from trees of the same species with
similar sizes and shapes, but standing in dense clusters. One of the most important
differences is that almost all the tree clouds have trunks, while in actual forest, dense
canopy cover blocks most pulses and the trunk representation is very poor. One way
to mitigate that issue is to apply a height-dependent dropout function to each tree
cloud. For that purpose a probability threshold function that is around zero for the
highest points of the tree and quickly ramps up to almost one for the lowest points

is needed. An example function that satisfies these criteria is a modified sigmoid:
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Figure 3-17: Effect of the height-dependent modified sigmoid dropout on a single
aspen tree. Scale is set to 8, shift is set to 3. a) A single aspen tree with points
colored by height. b) Height-dependent probability of dropout (a modified sigmoid).
c¢) The same aspen with points colored by probability of dropout. d) The same aspen
with points that will be dropped marked red. e) The same aspen after the dropout
is appleid with point colored by height.

threshold(z) = [1+ 6Z><SCale+shift} -

where z is the height normalized to [0, 1] and reversed by subtraction from 1,
scale and shift are hyperparameters that control the shape of the curve. Changing
scale controls how steep is the climb from 0 to 1: the larger, the steeper. Changing
shift controls the position of the climb: the larger, the lower. Figure 3-17 shows an
example of applying such dropout function to a single aspen tree, and Figure 3-18
show the same tree with more aggressive parameters, resulting in much more points

being dropped from the tree cloud.
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Figure 3-18: Same as Figure 3-17, but with a more aggressive dropout threshold
function. Scale is set to 18, shift is set to 2.5.
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All the augmentation are applied on the fly right before the examples are loaded
into GPU memory and passed through the network.

3.4.3 Other training parameters

Mean absolute error is used as a loss function. Some experiments have shown im-
provements when using a custom loss function that modifies the mean absolute error
loss by weighting it reversely proportional to the distance of the tree centroid. The
idea of the modification is to make the network focus more on points closer to the
center of each tree, as these points are much less likely to be overlapping with the
crowns of adjacent trees.

The batch size is limited by the available GPU device memory, and in the de-
scribed setup competes for memory space with the synthetic forest patch dimensions
used in the training dataset. The preference is given to the size of the patch, so the
batch size is set to 1, but is compensated for by using gradient accumulation steps
— updates to the model parameters are made after the gradient is accumulated for a
set number of iterations. This slows down the training, but enables usage of larger
batches when there is not enough memory to fit them, making the training procedure
overall more stable.

Early stopping [Prechelt, 1998] is set up to terminate training early if there is no
improvement in average validation loss in a set number of epochs. This makes sure
that valuable GPU time is not wasted on continuing training models that are likely
to have started overfitting.

Model checkpointing is set up as well. After each training epoch, when the
average validation loss and accuracy are calculated, the model state is saved to disk
if it’s current accuracy is better than the last saved one, where accuracy is the
proportion of points for which the rounded integer label is correct. This makes sure
that the best performing model can always be recovered, even if the training process
was run for too long and the latest model is not the best one.

The learning rate schedule is set to follow a fast linear warm up and slow linear
decay. Learning rate is set to ramp up from 0.001 to 0.01 in a span of 2 epochs, and

then decay back to 0.001 in a span of 30 epochs. Adam optimizer is used [Kingma
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and Ba, 2014].

Training was performed on an NVIDIA A100 GPU with 80 Gb of memory.
Inference, depending on the point density of the input, might work even on a much
smaller GPU like Tesla T4 with 16 Gb of memory. GPUs of this size are available

with limits on usage for free on services like Google Colab and Kaggle.

3.4.4 On implementation of PointNet-+-+

As mentioned in the introduction, the deep learning code, including the code for
PointNet++, is implemented using the PyTorch Geometric library designed for
writing and training graph neural networks. This makes the implementation not
exactly the same as described in the PointNet papers. The main ideas, namely
local feature learning in a k-nearest neighbors neighborhood and max pooling for
permutation-invariant aggregation, are there. Input transform and feature trans-
form networks are not defined explicitly, but networks that process features learn to

perform a similar function.

3.5 Training segmented trees processing models

To predict per-tree forest attributes from a segmented point cloud, a set of special-
ized regression and classification models is trained on the tree clouds. These spe-
cialized models are classic machine learning models that operate on most common
metrics described in the literature overview chapter. As mentioned in the literature
overview, common features used for machine learning on point clouds are based on
the eigenvalues of the covariance matrix of the point coordinates, calculated either
for an entire cloud, or per-point in a neighborhood around it. These features in-
clude linearity, planarity, scatter, that aim to indicate the presence of linear, planar,
or volumetric structures, and also omnivariance, anisotropy, eigentropy, the sum of
eigenvalues, and curvature. The features are defined as follows, with eigenvalues

sorted in descending order such that Ay > Ay > As:
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Another common set of features, especially popular in forestry applications, are
various statistics that describe the height distribution of points within the neighbor-
hood or the cloud. They include maximum and average height, standard deviation,
kurtosis, skew, and entropy of the height distribution, percentage of points above
the mean and each of the deciles of height and the deciles of height themselves. The
features are calculated for the entire tree cloud, effectively reducing each tree to a
collection of metrics, resulting in a tabular dataset. In this form, the dataset is used
to train the models.

In Dubrovin and Fortin [2024], we propose a way to help build intuition into
the meaning of some of the less obvious features by visualizing individual trees on
a different end of the range of the feature’s values. Figure 3-19 shows is an example
of such visualization, showing the effect of the shape of spruce on omnivariance and
the effect of the shape of aspen on percent of points above mean height. Note the
presence of ground points, which are filtered out before calculating features for the
models.

The feature set is thinned by using sequential feature selection: a greedy ap-
proach that selects the best feature according to 5-fold cross-validation accuracy on

every iteration until a set number of features is selected. The models are trained on

20 best features selected this way.
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Figure 3-19: Visualizations of how values of commonly used features calculated for
the whole tree cloud map to the shapes of individual trees. Top: Effect of the shape
of spruce on omnivariance. Bottom: Effect of on the shape of aspen on percent of
points higher than mean height. Figure reused from Dubrovin and Fortin (2024).
Note the presence of ground points, which are filtered out before calculating features
for the models.
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To make the trees more closely resemble the trees standing in dense clusters,
the same height-dependent dropout function that is used for augmenting synthetic
forests is used. This dropout, together with a small amount of random jitter, is also
used to create additional samples for training the models, as the original dataset
size is very small. Great care is taken to only create additional samples within the
training set, to avoid any data leakage. Every training set sample is repeated 3 times
with random jitter with maximum amplitude of 20 cm and a dropout applied.

Two models are used as proof of concept for the proposed framework: a classifier
that predicts the tree species, and a regressor that estimates a tree’s diameter at
breast height. Random Forest models are used in both cases. The number of trees is
set to 200. For the classification model, class weights are assigned to every example
that are inversely proportional to the class frequency in the data during model

fitting.

3.6 Matching detected trees to ground truth

To evaluate the results of any tree detection system against field inventory data, an
automated and deterministic method for matching detected tree candidates to the
ground truth trees is needed. It should determine which ground truth trees, if any,
the detected candidates correspond to. It should also classify both the trees and
the candidates as either a true positive, meaning that the ground truth tree was
successfully detected, a false negative, meaning that a ground truth tree was not
detected, or a false positive, meaning a tree was detected when there is none.

I use the same matching procedure that is described and implemented in Dubrovin
et al. [2024]. It considers the locations and heights of the trees, and falls back to
using only locations when the height is not available for the ground truth tree. It
is parametrized by the maximum allowed 2D distance and the maximum height
difference between a detected and a ground truth tree to consider them a match.
First, it constructs a distance matrix between the ground truth tree locations and
the detected candidates and filters out the pairs for which the distance is larger

than the allowed maximum. It then iterates over the remaining pairs in the order of
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increasing distance, and marks the pairs with suitable heights in which both trees
are not yet assigned a class as a true positive. The pairs in which one of the trees
is already assigned a class are marked as either a false positive or a false negative,
and the pairs in which both trees are assigned a class are skipped. Finally, it marks
all unmatched ground truth trees as false negatives, and all unmatched candidate
trees as false positives.

Based on the results of the matching algorithm, a set of metrics that are often
used to evaluate the results of tree detection can be calculated. The same metrics
are usually used for evaluation in classification problems and thus are well-known.
The first commonly used metric is recall, which is the proportion of the ground truth
trees that were detected. The second metric is precision, which is the proportion of
candidates that are correct. Both are important, and describe a detection system
from different perspectives. To combine them into a single metric, Fj-score is often
used, which is the harmonic mean of precision and recall that provide a balanced

measure of the system performance. The formulas for the metrics are as follows:

recall — Ntrue positives Ntrue positives
N trees N, true positives + N false negatives
pI'GCiSiOH - true positives Ntrue positives
N, candidates N, true positives + N false positive

precision X recall
Fi-score = 2 x

precision + recall

Another commonly used metric to evaluate the results of tree detection ap-
proaches is the average distance between a detected and a ground truth tree. This
metric, however, has limitations that are important to keep in mind when analyzing
the results. The first important limitation is that its value is limited in how low it
can get by the difference in nature of the compared detections and ground truth field
inventory. During the inventory, the trees’ coordinates are recorded at their trunks,
approximately at breast height, which is almost at the ground level compared to the
height of the trees. The detections, on the other hand, happen with the perspective

from above, and correspond to tree tops. Planar distance between the bottom of
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the trunk and the top of the canopy can be significant, especially if trees are even
slightly tilted, or for broadleaf species with wide and irregular canopies, or both. So
the average distance between predicted trees and their ground truth counterparts
will rarely be zero, even for a perfect detection system. The other limitation is that
that distance is also limited from above by the parameters used for the matching
algorithm. As mentioned, one of the parameters is the maximum distance allowed
between a candidate and an actual tree to consider them a match. Thus, the average
distance metric is limited from both directions, but in ways that are not immediately
obvious. I do calculate and report it in the results section, but the reader is advised

to keep the limitations in mind.

3.7 Application of the framework

The framework is applied in two steps. First, the tree segmentation network is
applied in a sliding window of the same size that was used for patch generation
during its training, with overlap to be able to combine the results into a single
prediction. The continuous predictiond of the regression model are rounded to get
the integer labels for every point. The results are merged to create a single point
cloud, and a postprocessing routine aimed to transform per-window tree IDs to
global tree IDs is run. It traces the overlapping points to find the labels that need
to be updated in the later window, and adds a large number to predictions with
remaining labels in the later window. Second, the segments identified by predicted
integer labels are extracted, selected feature sets are calculated for each one, and
each one is passed through the collection of attribute prediction models to get per-

tree predictions.
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Chapter 4

Results

This chapter describes the results of each stage of the framework preparation and
the validation approach used to verify its applicability and effectiveness on realistic

data.

4.1 Tree segmentation network training results

The results of training a tree segmentation PointNet-++ are challenging to evaluate
on their own because there are no inherently good metrics that would put the per-
formance into easily understandable numbers. As was mentioned in Section 3.4.3,
during training model checkpointing is set up to track average validation accuracy
— the proportion of points for which the final predicted label is correct. However,
the predictions are quite noisy, resulting in low accuracies even for results that are
not bad. Figure 4-1 shows the prediction on a sample from the validation dataset
used to monitor the training process, and Figure 4-2 shows the same prediction in
3D. The accuracy of the model on the figures is 33.6%, and it is around the best
accuracy of all the experiments I ran, excluding ones with simpler data.

Overall, the final model was selected less based on raw numbers such as maximum
average validation accuracy or minimum average validation loss, but by expecting
the visualizations of the predictions on a subset of samples from the validation

dataset.
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4.1.

Tree segmentation network training results

1.0 - 1.0 - 1.0 -
K% S g3
081" A 0.8 1" a3 084" L
T 39 IR - LR
0.6 1 : e 0.6 1 : :-,g:s ; 0.6 : :;,;‘lj .
0.4 ~ad.. o 0.4 - G fi 0.4 4 .. #i«
PR . A e 2w
029 .4 s athy 02 .. L et 02 .. s oty
w ¥y w ¥ w ¥
0.0 T 0.0 - T 0.0 N
T T T T T T T T
0.0 0.5 0.0 0.5 1.0 0.0 0.5 1.0

Figure 4-1: A top-down view of an example prediction of the tree segmentation
PointNet++ on a sample from the validation dataset. Left: Points colored by
label — tree ID within the patch. Middle: Points colored by the raw prediction of
the network (the regression head outputs a continuous prediction for every point).
Right: Points colored by the rounded prediction — converted from the continuous

to the final integer tree ID.
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Figure 4-2: A 3D view of an example prediction of the tree segmentation Point-
Net++ on a sample from the validation dataset. Left: Points colored by label —
tree ID within the patch. Middle: Points colored by the raw prediction of the net-
work (the regression head outputs a continuous prediction for every point). Right:
Points colored by the rounded prediction — converted from the continuous to the

final integer tree ID.
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4.1.1 Effect of dropout augmentation

An essential part of the framework is training of the tree segmentation network
on synthetic forest patches, which requires heavy use of augmentations to make
the data look more realistic and make the model applicable to real-world data.
The most important augmentation that addresses the selection bias present in the
dataset of individual tree point clouds is the height-dependent dropout described in
Section 3.4.2. It would undoubtedly be beneficial to conduct a comprehensive explo-
ration of the effect this augmentation itself and its parameters have on the results
of the tree segmentation task specifically and the framework overall. Unfortunately,
this thesis does not go into that much detail on that topic because of the time con-
straints. Still, despite not being properly recorded for the purpose of comprehensive
qualitative evaluation, there were many experiments ran with various parameters,
and their results are summarized qualitatively below.

Not using the dropout augmentation at all makes the task of segmenting the
patches significantly easier — almost all the trees are complete, with a clearly sepa-
rable trunks. Average validation accuracies in the setup without the augmentation
are significantly higher, and validation loss is significantly lower. However, this does
not translate to improved results when applying the network to real data, since the
training data looks very different when the augmentation is not applied. In such a
setup, during inference the network essentially operates completely outside the dis-
tribution of its training dataset, making the task impossible and resulting in almost
random assignment of IDs to the points.

The sigmoid used to calculate the probability threshold for the dropout is parametrized
by scale, which controls how steep the increase in the probability is with height, and
shift, which controls the position of the incline. Examples of threshold curves for
different values of the parameters are shown in Figure 3-17 and Figure 3-18. Milder
variations, which are characterized by lower positions of the incline and more grad-
ual slopes, as in Figure 3-17, have similar effects to not using the augmentations
at all. When not enough points are removed, the task remains simple, leading to
higher training metrics and worse performance on real data. As the dropout be-

comes more aggressive, with the position of the incline higher and slopes steeper,
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as in Figure 3-18, the training data becomes more similar to the real data. It leads
to the decrease in the average validation training accuracy and increase in values of
the loss function during training, but the performance translates much better to the
real data. At some point, the dropout becomes too aggressive, almost completely
destroying the individual trees and making their shapes almost unrecognizable. The
training metrics continue to decline, as the task becomes even more complicated,
but so does the performance on real data, since the augmentation no longer makes
the training data look similar to the real data.

The optimal parameters for the augmentation were selected by manual search.
Automating their selection is not immediately available, since there are no direct
metrics that tie the performance of the network during training to its performance

on the validation data.

4.2 Attribute prediction model training results

To evaluate the performance of the attribute prediction models, 10-fold stratified
cross validation was used, as well as a separate 40% hold-out set. For the tree species
classification model, the stratification was performed using the labels directly. For
the diameter at breast height regression model, the stratification was performed on

the label split into 5 equal-width buckets across the range.

Tree species classification

The tree species classification model was evaluated using accuracy and macro Fj-
score (an average of Fj-scores across all the classes). Figure 4-3 shows out-of-fold
metrics across all ten folds of cross-validation. The average accuracy is 0.71, with
a standard deviation of 0.06. The average macro Fi-score is 0.70, with a standard
deviation of 0.07. The model is overall relatively consistent across all ten folds,
showing that the cross-validation metrics estimates are reliable.

The holdout set was used to take a more in-depth look at the classification results.
Figure 4-4 shows the confusion matrix for the holdout set, with values normalized

by row. The set is relatively small — 158 examples, but enough to see some patterns
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Figure 4-3: 10-fold cross-validation results of the species classification Random For-
est model. The average accuracy is 0.71 with a standard deviation of 0.06. The
average macro F-score is 0.70 with a standard deviation of 0.07. The model is over-
all stable across all of the folds.
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Figure 4-4: Confusion matrix for the tree species classification Random Forest.
Calculated on the 40% holdout set of 158 examples. Values normalized by row
(represent producer accuracy). The model confuses deciduous species a lot more
than coniferous ones.

emerge in the predictions. The best overall species is spruce, having the larges
accuracy. All coniferous species have higher accuracies than all deciduous species.
The model often confuses deciduous species, classifying alder as birch or tilia, aspen
as birch, tilia as alder or birch. This behavior is to be expected, as the shapes of
deciduous species are very similar to each other and are complex in general. The

overall accuracy in the holdout set is 61%.

Diameter at breast height regression

Diameter at breast height regression model was evaluated using root mean squared
error (RMSE), mean absolute error (MAE), and coefficient of determination RZ.

Formulas for the metrics are provided below, with y; representing the true dbh
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value, 9; — the corresponding prediction, and 7y — the average dbh. The dataset
here is smaller than the one for tree species classification because diameter at breast
height is only available for trees from the Lysva field inventory, while species are
available for all trees in the individual tree point cloud dataset, some of which are

from other surveys in the region.
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Figure 4-5 shows out-of-fold metrics across all ten folds of cross-validation. Both

R*=1-

the mean squared error and the mean absolute error are stable across the folds, with
average RMSE 4.55 centimeters with a standard deviation of 0.19 and average MAE
3.49 centimeters with a standard deviation of 0.38. Coefficient of determination R?
is less stable. Even though most folds have it around 0.6 to 0.8, there are two folds
where it drops to below 0.2 and even close to 0, meaning that the model there is no
better than predicting the mean dbh for every input. This drops the average R? to
0.53 with a standard deviation of 0.24.

Similar to the classification model, the holdout set was used to take a more in-
depth look at the regression results. Here the holdout set is even smaller than for
regression — 68 samples. Figure 4-6 offers a collection of diagnostic visualizations
aimed to help better understand the regression performance. On the top left is the
residual plot, where the differences between the actual dbh and the predicted dbh
are plotted against the actual dbh values. Ideally, the points should be around a
horizontal line at zero, shown in black, without any patterns. This would mean
that the size of the error does not depend on the value of dbh. The resulting dbh
regression model shows a trend, which means it tends to overestimate low dbh values
and underestimate high dbh values. A related plot is on the top right, showing the

distribution of the residuals across the holdout set. It should be centered around
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Figure 4-5: 10-fold cross-validation results of the dbh regression Random Forest
model. The average RMSE is 4.55 centimeters with a standard deviation of 0.19.
The average MAE is 3.49 centimeters with a standard deviation of 0.38. The average
coefficient of determination R? is 0.53 with a standard deviation of 0.24. The model
is relatively stable in terms of the errors, but the coefficient of determination is all
over the place.
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zero and as narrow as possible. On the bottom left is a scatter plot of predicted
dbh against the actual dbh. Ideally, this should be a 45-degree line, shown in black.
Because of the underestimation on the high end and overestimation in the low end,
the points seem to lie on a line with a smaller slope. Although most points are in
the middle, where the line is followed a lot more closely. And, finally, a related plot
on the bottom right, comparing distributions of the actual dbh and predicted dbh
in the holdout set. The same lack of extreme can be observed. The final holdout
set RMSE is 5.76 cm, MAE is 4.11, R? is 0.52.

Figure 4-7 show the distributions of the field measured dbh in the full Lysva
dataset for reference. On the top it show a boxplot with every individual observation
plotted as a point, with random jitter along the Y axis to reduce overlap. On the
bottom, a histogram and an empirical cumulative density function are shown, along

with the mean, median, and standard deviation.

4.3 Validation on the Lysva field inventory data

To validate the framework, the results were evaluated on the Lysva field inventory
dataset, described in Section 3.1. The mean X and Y coordinates of each segmented
tree were calculated to convert the cloud into a set of points, where each point
represents a candidate detected tree. The maximum height of the points in the
cluster was used as the height of the detected tree. Then the algorithm described in
Section 3.6 was applied to match the detected trees their corresponding the ground
truth trees, if any. The matching algorithm was run with maximum distance between
a detected tree candidate and a ground truth tree of 5 meters and maximum height
difference of 3 meters (ignored for ground truth trees that do not have measured
height). Then, precision, recall, and Fj-score were calculated for the detection
results, and for the true positive matches the average distance between the detected
tree and the actual tree, species classification accuracy and macro Fj-score, and
diameter at breast height errors are calculated.

Table 4.1 shows the tree detection metrics. When interpreting the metrics, the

reader is advised to keep in mind the limitations of the distance metric mentioned
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Figure 4-6: Quality assessment plots for the diameter at breast height regression
Random Forest. Calculated on a 40% holdout set of 68 examples. Top Left:
Residual scatter plot: difference between the prediction and the true value vs. the
true value. Ideally the spread should be equal across the valu range. Bottom Left:
Predicted vs. actual scatter plot. Ideally should be as close to a line as possible. Top
right: Distribution of the residuals. Bottom right: Distribution of the predicted
and actual values of dbh.
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Figure 4-7: Distributions of the field measured dbh in the Lysva dataset. Top:
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reduce overlap). Bottom: Histogram and the empirical cumulative density function
of field measured dbh in the Lysva dataset.
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Table 4.1: Results of the tree detection across all plots in the Lysva field survey.

Trees Dominant type Point density Recall Precision  F; Distance
Plot

1 420 Deciduous 31.7 0.83 0.63 0.72 0.77
2 365 Deciduous 47.9 0.61 0.72 0.66 0.81
3 332 Deciduous 40.3 0.63 0.49 0.56 0.85
4 261 Coniferous 33.5 0.85 0.50 0.63 1.06
5 208 Coniferous 14.2 0.68 0.55 0.61 0.97
6 290 Coniferous 39.1 0.80 0.52 0.63 0.83
7 408 Deciduous 41.9 0.65 0.62 0.63 0.85
8 341 Coniferous 35.5 0.87 0.57 0.69 0.93
9 459  Coniferous 42.1 0.56 0.65 0.60 0.92
10 518 Deciduous 42.9 0.42 0.92 0.58 0.99

Average: 0.69 0.62 0.63 0.90

in Section 3.6, and instead focus on the Fj-score as the most informative metric.
The overall average Fi-score for tree detection by the described system is 0.63.
This approach thus outperforms the basic individual local maximum filter in tree
detection in the Lysva region as reported in Dubrovin et al. [2024] by 0.13.

Figure 4-8 shows the confusion matrix for species prediction calculated for true
positive matches. Note that willow trees are not included, as the model has not seen
any in the training data, and all pine predictions are counted as spruce instead. The
pattern of the confusion matrix is similar to the evaluation on the holdout set. The
overall accuracy is 66.1%. The overall macro Fj-score is 55.4%.

Figure 4-9 show the quality assessment plots for the results of diameter at breast
height regression. It’s obvious from the plots that the individual tree dataset is not
representative of the entire Lysva dataset in terms of dbh, as the range of dbh in
there is not wide enough. The distributions show that the individual trees dataset
has higher mean dbh values than the overall distribution, which makes the model
eager to overestimate a lot. This effect is no doubt connected to the sampling bias
mentioned in the description of the individual trees dataset: trees were selected by
humans based on how easy they are to extract from a large point cloud. As the
result, the predictions outside the range seen by the Random Forest are constant.

Within the covered range, however, the behavior is similar to what was observed on
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Figure 4-9: Regression quality assessment plots plots for the diameter at breast
height regression on true positive detected trees in the Lysva field inventory plots.

the holdout set: a trend in the residual plot indicating over- and underestimation

of low and high values, and errors close to zero near the middle of the range. The

overall root mean squared error is 5.37 centimeters. The overall mean absolute error

is 4.21 centimeters. The overall coefficient of determination R? is 0.65.
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Chapter 5

Conclusion

This thesis is dedicated to designing, implementing, and testing of a framework
for estimating forest parameters at the scale of individual trees. The proposed
framework relies on fusion of UAV LiDAR point clouds and RGB orthophotos data,
deep neural networks designed for processing 3D points clouds to segment the data
into individual trees, and a collection of parameter-specific classic machine learning
models to process the segmented trees and predict forest parameters of interest. An
end-to-end implementation is described in detail, with parts of the system evaluated
separately, and the overall system validated on a detailed manual field inventory
dataset.

The main contributions of the thesis can be summarized as follows:

e Publication of two original open access datasets that will undoubtedly be useful
to the research community with a rapidly growing interest in detailed digital
forest inventories [Dubrovin and Fortin, 2024, Dubrovin et al., 2024]. I believe
the release of data into open access is an important contribution, especially in
the current era of commercial machine learning! When having good data is an
advantage, fewer people are willing to make their data public, which makes it

harder for researchers to explore, develop, and compare novel approaches.

e A novel approach to training individual tree segmentation neural networks on

T am purposefully avoiding the term "artificial intelligence" as it seems to have been abused
so much as to become practically meaningless, and thus not useful in technical context.
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forest patches synthetically generated from individual trees with heavy use of

augmentations to make the data more closely represent real data.

e Design, implementation, and experimental verification of the framework men-
tioned in the first paragraph. The framework is still in the early prototype
stage, since the components are far behind the current state of the art. The
focus was on creating a proof of concept, thus prioritizing ease of integration

over potential performance to show that the end-to-end system has potential.

Coming back to the research question and the hypothesis stated in Section 1.2,
I want to address the ways I believe the proposed framework answers it. As already
mentioned there, the baselines are the manual forest inventory and the widely used
area-based approach described in Section 2.3. The cost reduction mainly comes from
the choice of the platform for remote sensing observations. Using UAVs is cheaper
than purchasing high-resolution data from satellites or planes, and it offers a lot
more control over the acquisition parameters, although it requires trained opera-
tors. The effort reduction mainly comes from a dramatic decrease in the amount
of required field inventory data, which is very labor-intensive to collect. UAVs also
allow covering huge areas easily by a few people, unlike fully manual inventories or
those based on terrestrial LIDAR measurements, where a forester or an operator
needs to cover the entire area of interest by foot.

The reported experimental results achieved by the implemented system are by
no means state of the art, but they do serve as a proof of concept. The current state
of the system, described in the previous chapter, can be seen as a baseline, since it
prioritizes simple components to show that the overall system has potential. And
I believe the resulting framework has potential, with specific steps I would try if I

had unlimited time, listed in the next section.

5.1 Potential further improvements

I see numerous ways to potentially improve the results of the proposed system. Some

of the most important are as follows:
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e Use of more advanced tree segmentation network architectures. As mentioned,
the PointNet++- is a pioneering model in the field of deep learning on 3D point
clouds that was chosen because it is relatively easy to implement and work
with. It is still competitive in many tasks, but the field of deep learning is
evolving rapidly, and many more powerful architectures were suggested and
proven since its release. The framework will definitely benefit from a better,

more efficient tree segmentation network.

e Use of more advanced feature extraction for RGB orthophoto-based features.
For the same reason the PointNet++ was chosen as a baseline for tree seg-
mentation, a very basic approach was used to extract features from RGB
RGBorthophotos. Despite being better than just RGB colors, these features
still offer very limited representation power. Instead, convolutional neural net-
works specialized in creating good representations for downstream tasks can

be used.

e Use of open-access datasets for pretraining and additional validation. At its
current state, the tree segmentation network learns to perform a very hard task
from scratch on a dataset of a very limited size. I believe it can benefit from
first training on similar, but larger dataset, for example, the NeonTreeEvalu-
ation Benchmark [Weinstein et al.|. It is briefly described in the comparison
subsection of the Lysva field inventory section. The bounding boxes from the
orthophoto can be used to label the point cloud for tree segmentation. The la-
bels will be noisy, but pretraining on a large amount of noisy data often shows
good results. Including other data for validation will also make it significantly

more reliable.

e Use of more sophisticated techniques for creating synthetic forest patches.
Both the sampling of the trees and the placement onto the patch can be
improved. For example, sampling can take into consideration the species of
the trees, to make the patches more realistic: some fully coniferous, some fully
deciduous, some mixed in various proportions. Placing of the trees can use

packing algorithms, or try to mimic the spatial distribution of trees observed
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in the inventory, where the tree density is not constant.

e Use of more sophisticated augmentations to make the synthetic forest patches
look as close as possible to real forest patches. For example, the height-
depended dropout can be improved to take into account canopy density and
canopy overlap, since dense and overlapping canopies are more likely to block
the laser. A shorter tree almost completely covered from above by a larger tree
should have fewer points overall, not just at low heights relative to its highest
point. It will also be beneficial to generate patches slightly larger than the
desired target size and crop them to it randomly as an augmentation. This
will mimic the way the data will come to the model during inference, where

trees on the edges of the patch are highly likely to be cropped.

e Use of a more careful approach to training attribute prediction models. The
results of the second step can be further improved by adopting a more careful
approach to modeling, including a more careful approach to feature engineering

and model selection.

e Use of synthetic data for pretraining and fine-tuning on the real data. The
most common way to enhance training deep learning models with synthetic
data usually consist of pretraining on large amount of synthetic data and then
careful fine-tuning on the small amount of real data. The current iteration of
the dataset does not have labeling to enable direct fine-tuning, but it is possible
to create such labels to enable this in the future. Release of the dataset into
open access allows the community to enhance the it in many ways, and adding

such labels would be one of the most useful ones.
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